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Abstract: Objective Low overlap point cloud registration presents a significant obstacle in the realm of computer vision,
specifically in the context of deep-learning-based approaches. After acquiring knowledge from global point cloud scenes for
feature matching, these deep-learning-based methods often fail to consider the interactions among local features, thus
greatly impeding the efficiency of registration in settings where local feature interactions are vital for establishing precise
alignment. The intricate interplay among local characteristics, which is crucial for accurately identifying and aligning par-
tially intersecting point clouds, is also inadequately represented. This lack of consideration not only affects the reliability of
point cloud registration in situations with limited overlap but also restricts the use of deep learning methods in varied and

intricate settings. Therefore, techniques that include the comprehension of local feature interactions into the deep learning
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framework are crucial for point cloud registration, especially in situations with limited overlap. Method The present study
introduces a novel technique for aligning point clouds with low overlap. This technique uses the edge adaptive KPConv
(EAKPConv) module to enhance the identification of edge characteristics. The integration of local and global features is
effectively accomplished by the combination of the hierarchical attention fusion module (HAFM) and the local spatial com-
parison attention module (LSCAM). LSCAM exploits the capacity of the attention mechanism to consolidate information,
thus enabling the model to prioritize those connections with target nodes and to position itself near the clustered center of
mass. In this way, the model can flexibly capture complex details of the point cloud. The SSAM system utilizes a hierarchi-
cal architecture, in which each tier of local matching modules applies its own similarity metric to quantify the similarities
among point clouds. The local features are subsequently modified and transmitted to the subsequent layer of attention mod-
ules to establish a hierarchical structure. This structure also allows the model to collect and merge the inputs from local
matches at different scales and levels of complexity, thereby forming global feature correspondences. In this model, the
multilayer perceptron (MLP) is used to accurately find the ideal correspondences and successfully complete the alignment
procedure. Result This work provides empirical evidence supporting the improved efficacy of the proposed algorithm as
demonstrated by its consistent performance across multiple datasets. Notably, this algorithm achieved impressive registra-
tion recall rates of 93. 2% and 67. 3% on the 3DMatch and 3DLoMatch datasets, respectively. In the experimental evalua-
tion conducted on the ModelNet-40 and Modell.oNet-40 datasets, this algorithm achieved minimal rotational errors of
1. 417 degrees and 3. 141 degrees, respectively, and recorded translational errors of 0. 013 91 and 0. 072. These outcomes
highlight the effectiveness of this algorithm in point cloud registration and demonstrate its capability to accurately align
point clouds with low rotational and translational discrepancies. These results also point to a significant enhancement in the
accuracy of the proposed algorithm compared with the REGTR approach. Specifically, in contrast to REGTR, the proposed
algorithm achieved significantly reduced inference times of 27. 205 ms and 30. 991 ms on the 3DMatch and ModelNet-40
datasets, respectively. The findings of this study emphasize the performance of the proposed algorithm in effectively
addressing the challenging issue of disregarding features in point cloud registration tasks with minimal overlap. Conclusion
This article presents a novel point cloud matching technique that combines edge improvement with hierarchical attention.
This technique integrates polynomial kernel functions into the EAKPConv framework to improve the identification of edge
features in point clouds and uses HAFM to extract specific local information. The module improves feature matching by
using the similarities in edge features. This approach successfully achieves a harmonious combination of local and global
feature matching, hence enhancing the comprehension of point cloud data. Implementing a hierarchical analysis technique
greatly increases the registration accuracy by accurately matching local-global information. Furthermore, increasing the
cross-entropy loss function enhances the accuracy of local matching and reduces misalignments. This study assesses the
performance of the proposed algorithm on the ModelNet-40, ModelelloNet-40, 3DMatch, and 3DLoMatch datasets, and
results indicate that this algorithm substantially enhances registration accuracy , particularly in difficult situations with lim-
ited data overlap. This algorithm also exhibits superior registration efficiency compared with standard approaches.
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Fig. 1 Network structure of the proposed method
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SRAE 2 048 D w4 i B B BRI, 7R SRR P 4R 2]
— N, R R FE 717 A O EFH AT .
E TR A o A R & 7R, 2065 3DMatch AH [7)
AR S5 F T2

