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Abstract: The limitations of point cloud registration networks in processing large-scale point clouds and
capturing local detail features, resulted in insufficient registration accuracy for overlapping areas of point clouds,
so a new point cloud registration network CR-RORNet was proposed. This network combined channel first

convolutional attention and ResPointNet module, and overcame the shortcomings of existing methods in dealing

with complex scenes and irregular point clouds, and improved the registration performance for point clouds
with significant initial pose differences. Firstly, in the coarse registration stage, the ResPointNet module was

designed to enhance the extraction and fusion of global and multi-level features of the point cloud model by
introducing residual connection mechanism. Secondly, in the dynamic graph convolutional neural network,
channel prior convolutional attention CPCA and cross stage gradient aggregation mechanism were combined.
The CPCA mechanism utilized channel prior information to strengthen the network’s attention to important
feature channels and regions. When dealing with overlapping parts of point clouds, it could effectively enhance
the network model’s ability to capture local detail features of point clouds and suppress the influence of low
confidence regions, significantly improving the registration effect; the cross stage gradient aggregation
mechanism integrated gradient information from different depth levels of point cloud models, and ensured that
the network could fully understand the structure and local details of the point cloud when dealing with small
components or largescale scene point cloud models. And the learned features had good expressive power, so

high-precision registration of point cloud data in complex scenes was realized. Experimental results show that
performance.
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CR-RORNet performs better than other point cloud registration methods on self collected datasets. Compared
to baseline RORNet, CR-RORNet reduces RMSE(z) error by 39.5% and MSE(R) error by 5.1%.

Experiment results on the publicly available dataset ModelNet40 show that the network has good generalization
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Floating-point Operations Per Second) 1 Z ¥ &
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RORNet i M E8 Z5F9 2501, 730 Bl T I 28
TR R4, T B A 45 A I 28 R 78 1)
B B R B 46,328 GFLOPs, Z 8 & N
10. 877 MParams, 752 LM 45364 CR-RORNet
() 7% 5 da B Bk 27,405 GFLOPs, &8 N
56. 732 MParams, RORNet 4 I% 5 iz B WK 50
26.407 GFLOPs, Z%# 4 51. 415 MParams., %} It
TF A8 B, AR SO S (AR AR FY SRR AR T T
3.78%, HALRFF—3, SHE AR I T
10.34%.

CR-RORNet 7£ 7% #5325 8 E M ROR-
Net {2 LTt T 3. 78%6, X —FR I (1% 34 K 3% BH i 1

RITE 18 B0 I 5 IR IR B R O R5 8 5 B 9 A A
PR, A PERE IR TR A e . R
TEZ 8 )71 , CR-RORNet 31 7 10. 34 %, X
HEIR M T RORNet, i B 7 b B 75 1 B4
B RYRE, 51T Z KR 2 S S HOR
PN A FRIE IR

I E R, CR-RORNet 1Y% 113
AR /ANB TR AR B, S T B R SRR R
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3.4 XJLELIE

F T 1Al CR-RORNet 7£ #, z5 BeHE )7 T 1 HERE
T S CR-RORNet 5 4 /ij 33t A9 28 = FLAE M 25 7
Mo 5 L T TR, 4R PointlLK™ |
PCRNet "', DCP-v2"" | ReAgent'"”’ . UTOPIC"*"fl
RORNet ™ok T HIEXS LA, A 5%
HRAE FREUE S EIIZR B, ] RMSE(R) |
RMSE(t) . MAE(R) . MAE() . MSE(R)FIMSE()
NIRRT S BB RE VAN . R ES R AR 1
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Tab.1 Comparison with other methods on own dataset

ik RMSE RMSE MAE MAE MSE  MSE
(R) (2) (R) (t) (R) (2)
PontLK  28.81 0.2970 19.75 0.2320 830.3 0.0882
PCRNet  30.97 0.1559 21.96 0.1275 959.3 0.0243
DCP-v2 32.45 0.2317 23.13 0.1766 1053.5 0.0537
ReAgent 24.15 0.1573 19.79 0.1247 716.1 0.0318
UTOPIC 23.94 0.2175 1747 0.0941 579.4 0.0216
RORNet 21.96 0.1857 17.01 0.0857 482.51 0.0126
Ours 21.39 0.1123 16.32 0.1117 457.58 0.0344

i 5B B ik LS T R T A
ATLAK IR, CR-RORNet i E AR T s o BeHERY ek
PriRs, 5L RORNet M, BT THHR
WE

