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Review on deep learning rigid point cloud registration

Qin Hongxing'?, Liu Zhentao' ", Tan Boyuan'
1. School of Computer Science and Technology, Chongqing University of Posts and Telecommunications ,

Chongqing 400065, China; 2. School of Computer Science, Chongqing University, Chongqing 400030, China

Abstract: A sharp increase in point cloud data past decade, which has facilitated to point cloud data processing algo-
rithms. Point cloud registration is the process of converting point cloud data in two or more camera coordinate systems to the
world coordinate system to complete the stitching process. In respect of 3D reconstruction, scanning equipment is used to
obtain partial information of the scene in common, and the whole scene is reconstructed based on point cloud registration.
In respect of high-precision map and positioning, the local point clouds fragments obtained in driving vehicle are registered
to the scene map in advance to complete the high-precision positioning of the vehicle. In addition, point cloud registration
is also widely used in pose estimation, robotics, medical and other fields. In the real-world point cloud data collection
process, there are a lot of noise, abnormal points and low overlap, which brings great challenges to traditional methods.

Currently, deep learning has been widely used in the field of point cloud registration and has achieved remarkable results.
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In order to solve the limitations of traditional methods, some researchers have developed some point cloud registration meth-
ods integrated with deep learning technology, which is called deep point cloud registration. First of all, this analysis distin-
guishes the current deep learning point cloud registration methods according to the presence or absence of correspondence,
which is divided into correspondence-free registration and point cloud registration based on correspondence. The main func-
tions of various methods are classified as follows: 1) geometric feature extraction; 2) key point detection; 3) outlier
removal; 4) pose estimation; and 5) end-to-end registration. The geometric feature extraction module aims to learn the
coding method of the local geometric structure of the point cloud to generate discriminative features based on the network.
Key point detection is used to detect points that are essential to the registration task in a large number of input points, and
eliminate potential outliers while reducing computational complexity. Point-to-outliers are the final checking step before esti-
mating the motion parameters to ensure the accuracy and efficiency of the solution. In the correspondence-free point cloud
registration, a network structure similar to PointNet is used to obtain the global features of the perceived point cloud pose,
and the rigid transformation parameters are estimated from the global features. In the performance of evaluation, the feature
matching and registration error performance evaluation indicators are illustrated in detail. Feature matching performance
metrics mainly include inlier ratio (IR) and feature matching recall (FMR). Registration error performance metrics
include root mean square error (RMSE) , mean square error ( MSE) , and mean Absolute error (MAE) , relative transla-
tion error (RTE) , relative rotation error (RRE), chamfer distance (CD) and registration recall (RR). RMSE, MSE
and MAE are the most widely used metrics, but they have the disadvantage of Anisotropic. Isotropic RRE and RTE are
indicators that actually measure the differences amongst the angle, the translation distance. The above five metrics all have
inequal penalties for the registration of axisymmetric point clouds, and CD is the most fair metric. Meanwhile, real data
sets registration tends to focus on the success rate of registration. With respect of real data sets, this research provides com-
parative data for feature matching and outlier removal. In the synthetic data set, this demonstration presents the comparative
data of related methods in partial overlap, realtime, and global registration scenarios. At the end, the future research is
from the current challenges in this field. 1) The application scenarios faced by point cloud registration are diverse, and it is
difficult to develop general algorithms. Therefore, lightweight and efficient dedicated modules are more popular. 2) By
dividing the overlap area, partial overlap can be converted into no overlap problem. This method is expected to lift the
restrictions on the overlap rate requirements and fundamentally solve the problem of overlapping point cloud registration, so
it has greater application value and prospects. 3) Most mainstream methods use multilayer perceptrons ( MLPs) to learn
saliency from data. 4) Some researchers introduced the random sample consensus ( RANSAC) algorithm idea into the neu-
ral network, and achieved advanced results, but also led to higher complexity. Therefore, the balance performance and
complexity is an issue to be considered in this sub-field. 5) The correspondence-free registration method is based on learn-
ing global features related to poses. The global features extracted by existing methods are more sensitive to noise and partial
overlap, which is mainly caused by the fusion of some messy information in the global features. Meanwhile, the correspon-
dence-free method has not been widely used in real data, and its robustness is still questioned by some researchers. Robust
extraction of the global features for pose perception is also one of the main research issues further.

Key words: point cloud registration; deep learning; registration without corresponding; end-to-end registration; corre-

spondence; geometric feature extraction; outliers removal; review
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Table 1 Typical methods of registration based on correspondence

BBz AES

275 30k

Qi % A(2017a,b) .Khoury %5 A (2017) .

BT R IR R BRI AR I

Zeng % \.(2017) .Deng %5 A (2018b) .Deng %5 A (2018a) Yew I Lee(2018)

JLATRFHE S I Gojeic 25 A (2019) Ao 26 A (2021)
FETHBEMEIRIL Wang %5 A (2019) ,Choy %5 A (2019b) Horache 25 A (2021)
PRI - Lu %% A (2020) ,Bai % A (2020) ,Huang %5 A (2021a)
RGBSR B - Pais 25 A\ (2020) . Yang 25 A (2020) .Bai 2§ A (2021)
346 A Wang FlI Solomon(2019b) | Yew F1 Lee(2020) ,Li ¢ A (2020)
i 1) it IR Lu % A (2019) . Wang 1 Solomon (2019a) . Yuan % A (2020 ) . Choy % A

(2020) ,Ginzburg F1 Raviv(2021)