B 5%F 3DMatch 145 4R fif FHAH X € 5% 152 22 (rela-
tive rotation error, RRE) . #H X} “F # 1% 22 (relative
translation error, RTE) DL K L #E 7 [ 28 (registration
recall, RROVERBIE I IPALFE bR o AR g 1R 25
AT A 12 AR 2R 2Z B Y A 8 22 | A
Fz R R 2 1) S ) 22 (BT R 1R 2%
AR P 15 22 18 Ao T k9 A 2= R IR L LA IR 5 A
M PEHEERTE . BARH

Srne = arccos(m;)_l) (13)
fR’[‘E:”t_t* ||2 (14)

2, R PN i@ 5% FE L R Ry LS T SR R | ¢ S 131
INPRE AR, oo B PRE AR R

R RENEIES g (A WY VFSE | G NRiPaY ALY
T3 L, R LU B SEBR AT 55 Hh i 2 TG v e 3 g 4
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B o A SCfd 44 J7 #i2 1% 22 (root mean square error,
RMSE) ff: e 4 [l 3R 131507, RMSE < 0. 24F
T R B A, 28 07 iR 22 AT

fRMSE:/‘C z "

(e
X, CH R R m XS, T(p) A F T H bR
JE

XF T ModelNet-40 45 5 >R HIAH W e 4% 152 22
O S 8% R 25 LA K A5 £ B R
CD)VE N BRE AN HE A5 o 180 A I B 3 o AR A0
mhE BN A EH ﬁaﬁﬁﬂna@%ﬁﬁzrm
(14 f /NBE B DR B AR R S = 5 B AR s AR A 22 TR A

J-q a5

(chamfer distance,

1 . 2
CD(P. Q)= D min[T(p) =g +
’(12 >, min g - 7(p)]; (16)
=

KL, P, Q0 R BA IR S =  BAr S =5
Wi, P, Q N FIALHLS ) 5 = B d
3.2 3DMatch #1 3DLoMatch 3236 45 BB 4> 47
ASCXF 3DMateh B4 A HEAT T 70 FE R A I 45
LRI R 2, W) 1d 27 2T 3254 0..000 1, A3 1E I Ak
FECH0.000 1, BFIZR 10 N EE IR A ) Sl — R
Wo AT RIEA SO BN B SR S
5 A 32 3 0 2 PO A Y S A5 AT T AL
FEJRR T RFE S K 5 000 B (4 T vE 523045 51, ik 1
P o