1E ModelNet40 X FEF B @5 Y 2
ATz AL EBE M B IE, 5 IDAM™Y | PRNet™ |
Pointl.LK, PCRNet, DCP-v2, ReAgent, UTOPIC I
RORNet ' #E47 TXF L, 45505k 2 R, SefEmciE
RO IRHLE AR . 3 2 AT, CR-RORNet 7£
ModelNet40 Fidi4E I I BLERCR R AR RR LI 5
1, R TASCEEH ) CR-RORNet HA4 —E 1)
ZALTERE, P T 2 S s B B RCHEAT 55 .

B JE A T BEAS SCHRE TR AR S B4R 11
F3hE, 3T ModelNetdO G HEAFYIZRAMNL , 58
WA RERERYERIE , Hf5 PointLK . PCRNet, DCP-
v2, ReAgent, UTOPIC il RORNet #4757 X}t , 2%
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Tab. 2 Generalization comparison of different methods on Model-

Net40

Ik RMSE(R) RMSE(1) MAE(R) MAEQ)
IDAM 5.810 0.0742 3.935 0.0507
PRNet 7.743 0.0714 4.708 0.0464
PointLK 5.920 0.0534 4.214 0.0351
PCRNet 4.091 0.0659 2.121 0.0294
DCP-v2 5.619 0.0331 2.497 0.0461
ReAgent 4.132 0.0398 3.5873 0.0317
UTOPIC 3.311 0.0294 1.875 0.0198
RORNet 1.691 0.0216 0.732 0.0102
Ours 1.523 0.0232 0.667 0.0194

# 3 ModelNetd0 Kt fe 14577 ik A 3R LA
Tab. 3 Effectiveness comparison of different methods on ModelNet40

ik RMSE(R) RMSE()  MAE(R) MAEQ)
IDAM 5.194 0.0624 3.935 0.0507
PRNet 7.032 0.0622 4.708 0.0464
PointLK 5.123 0.0413 4.214 0.0351
PCRNet 3.452 0.0569 2.121 0.0294
DCP-v2 4.753 0.0274 2.497 0.0461
ReAgent 3.431 0.0343 3.5873 0.0317
UTOPIC 2.358 0.0187 1.875 0.0198
RORNet 1.119 0.0137 0.732 0.0102
Ours 1.019 0.0146 0.667 0.0194

% 3 A[%1, CR-RORNet TEZHHEE i T
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3.5 AIYMLER

T R R AR X AR IR R R R, AT
AR 7125 B 7k CR-RORNet 5 HiAth 5 =78 [ 25
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B 10 S50 1 FCHERCR X

Fig. 10  Comparison of registration effect in experiment 1
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(g) UTOPIC (h) Ours

F11 S22 BBCHERCR X L

Fig. 11  Comparison of registration effect in experiment 2
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Tab.4 Evaluation results using different modules in ablation

experiment

RMSE RMSE MAE MAE

ResPointNet CPCA RepNCSP
esPointNet ep (R) (1) R

N N 21.47 0.1441 16.89 0.1005
N N 21.68 0.1697 16.54 0.0981
NG Nj 21.75 0.1573 16.79 0.0994
N N </ 21.31 0.1121 16.47 0.0979

% 4 1] % , ResPointNet, CPCA I
RepNCSP % 3MEHAR AT LI 25 42 5 sl = LY
K, IF H 3B B AN ] LA B B AR RO .

4 &

X AT A 2 BC TR I 45 AE 5 2T | R A
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AIEE BRI B LR S S B,
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P21 B 1 ResPointNet B | 78 (- IF AR E$2 B RE
77 11 TR) s 5 B X 5 2 B AR AN [) J22 VR A R AIE il 5 o
SRJG . F DGCNN W 4% 45 A 3i i I e B R R
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A 0 SR A0 TR AR, Ak o s B R Y R
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w7 R s BCHERORS B2 . 5 PointLK., PCRNet,
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