T =7 Rz B 26

2. 1.1 BT R H AR AR S

R T R s B TCLH SR ), — 2L 3
R ALREIBRAN K #2420 ( K-nearest neighbor, KNN)
T AT R AT L AR 2 4= & 19 i J LA
FHE , 3008677 00 H R g T R R R O s

Khoury %6 A\ (2017 ) #& H — Fl 5% 8 JLAa] SR 1E
( compact geometric features, CGF ) , il 11 7 J5, ST
— A0 B BR, 257 R ER 2 HE SR (local reference
frame , LRF ) 15 ZI 4 14 J5 5 21 38k o o5 0 A 10 B 5 1
SRIG N — > 22 I 28 K i A B BT P LS 81—
R A IR TG 25 ()45 3] B 55 28 1) J LT R A Al R A4

Deng %% A\ (2018b) #2 i T PPFNet, 5 X) %
FE S Y Ja) B AR 38 11 5 5 X RRAE (point pair feature,
PPF) (Rusu 45,2008 ,2009 ) , K HAF Sy 9 25 (4 i A,
FIFHZA> PointNet 4844 AN [] RURE 1Y) Jay S AR AE 4
JAERIE LA B Jm 23 MLPs 4 545 21 Fe 2 A RRAE
PPFNet FI I T 425 b T SUREI R A FEAE , 32 55
R Y & AN S PRI MR P Y - B (HLJ2: PPF 4%
TR AR 15 B K i Y B 3 AR bR VR B, O RS
FERESR ST MO Tk 1) i A T, BT X RS
fU, o, FHREE M K 4R A S B0 55 = i i
PR R A BURR

ek iE PPFNet B8k 5, Deng (2018a) i — 4%
Hi T PPF-FoldNet, %J7 it — M ik, B
JEPRH PPF RRAE T T — M B Bk 2R
PointNet gl #% A1 2& FoldingNet ( Yang 55,2018 ) fY
fRt S POREZE 3l B A PPE AR FL L SO0
FRAE 2Z 18] 1Y 22 5, oK AR IR & i = R IE 327

PPF-FoldNet 7EMEF T Ui T B A RCR , AT 2R %
U AU U

Yew Fl1 Lee (2018 ) #& i T 3DFeatNet, £ % % 4%
YR USROS B A v A 1) 8, 388 1 — b s B
A IHESE . NI A S = T A FIR A X 2
] F R AL i v e TE AR AR LA R B e v Y 1
FEA IRl T R ) 20k 2 ) — AR, T i
B AR AT X = 02 40 % 0 BTAR , o o A
IME= TR IR RN R 2%

fdt FZRAL PointNet HYZSHE W] L2 3 15 45 M54
M PR BURRIE  (H X BRI T A R A
AT EBHIME L . FEX XA, Gojeic 55
A (2019) #£H T 3DSmoothNet, i1 7 7 LLid& ] T
LR )11 % B {H ( smoothed density value vox-
elization, SDV ) RER T KRGS 5 5 2, A Sia-
mese PIZE L 272 ] I X R AR, 20T YA 0R T2
TRRETT TR — Y3 5 T AT ISR, HE fe 2 HAb
SIS ATEAR AT LUBUAS B I 25 2R
2.1.2 BT HEBURAESEI

HATEE TRk 2 am WA, —fEE
BEAE S = BT B BURAVER S IBURE , 55— Fh 2 id
B SRR IR R G FONER UL,

%% PointNet F1 % FLEAE B9 )5 &, Wang 55 A
(2019) %11 T i1 &R (edge convolution, EdgeConv)
AR, EORTE R s TP R B AR IR A, SRR AR L
SRR AR AR B B A R B i A
R, #E— FEM P ZRE I & HERNZ 15
2 2 E G2 M 4 ( dynamic graph convolutional
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neural network , DGCNN) , 5 3% 3 A9 [&] 4 FLU#f 2 )
ZEAN[A] , DGCNN i) [ 19 i A 2 81 7 19, T 2 75 9
RN — R Z 5 S AR MR, — S SRR
SAEREE M2 R INRZ 22246, N, EdgeConv AF
W RNE AE MR A—E B EdgeConv JZ24 F T4
R ZBIAHFME R HXFER S A TH#SMY K i
WIHEITE

R TR RASFRIN f5 2= b A R R, I 541 b
AR IUAE ., Thomas 58 A (2019) $2 14 T &% 5
£ (kernel point convolution, KPConv) , fifi #5747 &
FAUE I HZ 55 (kernel point) SRAEHE 2 ZE AL 442
B tniE sk = LB, KPConvy i
AL E SR O RO S B, A S AL
HF PR N BOE Y, A —E Refs B gh R, HR
TEPEA PR, RIS XA [ Y A = Kl | A 2 )
BT HEAT RE ], XA H S H IR, g,
Xu 58 A (2021b) #8178 [ 3 I 45 B ( position
adaptive convolution, PAConv) , 1 1 [ 265 M 5 B9 v B
P b AR R A SR T O sl AR A AR
FEFE R E B, TEIA 1 S = A FAE SR | ]
LA PACony Br4fe MLPs Bk | JC7T UL HE L1 25
FFNSEL, A S R TG

Zeng 5 N(2017) 11 T 3DMatch 45, LIfAZ
A BT EE S s m AR IR, R 5 R
3D BRI Lk ] SRl LA 2, 15 51 512 2

J

3D ConvTr 3x3x3, 2, 128

3D Conv 7x7, 1, 32

JE Y ERIE S A AT ( descriptor)