U, B

Table 1 Comparison of experimental results on the 3DMatch dataset

%=1 3DMatch HIEER LWL R3TEL

| <o - N %% ML A
s TE TR E T w2 wEl w2 W Bm gmm
FCGF 98.0 94.3 68.6 96.7 91.0 84.6 76.1 71.1 85.1
D3Feat 96.0 86.8 67.3 90.7 88.5 80.8 78.2 64.4 81.6
Predator-5k 97.6 97.2 74.8 98.9 96.2 88.5 85.9 73.3 89.0
. PCAM 96.9 93.4 78.6 96.7 83.3 84.6 81.6 68.9 85.5
BovE A B R/% 1
REGTR 97.8 90.6 75.5 97.8 94.9 100.0 88.5 91.1 92.0
SIRA-PCR 98.8 91.3 74.9 96.3 96.1 98.1 92.1 92.2 92.5
MV+FCGF 98.3 93.6 78.3 95.6 92.7 87.3 85.9 76.9 91.8
AR 98.4 92.3 77.4 98.1 94.6 100.0 91.5 93.8 93.2
FCGF 1.767 1.849 2.210 1.867 1.667 2.417 2.024 1.792 1.949
D3Feat 2.016 2.029 2.425 1.990 1.967 2.400 2.346 2.115 2.161
Predator-5k 1.861 1.806 2.473 2.045 1.600 2.458 2.067 1.926 2.029
. PCAM 1.965 1.644 2.145 1.874 1.434 1.631 2.250 1.521 1.808
AR kiR 22(0)
REGTR 1.729 1.347 1.797 1.639 1.289 1.810 1.570 1.357 1.567
SIRA-PCR 1.753 1.425 1.841 1.442 1.365 1.884 1.586 1.580 1.610
MV+FCGF 3.572 2912 3.260 3.729 3.211 4.18 3.643 3.376 3.805
A3 1.756 1.125 1.744 1.689 1.318 1.756 1.425 1.410 1.528
FCGF 0.053 0.056 0.071 0.062 0.061 0.055 0.082 0.090 0.066
D3Feat 0.055 0.065 0.080 0.064 0.078 0.049 0.083 0.064 0.067
Predator-5k 0.048 0.055 0.070 0.073 0.060 0.065 0.080 0.063 0.064
PCAM 0.050 0.051 0.060 0.066 0.051 0.058 0.081 0.052 0.059
AR 2 |
REGTR 0.040 0.041 0.057 0.057 0.042 0.039 0.054 0.058 0.049
SIRA-PCR 0.067 0.046 0.058 0.051 0.047 0.052 0.077 0.052 0.053
MV+FCGF 0.107 0.093 0.099 0.115 0.103 0.085 0.093 0.095 0.097
VNS 0.040 0.043 0.052 0.055 0.038 0.037 0.046 0.052 0.045

T L AR R B AR A TR LSS, T FOR BB EREBAE , | SR BB/ M RERLLF , MV 24 Mutual Voting.
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M 1A LA ), AR SO A 3DMatch £ di 4R
EARAS T 93. 2% BUBCHE A 1913 (7RI )% 3 5280 % M
MR S R AR RS R ) | A YA e 152
2 P BIAERTPRE 15 25 PRI bR g e, AR SO
YN EctE . ARSCHE S Predator, REGTR 16 4 R
PR S i i 44, I ELAB A T KPeonv 322K
W25 Transformer & 8 2 XN R R . (HE5ARCHE
AR 2, Predator ] 85 T8 AR SRV FH M 220
TR AR sURAE , A i DGCNN S5 KA AR
I 2T A, T R RO 5 R R AR, &
HOH R T R S A AR R IR
ko3 s B ECHE A 11 3R DL I A P R 1R 22 e e
DR 25 I S A R AR T AR SO L . REGTR 3d i
Transformer 7] DA AR AN [G] 46 B 0 KR 56 &, I 44
2 Jry BN SCORHR  (H 2% T AN [A] )2 K R B AR AIE 19 52
HAEM . MASCE AT R R AR Z R R
HERERAEAY 4 Jmy | F 3C, {8 K2 Transformer 4
52 SRR AL, e R R S N R 2 U ) Y DG HK
WA TP ICHELS S . /6 SIRA-PCR B4 (1 DAl
1, B S5 7E FlyingShapes 204545 )12k SIRA-PCR , %%
e B Gt B A LT F ) 3DMatch b #EAT R .
Gb, R T B AR SIRA-PCR 5 AR SCH %, 76300
HrBORAE B 2 000 #4712 . SIRA-PCR RS
AR SCER AR I DA SRy 358 1) 4 Ry P S AR A A LB L R
FH A 3 R 4/ N R A S LSRR
(] 1) 22 B, 3 0k 22 R S8 S 48 56 IORT 42 Jeg AL 1) 3]
e, X fdi15 SIRA-PCR TE A [R] 37 5% tp #f A L0 1Y 12
fefie o Ml 5 A SO AR R A B H T HE
A 11 3R A SO R AT , I 7 e A3 5 3R A
e, AR SCHE T AE Swig T H 415 Mutual Voting 5.
2, 5 S 5 Swig 3 H 5 2 ARSI IR A
FH FCGF (fully convolutional geometric features ) (Choy
85, 2009) 45 4 FRAE S B SR , JF 7 3DMatch £ 4fs 42 7t
3K . /T Mutual Voting 5 FCGF (U414 1 LLA
AR H TE A Y DR C O (EL7E AR A DT O 2
(A 0 1) 2 18] A2 B S B A — 2 R R 1, S B0k
(1R THC 9 A T 232 23 TR AR 422 30 Ao 1) v 8 i 27 >
2 R R 22 5 HA D AR 22 AR