M TR s B B, 1258 3D B FURAE 2 1 Al
IFREGRIRIR 3%, JF H 3D B RA i H e 2
ZBE AR, G Choy 45 A (2019b) 4 Hh 24 UL
faf #¢ fE ( fully convolutional geometric features,
FCGF) i I 5 3D BB LG 3D B, LA
G it 1 R R (4 TR 3 e A it 5 AR
AL Bk A AR 22 3 ResBlock ) ResUNet [ 4%
DA R B WA = 1 Je R L ART R AE, HG 190 465 45 44 4
K2 P, s BRSO BRI K
FEIEEL, FCOF Rk th AU ZE R AN 32 4, B
B, I H BT R8CR MR A & BRI &, ]
iSRRI H I 5. 53 5h, FCGF i 2438 i e 4% 3
SRR SRR A R AN 1

FCGF R4 i) R e L L, S Bz 4
B2, Horache 58 A (2021) 7E FCGF 1y 3& 4 I
e T Z RS 8 W40 4E (multi-scale archi-
tecture and self-supervised fine-tuning , MS-SVConv ) 45
BPHZ ML, %05 R R =l R
[6) KN R AR 12K SRAT AN [F] R T 10 1 2% H 8
SRR EA T A B — LA 1 U-Net Z544 ) K4
Zerh I3 BIRIBCRAE . RS ] — A A 4R R X X
SERHIEHEAT Rl , B A9 BB R IR IE S R A
MS-SVConv FEZE | FCGF Jz B JBE e ) ke e 5
AR R RIS DR i 1z AR BE

[

Beidi

3 —
IS8 3
) y
2 o
X X }é
on o S
- X i
— on ==
> - > =
= =
3 = =
O =

15}
a o

(@]

e} >

>

2 REFRIELR FCGF( Choy 45 ,2019b)
Fig.2 Feature extraction framework FCGF ( Choy et al. ,2019b)

Ao SN (2021) $ T — i B o 22 0 45 45 4
SpinNet, SpinNet £ 3% P MEEER : 1) 25 [] 5 A2 e i
B, HRANTH—A2E0, S 2R/SE RN
Z XS5 LA BRI AT 8 L6 A i 2R )5 M T BR
TR XY 1AL B AR T BR XY - 1 19 e %

A S B BOE R R B0 8 — A BRI A as
2) FEAESRIBUSES ] — AL AT ) MLPs Flfi
Kb AL IR A pR B U AR R BRI AR AR, SR A
F 3D A (Joung 55,2020 ) #AE S BUR 2% 1 ¢
fit, SpinNet PRIUE T 4FAE A BEFE A A, BAT EIF 1Y
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FOE2, XWEE, BEx / REFINMERREERGHE

ZATERE
2.1.3 /g

TRy R Ty 3 AR T ST SR R A AR AR
B RIS G R TR AR Ay I 48 i Aok R U e AN AR
PE AR TSN THR RS . il A bR £ 0y A7 AK
T LA sk i AL X BN SR
FAHBUR, AU SRR SR e A2 1Y (H
TCFFANRE PRI ) 45 0 H 0 RRAE LA 4 1 i i AN A2
PEo T3h R E SR R A TR IR SR R, 25
FO B AR A URR . 0 T XY SR R R A TARAE
PRI BRI TRAAE AR SZ B BTSRRI O AT LA
TE S Xl 28 o0 2Z 18] L 5280 oo, BRI
AL, I HARFRERAE AT DA B 50 3z 0y SR 4 $
TR R T RHIE A 2% SZ B DT B v R AR 1Y BRI
B A, B ARSI, HoAth ) S B E AN TR 22
AN SBIPR 2 F R AR T ISR T S
B E
2.2 XESEN

eSO T HRIBURA S 0 P RHE,
3 0 4 T A B D B OB AR R 2 1Y AR T
X 3K A WP AR 4 T 3, P CRAIE TR i R 8 A
B OL R AT 22 i SO0 BRI (28 3t 3 4>)
BEHLRALZE ) ] ORGP 5, O H AT RE 2 3% &
AEARAE PRI R ARSI, DRI TC V5 il J2 e AR A 1Y
BOR, —SEWFIEE TT R T TR ) 1 OB UG
T3k | B AE R L IEAE 55 DTRR Y A5

Bai 2% A (2020) #& i D3feat ( description of 3D
local features) , f# £ & KPConv Y ResNet B 4H A,

f’iﬁiﬁfﬁ%ﬁ

M-—m
Y E\k .

?HU)\'—'LP cf U

e @
e °s#

CNN#%{IE/' N\ SO

I" g

LY NEPN) Q'

g ae
CNNAEE N / | SCRHE / ' 'I

[ U-Net P Z8 20445k SEBAE 25 = R BURRAE I LA
WISCHER AT P B g g $2 T
— N BN 1) S VR BOR VAl B — i 5 R R
BRI OC FR , fc e e 12 2 M A BORVRRAE 3 3 A
KA BRI S A 5358

T OB AR I G SR 52 A ) B Lu
SEN(2020) $E H— A 35 T Bl AL R A 1 DK B s A4S
PN AE $2 B 2% RSKDD-Net, g 1 i e Bl HL R
FER) (S B 2 ) 8L, F) FHBE LY 2 B ( random dila-
tion ) SFEMERAT KAFARAE s A HEZ 5, KT AR AR o5 i
PR SRJE R B T AL 3R B 3 408 A ) o7
FRIE , N TTIAS 2 SC B A I i 8 AE 451 o 25 it
IR B SR AN 2%