A SO A AE 3DMatch B0 85 Ik A AR
ek % 2L S B 4E 3DLoMatch b #F4715aL , 52
S RANGR 2P 7R . AT LAE AR SCER A AR X i
TR 22 AR IR 1 e i, HOARFE R0 SOAT (state

of the art) % . Predator J& B A SCH LS ME— % &
TGRS ) (4 Sk (B SRR T 2
51 A% PR EIUAH LU Predator 87 FH A9 57 H07 4% o 508 {1 25
T, S G BB s PR A BE 2 37 b AR
i EE Predator B8 A SCER 25 5 . AN, B i 46 R
S5H Y FCGF 38 2o {1 T 4 AN [W] A 43t 2% R BSCFE PR A
Y As 1O R o SRk B S A5 2R (J8F D7 7 5t
AT T AR T8 5 12 22 1 IR £ L T 28 2 3 55 W AH X1
FE1R 22 K T A SCAA 7L R SIRA-PCR I SE B0 45 5L ) o
PCAM (product of cross-attention matrices) (Cao 2§,
2021) 2K FH 5 A SCEIE AR LR A W] ROZ HRAESS & 1)
DEE 5 i AR RO [F] RUBE 32 LB R SUfF
S SR 55 I7 B W i 2 A R B R O LR M
SRR, SBR[ 3REE AR T A SO 2

WA, A 1 B W PPAl A OB A S S A
FH 1 SIRA-PCR Al Mutual Voting #E17 He#k . o,
SIRA-PCR #5754 7% 3DLoMatch %4 I 3¢ 8 Hh #4711
PC S S (P 22 RS S ) S B e H S AR
AR UL BE AR T AT S I R PR T o 1T, 5
ARSCFEEMY . 1T SIRA-PCR FE AR X e 5% 1% 2% 18h £
TSR A PR R 22 AR A Y . BT
Mutual Voting 77 750 8 4 Jey ok b ¢ 3 (9 9753 Fi 4
¥ TEReEE DR 25 b 5 A sk 22 IR ROR  (H oA [
RIS BE UL REAE A 80 U FHEBR A
BRIGRT R R o PRI B ARSEE R 5 A 7 X I
B0 O O 2R AR A B, 7 T P 0 3 2 2 DX A
UL T LA - 38X 107 S DR B A A B AR S () R
IR A% G TR B2 2 2] 7 1 B A5ORN R A , AN 22 A
PER AR o~ o

Kl 5 AR SCHE B F] H Open 3D T H JFE 7F
3DMatch .3DLoMatch AL HELS STk . o &) 7
(a) (b) 24 3DMatch i) Al AL ZE R, K 7 (c)—(e) N
3DLoMa-tch H AT #0445 R o A SCER0E ] DL v
DEE 58 25 AR DI, 72 5] 7 (a) (e) 37 5 T A 35 BE ]
PL5E 4 55, B 7 () (d) 37 5 v 1y S8 A 45 /N A )
i R 2 AR E A, i E AT B e AR AN i
Z 108 7 (e) WBEIEA XS 55 -
3.3 ModelNet-40,ModelLoNet-40 SE 3 45 R 3 47