Huang 55 A (2021a) X DAFE () 8 5 32 U %
HEAT T ANFE , 35 HH H TS B o A T4 S A ZB AR IE 5%
B NOZIER A S M EE XN, FET 0,
W ) A A 2 R S 5t $2 tH PREDATOR HF1I%
HEMN S BCE, LM EHELL WA 3 7k, PREDA-
TOR i@ i PAConv Fll EdgeConv 4351 /i 3K % & 1 A8
1 R JLIA B 5 T SOfF B E M A5 2188 A (super
point) , i i3 i I 38 X34 7 7 B (Sarlin 4,2020) #2
B 5 2= P RRIE A 22 [R] A9 | R SOfF B8 81 B 3¢
FEOE R TR &0 T S S, SR5E
FLZEA R A AR 25 X0 AR T R AR SR 2
A AREAE 0 257 37 8 DX A ARE 23R LA S A i S PR AT
Oy, HBTEFNE, 5LIER B F 1 E XA,
PREDATOR ¥ i 25 4 2 SO A SRR B 5 — 5

ZVEFC A s Y AT REYE
I[E%MK o’

GNN

REVE m”
Lo HAHE P
g O
. / ' ' I Jﬁfﬂm 00
z Q
Y wairor
o HBAFIE Fo

B3 e s UESE PREDATOR ( Huang %5 ,2021a)
Fig.3 Key point extraction framework PREDATOR ( Huang et al. ,2021a)
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T A — S B s BT VA Pl T OCHRE SRS
WAL B Fb 4. PRNet ( partial-to-partial registration
network ) ( Wang F1 Solomon ,2019b ) 18 1< 43 11F i) —3i5
B E SR R R R RS YR Kook
VIR Z M o T RS S TR IR
B RERPEHLRFE T 200 48 PERE T B, IDAM (itera-
tive distance-aware similarity matrix ) ( Li %5 ,2020) {#i FH
MLPs T 5 9 5 1 A AR S e R B

SR T 00 S B Ml R S R AR AT R G T,
T EPEEAR A TR AR AL , 3R i 2 e B
7 M TR 27 > BB ) 20 A%, 19 285 9 3 7 3ok
WO T RCAEAE 55 O 2R i, J3 80, i T RC i
FEAEAE NS T 5 & X, il 2 e i A i =
Z [AL PR 5T AAEAS: SC B i ARG D00 B Ik ofe - e —
A i 3] S O 2% PP L A T OB AR BRSO A
B AR S ZE I 2 FroR

K2 KBELARNAEMELL

Table 2 Summary of key point detection methods

Y

TiEEE

DeepVCP( Lu %5,2019)
PRNet( Wang Fl Solomon,2019b)
RSKDD-Net (Lu 2 ,2020)

i B MLPs T500 5 ) g 25 1k
B S 25 R SRR VB R R G a, FR 4 A 2 STARAE A 2D
BEHLRAE)G , o FH BRI R TSR W AN 2 I ML AR B

D3feat( Bai % ,2020) 454 BEET 0 SRR B T AR RS R A B T

IDAM ( Li % ,2020)
PREDATOR ( Huang % ,2021a)

fdEHT MLPs S50 55 11 f08 25 1
oA S T IR B i 2 B A ()BT S, 07 T 2 X Il A 1Y S

£ : DeepVCP(deep virtual corresponding point ) S B R X 1 4,

2.3 RYEBHEXRR

SO B BE(E 2 5% (outliers removal ) S 5 = Bt
RN RIS Z—. F5L 1l ad LTk VT g
BN BOC R IEA B AT AR . 3 X A oLy
JRPR A 3 A1) MR L S RS LR
SRR R PEREE, 2) S B A R, {7 T
B DX AN AR T R R S Z LS, 3) )
TR AN R, B 28 o R i X AR P
W7 BEVERAR, 5 5 FECRERYIRITES, 8,
A DE G5 75 2 Y s 06 5 B 2 B e (R, ARME T T
BHOR NIRRT 2 b AT KB

TE 3DRegNet (3D point registration network )
(Pais 55,2020) H, i FH— 13 & ResNet HLA9IR
P I E8 ARy 43 R | DA S0 B — A S5 I T
PRI EAERE . 3D AT Z MAEE & i LE R
B2 bR AR B R S BRI — A A R

FHRGFIIBOR . Yang 55 A (2020) WL 52 3 1E
(1R R R 22 [ 17 126 JE TLART b B R 1, PRI 8 1 il
A FFE ( compatibility features, CF) 2K 37 55
XFo B, B RO K S A AT AR A A A
RSN HAETE DR, R)E, RE AT 0 i
R R SRR A ERAE . S5 R

BRI A B —A MLPs | JE T3 510 — 038,
B o5 6 X 43S N A5 (inlier) A BE S (outlier) . 5
Yang 5 A (2020) B9 TAEAHEL, PointDSC ( point deep
spatial consistency) ( Bai 55,2021 ) HORAL 48 7 1509
25 [ U] — B 2 R 51 A T IR B 2 2] Gk, 38 1 2
fLF Nonlocal %% ( Wang 55,2018 ) Y SCNonlocal
BRI (8] — B R AE . AR5, PointDSC
JH MLPs i 09 8 {5 BE e £ 50 1 5, X B i
HEAT K TSR A 0 LA B e 4 1] — Bovk (Y SO Y
5 Bn N TG T B e 0 56 SR A W
ARt JEZERELR N 4 7R