R T A A SO AR = B R A A SR
BOR , AE ModelNet-40 XU 4ii 5 1 X vk i AT 1125
WK SEERHEAT T 350 58, Rk K/ Ry 4, W) 4R 2%
I 0..000 1, HFYIZ5 50 46 1k 2 > R — 1R, AL
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%2 3DLoMatch ##EERILIG 4 RXTLE

Table 2 Comparison of experimental results on the 3DLoMatch dataset

ik TE L Tum w1 w2 wEl mEz mEs bm akw

FCGF 60.8 42.2 53.6 53.1 38.0 26.8 16.1 30.4 40.1
D3Feat 49.7 37.2 47.3 47.8 36.5 31.7 15.7 31.9 37.2
Predator-5k 71.5 58.2 60.8 77.5 64.2 61.0 45.8 39.1 59.8

R 78 /% T PCAM 71.1 56.7 60.8 70.8 59.9 41.5 36.4 42.0 54.9
REGTR 66.2 58.5 64.9 72.7 61.3 70.7 53.0 71.0 64.8
SIRA-PCR 71.9 60.8 65.3 78.3 65.7 74.1 53.8 70.6 67.5
MV+FCGF 60.4 57.7 53.3 52.9 54.0 52.8 493 47.1 60.2
AR 70.8 61.5 67.5 75.6 63.8 74.4 52.3 72.4 67.3
FCGF 2.904 3.229 3.277 2.768 2.801 2.822 3.372 4.006 3.147
D3Feat 3.226 3.492 3.373 3.330 3.165 2.972 3.708 3.619 3.361
Predator-5k 3.079 2.637 3.220 2.694 2.907 3.390 3.046 3.412 3.048
PCAM 3.501 3.518 3.571 3.649 3.197 3.278 4.148 3.368 3.529

MR HEREB220) |
REGTR 3.366 2.446 3.244 2.732 2.439 2.919 3.044 2.428 2.827
SIRA-PCR 3.326 2.717 2.932 2.861 2.520 3.026 3.757 2.470 2.948
MV+FCGF 4.102 4.534 4.710 5.170 4.807 4.592 4.474 4.316 5.153
VN8 3.187 2.182 3.069 2.957 2.727 2.724 3.100 2.486 2.804
FCGF 0.084 0.097 0.076 0.101 0.084 0.077 0.144 0.140 0.100
D3Feat 0.088 0.101 0.086 0.099 0.092 0.075 0.146 0.135 0.103
Predator-5k 0.081 0.080  0.084 0.099 0.096 0.077 0.101 0.130 0.093
PCAM 0.088 0.108 0.090 0.112 0.098 0.068 0.117 0.110 0.099

PR m |
REGTR 0.079 0.064 0.078 0.094 0.074 0.060 0.093 0.077 0.077
SIRA-PCR 0.069 0.073 0.071 0.097 0.079 0.061 0.106 0.073 0.079
MV+FCGF 0.093 0.098 0.108 0.132 0.104 0.092 0.099 0.091 0.114
AR 0.078 0.071 0.067 0.095 0.076 0.058 0.101 0.089 0.079

VE LRSS SR AR & SR, T R BB MR B L, | FORBUE B MERE B , MV 24 Mutual Voting.

HREAEN0.000 5, LHA R AR 3 R .

T ModelNet-40 #H Lt 3DMatch %5 4% ££ 0 #% 5%
H A A A 4], I FE ModelNet-40 Bidls 45 b kAT
TR T EL R . R 3T LLE AR SO A 7R
ModelNet-40 FY5] £ 1% 258 5T REGTR , 7 ModelLo-
Net (1) #% 15 22 W 380 {6, F SIRA-PCR , HABIEAN H6 A5
B T HAMS B . Predator ff ] RANSAC 3875 e &
(R I 5 8 A G REGTR K2 A% SCA40 1 (14 3 3] o P v
BEAY RS 8] 4 R e A DE e 25 SR A e g 22 . Ik
b, Hs ModelNet-40 H5 4 5 1 1| Zr A 5 78 FI] Model -
LoNet-40 b #4705, A8 SCRVLAE 3 B avAn 48 b5 v
Bk et AR SO I AE M B AR T & 8 5 2 8K
P A H A AU B VOO 2 5 o il A U ik
1) Predator . REGTR I A X} Jité 7% 1% 2 0L T fift FH 4 11

Bl & 5 B 19 OMNet (Xu %5, 2021) . RPM-Net(Yew £l1
Lee,2020), OMNet FI| F 5 5 it 85 -4k 01 = H S 47
TIE R 7772 DA B RPM-Net 1) AR k5325 3153 UG F 4 [
1477 ¥ Lk DCP 3k B /N B M i 22 . AR SCR
HZ AT B AR A R 2 AR AR S B A
o REGTR R4S T 547 Ao a4 S | (] el 52 56t 36 iE
T AR SRR AR SR 0 5 T AAR G b 3 I 6
= BAE . N T 1E ModelNet-40 . Model LoNet-40 %5 i
4E b P4l SIRA-PCR, i i 7191 25455 %0 7 ModelNet-
40 7344 SIRA-PCR , HorbRAE 5585 H % 8 0 1 000,
1 T ModelNet-40 45 1) 55085 B B0 b1, AR SCHRDL R
T 1E ModelLoNet-40 BUAH X PR 1R 2240, HAh F8 bR 15
T SIRA-PCR,, 1 AR SCH VA AR AL BRAR % B s = K
P BC v 5 B LB PE . Mutual Voting (MV) 7E
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Fig. 5 Visualization of registration results on the 3DMatch and 3DLoMatch datasets

%3 ModelNet-40,ModelLoNet-40 £ & 5= H S0 16 45 R 33 tb
Table 3 Comparison of experimental results on the

ModelNet-40 and ModelLLoNet-40 datasets

ModelNet-40 ModelLoNet-40

ik E  RTE E RTE
il R CD/m  DRE R CD/m

1(°) /m /(%) /m

PointNetLK 29.725 0.297 0.023 50 48.567 0.507 0.036 7
OMNet 2.947 0.032 0.00150 6.517 0.129 0.007 4
DCP-v2 11.975 0.171 0.011 70 16.501 0.300 0.026 8
RPM-Net 1.712 0.018 0.00085 7.342 0.124 0.0050
Predator 1.739 0.019 0.000 89 5.235 0.132 0.008 3
REGTR 1.473 0.014 0.00078 3.930 0.087 0.0037
SIRA-PCR  1.431 0.016 0.00080 3.376 0.071 0.003 5
MV+FCGF  4.319 0.162 0.01770 21.617 0.252 0.023 8

A3 1.417 0.014° 0.000 81 3.141 0.072 0.003 4

TE IR R SR A 9 e U4 2R AR SR 45 R 8 0. 013 91, 7
R R 3 AN

ModelNet-40 I ModelLoNet-40 %% #i 4 4 iF 14 5
3DMatch s A2 A0 H 5 2CAH ] | AR Fb o 21 iR B2 27 )
S5, Mutual Voting(MV) ] GE2Z £ T & 4 BEHL 1 1Y
PR, LA AR 22 ST B A AR . Ak, X
Fix F i CAD A= B s =AY, Mutual Voting(MV)

2 2 W RFE AN SE AL PT BB A 740 Fl 42 21 2 98 10 23
[ A2 405 5., S ECHAATEROR 2%

BEAN , FE = 45 7 KL H5 42 ModelNet-40 . Model-
LoNet-40 I L HEZS S &l 6 i . Hirp Kl 6(a)
(b) 24 ModelNet-40 1) il AL ZE 2R, 18 6 (c)—(e)
ModelLoNet-40 i Al #ALZ5 5 . B SR ModelNet-40 A
I 3DMatch B i 25 $08s S i, (H AR SO0 % BB AR I
T L DC P A s 2, WL 6 (e ) B S IR R 43 LA K P 6
(DAY
3.4 HRAKWERSW
3.4.1 HBEHTTEREE 3BT