3DRegNet ( Pais %5, 2020 ) . DGR ( deep global
registration ) ( Choy 25,2020 ) J7 4% 5 %t B B 2= B
IR Ay S R R R ) 4 I R 0 A
SR %] Ph ] B4 35 IR o 22 A B AR AL, 330 X I 4% 1Y
PG RSCR A BUE ) PRI I 26 T 1 01 0 1A 31 B4R
o RE , AH LG B AL SR A — B PE (random sample
consensus , RANSAC) ( Fischler £ Bolles %5, 1981) 1/}
SRAFAE—E 2205, CF 5 PointDSC Y TAEAS i I 4F
SRR FH 0 248 22 2] % 22 (] e e AN AR 2 0 PR XoF
EREAELAY 07 1B AR A5 50 P A BN & L SR I
e K AT, PointDSC IiE S 0L T2 (R R ) J7
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=2, WiEE, BiEx / FEZINER=EEIGHE

LR A — B S AP NsR & R kA1 H
XSS HEA T A DRI |, BEEE 5 BR A TERE

A TERMSE A — 280 3 R 26 FR L A T8
X EIREE R BREE X AT i B A5 U 3 Fis

________

4
| ! 1 | |
! ' SCNonlocal NxC ! . ! '
s 5 1
| | 1 _J 1
] : S ey :
: | NxC l i e i
| | | ) |
| : NSM FHr NX{R &} | i R, ¢t :
: . v ERE .
I | IR /N "3 ] i |
Feacs - IR | o . I
: N e T i
] | |
| 23
: | =1 | B SAEEM :
' ' 2l | B! kxc kg 4, '
| | ’._‘f S I
| | Z g |
] | m zZ |
' | el I |
I\ ! SCNnonlocal 5tk L NSM itk ) )

Bl 4 s BHFE R BRHES PointDSC( Bai 25,2021)
Fig.4 Outlier removal framework PointDSC( Bai et al. ,2021)

RI ANEBREEZRAEIMELSLE

Table 3 Summary of outliers removal methods

oAy

JimE

RPMNet( Yew Fil Lee,2020)
3DRegNet ( Pais %5 ,2020)
DGR ( Choy %§,2020)

CF( Yang %5 ,2020)

IDAM( Li % ,2020)

PointDSC ( Bai % ,2021) i =S

FIA sinkhorn )22 , 4 & AR — A5 2 XURE A LA 4

T 3 5 T 4 N 50 A T

] 3 ) 4 I 0o A T

PR LT HE A MEAFNE R R s X, SR 5 6 FH MLPs #5473
AR A TH R A E F T B0 A % 09 15

S (] — B RHAE 2R SO0

SRR R T B S

2.4 EEME
T%?Xﬂ“a‘é% E@ ﬁﬁﬁarﬁﬂlﬂ %Nﬁﬁﬂﬂ:‘_

R %n t,mﬁﬂzﬁﬂﬁﬂiﬁ brie, SvD ﬁﬂg‘fr% B‘st%*ﬁ
fife, I H8& At 7 W] L 43 19 55 B ( Papadopoulo 1
Lourakis,2000) , PR AR TR BE A5 2 FCAE A5 2112
o RBa» I3 iR T BL) SVD SR AT 1% (B AE
XF SVD Bl A BEASIA] BRI AR SCAOM AT P £ £
JEXF A IR T B A 5THE
DCP ( deep closest point ) ( Wang #1 Solomon,

2019a) DeepVCP(Lu 25,2019 ) i i &5 B (9 inAU R
SRR S RO B, FEAS TR XT 3 . PRNet ( Wang Fll
Solomon ,2019b ) FEHUE. f B2 2= 19 s Xk, T SVD 1
714, RPMNet (robust point matching network ) ( Yew Fll
Lee ,2020) IDAM( Li %%,2020) DGR ( Choy %,2020) if

i B R (E R R TR B AR AL
5 FANAL SVD SR A NI PEAE 4, PointDSC ( Bai %,
2021) ZEMIZE IVIZRB B RN SVD J57idk , 7RI By
Bl ISR N SR il TR A AR

AOGF SVD 3R fif A5 L A 5568 A8 B 2 bR % 2 57

Do) 265 r B ) K B A R IR D 86 19 2 ) A 4
B3 ot AR EA T A5 3, 1T AR A A 38 R
BAE, R AT RE X 19X 28 Hhodeh B2 1 4 a2k de U BELAV: 17T £
BA AR T A 2 ) 4% T DA 30 o A (R AL B B
R IASCRR 8 0 X6 L S A LS A AR T H AR s =
Hh BRI AR T I 45 X6 A B (A 3, PointD-
SC FEMHER B Bl 15 G e AL F A A SvD 47
BAC, I HLEUS Tl 4R TR
2.5 mBlmATEERIE

Sz B T o A SR S B O T R 6 AR A A
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Th, G BRI 56 28 AT DASE 2 v R4 AR S B DETE 5
R S BRBOR AR B, — ORI 9 35 0 3 2 g 7
137G B R — > TR B 1 28 ) 4 B 4 ik ok
BCHE ] AT i i s 3 S8, R R 4%
R it 2] i Y 65 ( end-to-end ) o 3 F, Vi 2) it X 285 %
A AR 10 b FRASE B £ 1 B — S 4 b, X B AE Y
TR EOR, B A B BN IC AR 55 T3k, —
B 28 AN B ARG S T2 AL F S
() R AR B , A RGA DT i A S — e AN
i 1) i Y 245

Wang Fl Solomon (2019a) $& H T ¥R B i T &
(DCP) J5 % , F 5 s 21 v (1) 45 < B e, DCP
JH Wang %5 A (2019) #2 i #9 DGCNN 222 xi = /Y
% A ( embeding ) , fifi  transformer ( Vaswani 4§,
2017) XF bR SO B AT gt | S0 A B 3
R T R DERFAE DE T (8 AT AR 1) 80 A P 4R A P 6
BOREE S AL, DCP X MBS T 547 1Y & 4
P AE R T HR S B AR R 0 2 X I OG 2R  3X R
B X A STE B RS s R — A X
XAMERTE S (AR E B G 0L T 25 ASRIXT
NECHR

Wang F1 Solomon (2019b) #—2E4&H T PRNet,
FRSHE DCP, 5 DCP % J& JT A5 iy A S5 X REAS
], PRNet & JHER 73 CHE s AT BCIE . LAk, 2 13K
H s o ) 6 IV 9 &R PRNet i B T — Fh 8 51 —3F
WA (actor-critic ) B (i 1] 42 R AL SR 538 s RFAIE
RAF N2 FHIE AR5 8 2k — A R 2% Tl iR ok 2
BOHTHGIVC I B AR, FEVCRCR B i T
VT ] # ) Gumbel-softmax ( Jang 55,2017 ) pREIT
AT argmax BREL, B D) B 1] 4%k I AT USRS 86
B, BeJE M E AR BR E e roRS B, RAEHE
RE B MR 5T PRNet BUS T 545 M 84CR, (1
J& PRNet W 25 155 A1 45 Oy P2 K, O R 7 B 56 37 &
I

Yew Fl Lee (2020 ) %&£ 15 VU it 5592 ( robust
point matching, RPM) ( Gold 55,1998 ) i i} RPMNet,,
FEFRIESRIUER 43, >R H15 PPFNet ALY 2544, ] if
TERFIEH A SR 3 4E AR AR As PR A R AE ; i T 2=
KO 25 R B E S SR KSR 4
BIRE AT RO VC I . 7E sOXT B K BR By
B, Bl A—ANAT 3 sinkhorn JZ , XF VT Fie 46 B EA T #0
J'& SR JE AT IRARE — 045 B 15 R T 1 X g G

%, RPMNet TEMER FIFR 4> 88 T B 10055 i1
A, (EA Y () 9] e A T 28O M B 2 500 | DR AN
EHTHERN Sz A, 5 PRNet 251, RPMNet
ity L AERAU P G T RRRAE I TR A

T AEM R T K E SRR RCR ARG, R
2RO T A FRAAE ) P AR B R IR ) SR
BRI W 2 1) 1 VE BE AR BLEE | 3 R 5 X 220 1
FRAETE A0 By 285w, 1 S5 X g O,
IDAM(Li 55,2020 ) fiff FH 5 S8 A AR o 4 B
STRAEVEEC AR M i, DR BCE AP I DERE &R
T I 4 S it FH PR A5 R AIE B 7 & (fast point fea-
ture histograms , FPFH ) ¥ [&] % #1 ¥ 2% ( graph neural
network , GNN ) SR HEIUGE % AN AR 0 JUARTFRAE | - I
5N SO 4 GERK TR IE A T DR A 21 R 5
BT RHEskE SRR TRk BT 1 4 EUR
SJRFEVCECRE B o O 1 B m AR M AR 1B S AL
SEFNDT I AR 2 A T Y B A T I SR 43 1)
oy 328 ST R R AT R I SSOGT B A R
TR SR E . IDAM 7525 S5 A S 5t
T A B RIB A (N 28 AR S DG B A
PR R G B OGS DR 0 JHC TV 445 SRR T o 265 %
OCHE AR TN

RE R HWHR A A A BCE (deep Gaussian mixture
model registration, DeepGMR ) ( Yuan 45,2020 ) ¥ i
25 9 4% e A B % KA AR ( maximum  likelihood esti-
mate, MLE ) £ 22 4 H 45 55 = H = B 1R & 1518
( Gaussian mixed model, GMM ) 47 ZEAE ) F1) F ¥ 4%
FINAT: SRS 0T B %o oy ABE 23 K 5 A FH AT o3 A
PUtE MM 24, 85 I GMM S 0h A6 et s
fit . DeepGMR Fi| I #f 25 9 2 A5 1 B8 fe K AR SR
TR E & ( expectation-step ) , X W) G AN R W S AN
BRI HOAS 5 kARG, 2 — 42 JRy 1 TC 7
ks

Ginzburg 1 Raviv (2021 ) $& % B2 A — 25tk
(deep weighted consensus, DWC) H F 4 J&y it 1,
DWC & — o W B I 4 | B S TE R Y Jm) R AR Py 42
R A W AR REE (rotation-invariant, RI) | 2R J5 fifi
FHW > DGCNN ( Wang 25,2019 ) 43 HI #2 M RI (194>
JRy FJRy FRRRAIE 388 5 42 SR — SR R A ) 245 1 3 e ¢
AR SRS AR LA UMK S SIS S s R DT
BCRER , RAFEAL K ARG 2R 55 I3 5
IR AR $8 SR B I FE N S RO B 2 R WM 4
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RIE2, VWEE, BiEn / REFIRELSSEEINDHE