R T B A SR R A A B (R A R TR
TN R SRR A BT AR SO
4 213 T S5 (FP 5 2—5) LA K 4 LU X A o 52 56
(5N P2 1.6) EE SR INR 4 i o X% ek 4L
kf. JEUREE IR ha, SR BUCECAR SR Im. DL KR
HBVCEC A 2K pR AL ml. |, MRS B AT 2 8] 0 DGR M R A 7
AWK . A 1S4 3 53 B 55 2 7E ModelNet-40
ModelLoNet-40 2445 b 9S40 25 B 7E R 4 P 19 45
RIERIPZRE T — /NI Y H AR 250
W R, T e gl R 2R 1, i EL R R A RE
J185 0 R R HTE IR B & IS RIKT P51
MY FEMERIRL . FE 750 2 I TH Rl SE g v, o 23X
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Fig. 6  Visualization of registration results on the ModelNet-40 and ModelLLoNet-40 datasets

¥ bR BURCAE 26 1.3 )2 19 EAKPConv "' (ModelNet-40  RIBA R . £ 4 5L AL 5 5 5L8mA
UGB HCE RS 1)2) . B 5 M3 MELE AL R sk s , B A =32 B iR 22380
MG RUER N P S AN ER A G R T, RIS SO S Y )R BB VG BB R B T
DT L (Y J7 ik, 3R W Jmp e 2 0 WO Ao 2 m iy o AEH .

R4 AXEERHMIBER

Table 4 Ablation experiment results of the proposed algorithm

Fic v %1% 1 IR /m |
75 kf. ha. Im. ml.
3DMatch 3DLoMatch ModelNet-40  ModelLoNet-40
1 - - - - 91.9 61.6 0.000 983 0.004 83
2 N - - - 92.2 62.7 0.000 952 0.004 13
3 N N - - 92.5 65.9 0.000 848 0.003 62
4 - N N - 92.6 66.7 0.000 841 0.003 58
5 - N N N 92.9 67.0 0.000 817 0.003 51
6 N N N N 93.2 67.3 0.000 805 0.003 44

W FRIRA AR ISR VRO R E AR s T IR B PR R, | FOR B A M AR AT

3.4.2 BT BRI A HT AlAAL, i 7 iR . Hid , EAKPCony 2R FH S A5
F T VPR R AR R AE AR SCRA L TR VR BEAL AORRARSOS VE N B, 20 (5 R X el s phy 6 S
PEE 3 5 B BRI, IEARIEROE HEAE R AT A8 X I i n] MLALSE SR . HAFM BB A
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Fig7 Visualization results of weights for each module
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Fig. 8 Visualization of point cloud registration results with different overlap rates

((a) overlap: 60.3%; (b) overlap: 36.9%; (c) overlap: 17.5%)
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Table S Comparison of inference time between the
proposed algorithm and REGTR

HEPERT ] /ms
WiRES - —
3DMatch $(IE£4E ModelNet-40 {54
REGTR 38.428 40.015
A 27.205 30.991
4 % i

B =4 13 = P EAT 55 vh 22006 Jmy R SR SRR AR 1
(] A8, 368 3 14 R R B 8 SRy 300 % S5 ) ) ) S
Hﬁﬂﬁfm&ﬁﬁmmmT%%wm+ﬁ¥Mr
TIE ER OGRS B A 55 25 19 S5 AR R AR I 3000 A5 2 ) e
KR o RICAEAFEAGREIUE T 572 0 SRR,
1E % N 3% 5§t 3DMatch . 3DLoMatch | 43 %I Bt 15
93. 2% .67. 3% MY BCHEA M2 . A SCHE ModelNet-40
F1 ModelLoNet-40 B A X e 7 15 22 X R 1R 2240
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