IR JE A R AL — B R A XS AR

Lu 55 N (2019) 2 Hy 7 % B M 480 7 i 7 v
(deep virtual corresponding point, DeepVCP) DA f&# 7
LiDAR (light detection and ranging) s 7z~ Bt #f ( H5E
Bl ) v RE % i o sh A XS G, IF R AEA AT T Y
FE R SRR Y AFAE 2R T PointNet + + 42 I 91
SURFIE . FEOCHE R B, 3 3DFeatNet J3 &, X
T 1AM 3 DB N8 TR 1 2 2 B il
—> Topk AL W UINAUZ , FH T HE— 2B HOC
B, TEDRIECHNBE, 9 1 7R H AR s PR 2 X R
AT R e, i T —4 mini-PointNet $2HUZ 4
B AR LT AL . R 8 e e 1B 1 A A 5 R AH
RLPE A TS R 580 i 400X 7 A, 4 T A 3 P A
e, B E TR T A AR Ry JUART 29 SR DL ORAIE 19 28 T
DAY A — 2k

TRIE 4 Jai e #E ((deep global registration, DGR)
(Choy 55,2020 ) J2& F T 2 52 B4 119 I 3] i 19C 48 )
2% TEFRAEHE BUYY BE, DGR % ] FCGF ( Choy %%,
2019b) . TEBSHEME ZLBRB B, RH] T 240 3DRegNet
(S (B4 FEASTR) Y /2 , DGR R Minkowski 51 %8
(Choy % ,2019a) 5231 6D ¥ FRERAE | iy 1 — A
Res-UNet (£ FF #Ul & 4> s X BE R, 8T
PP Ak B A 2P P S AU
il et /M BRSO S A TR

— BT TR R B SR T3 A R 2%
#1531, 41 1. PRNet ( Wang £ Solomon, 2019b ) |
PRMNet( Yew Al Lee,2020) . IDAM ( Li %,2020) ,1H
XA R E G IR AR A TF RS, A BT F 2 R AR
Xt T IERE A S A AN 4 s TR, 3 0 19 7 s S 2
T RN G R b B A TR AE , 3X AT BB R AR DL T
BEHAEAN [ 1263 A b 09 288 il G 3 1) 0 A [m] e

S, AN, TR E R P AR R R TR
2,000, 5w o EEAE R R R T
MARTATREAAAE ——XT W DG R, B % T BT A A 1 %)
N G FR AR 2 BRI ) 552 B BRI
2.6 NG
FE L T I OC R TR BE i s L b 0T 55

FEREUCE SR N R  BUA A B R E it
FEAESEBCRVC FCR SRBOS B OC R 38 2 FRE 4
HURN DT B B (A% 1 56 52 I AN — g SR Al §E 1Y, Horp
A B K B 6 N e L A TR AR 4
B TE B L BREE RV EC Y 5T S s RS I3 5 FH
RAEXT T ECHEAE 5547 8000 o5, XV TE M 2 R 17—
S3 BRI  E TR B B 25 Bk, & Y
MBS E R BRI AR R FE R KT ak, 5 4h,
MPARBTHME 1) PRS2 E 3

SN PR RHIE R B A5 R R BUR IT
Bi, 2) X TAAFERR 4 2 RO, E 2Rk T =
FLFEPIRD, —Fh2 < 8iA” XTI ¢ & | BRI vE$8 B 15 B
e I — 853 85 O3 — PR ZEFRRAE DT AL AT 25 BR AR H
B XIS A R HEBR JE & A e, 3) X T
KIEFE R | R AE X e % i A8 Ak BT Bl
etk

3 FTXEAE

3.1 EXREETE

T Y TR A5 2 TCHE 5 125 A FH X 7 O 22 5K A )
PEAS BRI R T — S AN T % 0 ¢ 3R
UTE %, AR AR BN R 4 Fiis

R % 2 RPN B U Aok 55 A (2019)
#& I PointNetLK , F| F 5 BR T T-net 5% 8t 11 PointNet

R4 IMMEETERERLE

Table 4 Summary of correspondence-free registration methods

Y KR FE TR
PointNetLK ( Aoki %5 ,2019) TE M 28 it ALA T 12 IR/ A WO VAL E=RS
Deng %5 A (2019) my=| FIIF PPF-FoldNet M R4 A ™ Az e B REAE
FMR ( Huang % ,2020) TE [ 26 it AFRAL T % i FH a0 & SRy AR 01 T W
PCRNet ( Sarode %,2019) EE] i FH Saimese 444 T 12 3 244
AlignNet-3D( Grop %:,2019) mYE| 12 ShSEAE R 24T 55
OMNet( Xu %,2021a) mYE| 308 2o 3 T 2 2 DX L R X 4 SRy AR 1 52 )

7 . FMR (feature-metric registration ) SERRAE B P
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PIZE NS s s X A Y g ORI 2345 B 4R
J& R 354 B (inverse compositional , IC) 2 3115
HAR A = 2 R R AR 0 AT O M, e, AL —

MLP (3, 64, 64, 64, 128, K) SR EA%E

AT Lucas & Kanade ( LK) 53508 16 42 Jay FF1iE
2 I 0 25 5319 0 HE A8 e B I 2 A 2 S
I[N

) £

N e < ST L i
- )

------ " - BRI

"""""" g 3 — —KitE
S EETTTEN | 3 B S

___________ N oY) i

? 1

: KB - SR [

(R Azt hss ks P A S Iz S ATHE | sk

Fl5  JOX A2 BCHE PointNetLK ( Aoki %5,2019)
Fig.5 Point cloud registration without corresponding PointNetL.K( Aoki et al. ,2019)

Deng 5 A (2019 ) £ H —Fh 5040 9K 30 19 55 = i
HERI 2%, ] HTAS 5] i A AEL ) 2% 235 F4 AH [ 1% PPF-
FoldNet (fii A& PPF & AR AR FEE ) A1 PC-FoldNet
(R R ) Bt Re R 1 22 S 7 2R 2 5 R 28
DA BB RRE, R FEAE [, % 3T T RelativeNet
EARTIAIN 225 2O A e LSRR P18 3] T
BRI A AT (E A BE ALK

PCRNet( Sarode 55 ,2019) 42 H —FP 450K 35 49
J7#: . 5 PointNetLK /AN [f], PCRNet ( point cloud reg-
istration network ) ¥ I~ i 25 1 2 JRy RRAE AT PF 3,
HEF I Siamese ( Held 45,2016 ) Ay /9 2% 2254
WMIBEZH, GroB 55 A (2019) Beit T —Fif i 4%
AlignNet-3D HIF 3 dE BB RS, %7 5K e
SEFA RN 23 A AT IXR] H 0 2% 50000 5 A i
DX ] 5 Jo T — £ 32 2645 3 S 4 W e e A o 2
B, FHEE EECUHE (FMR) (Huang 45,2020) WA T
PointNetLK F 8 i, {HAS [ (9 S, FMR ) T 18 742
AT 305 R ol S B0 2 — A A 2 (B ALXT 42 ey
FRAEEAT (A] 42 0B O 0% A e 2 0t Ry 1) 4 I
Jo A A e B e R AR S 8] 3 4E i =, X Fh
D5 AT LA i e B s Tt e B 1 O NIk 2% . FMR
TE LSRR AR Th AT 18R RS B | [N 5
FRESBA —E &, A FMR £ A A
LRGN CE WS S UiV

Xu %8 N (2021a) $2& 11 T OMNet ( overlapping
mask network ) , A T bt G dE HE S 5 TR TEZ N, TE A

YR AEAR 3 B TN VR 5 2 D B AR S o ) S
i X AR B S XS T A 8, SR 5 PR 2 MLPs A
A1 B 4 Ry FRAE H TN A X 32 3 S 80, OMNet
1 B ok T A DX IR i A 4 Jm RRAE 22 B T3, LS
T HHTESEH R,

H HJCX R 738 # # R T 5 PointNet 2541
F14) D) £ &35 g FH T BBCJRR R 25 () 457 28 1 42 JRy R 11K, 7
LA AL T B B, PointNetLK ( Aoki %%,2019) . FMR
(Huang 5% ,2020) fift FUE AR 7k | AFAE i35
HERT LA R SR AL THE S 248k, & TR R
FEES . FoAb A TN T T R Yy T2
SR, IXRE BT Ab 7 T Bk e S T B B Y )
B, 38 3 o 4% 2% 2J D42 Jmy RRAE 238 sh S5 et , A
A5 4 R R E 5 e b J 0 243 [ o7 5 () A8 A, L
BB 2 I T 9 45 X I 2R (27 2
3.2 EXMMAESENNAENILE

AH T 35 X6 O R 9 7 1%, JORE I vk B
FTE TP 15 2 BRI 24 B AN 2 Sy Ll 5
BB T TR 56 R B IFES, FRAR T 5 2eAb HL Y
MERE X RS T EES BT B2, fE
A XS5, SVD SR B R AT R O = i
TR g A A ) Oy X A A, X
SR R B R AR 245 B 4 Jm R AE LA fh e
I S Y [ 35 R 2 2 SIS B, iR SVD
AR XX NG R AT R TR SR
J7 T, TOR R BCHE A gy 2 AR E A& X T
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RIE2, VWEE, BiEn / REFIRELSSEEINDHE

P, FEA SRR T B BT 0 W B AL SR e 42 )R
FHIES AR (L 215 EME—FH O, 0 T8 U3 ) TS
e, JEXIN 71k P OMNet (Xu 45 ,2021a) 8 2 4k
W28 454 5 I AT S X FIBOR ISR T 2RIk
PUFYLRE Sy, HE MRS 58 1 76 R K0 A (unseen-
categories ) 445 _L(iZ ALk RE , BUS 1S9 45 R
N TAEZAL RS, S35h, BRI T AR A
T Bt R BCHE A JOX N 5 YA RE gk S it 5
XIS ZR A A Y — LB ) (H HCE m RS2 B 52 2
Hen e S B R AR AT R iE 5

4 PEREITRM

4.1 AFHEE

ARG T 3 Y pd 2 e U Y e F B 4
AT BCHEAE 5510 3 4 s B FE T Loy 2 . &
%1€/ 0E SNSRI 7/b oy €T SNSRI /bas i € SN
HIHOEF I8 80 RGBD M ML A5 4845, 61 3% 7 4k
NG, AR R A N A R R R
(1) 3 HERERL . Zhang 5 A (2020 ) B 28 %F 00 AR
AT TR B2 AR ST H A e BAURE R
BTN,

1)ModelNed0 ( Wu %%,2015) ., Hi 12 311 4~
A1 75 WS RN 5 5 5. CAD ( computer aided design )
PR AR ZH A, B A 1 40 ASH LRSI % B e 4R
FEMT R RMER, [F IR AR R TR
) R B HEUE b 2 5 B AR . AR UL
http : //modelnet. cs. princeton. edu/

2) 3DMatch ( Zeng %5, 2017 ). % ¥t 4% 4 W
SUN3D( Xiao 45,2013 ) ,7-Scene ( Shotton 45,2013)
55 3 Y AR A TP R TR A4S 62 DA
Y s RGB-D WiJ¥ 51, FREUHb AL : http ; //3 dmatch.
cs. princeton. edu,

4.2 MEEEITFMIERR

R T VAR BE 2 ) S s Fe S M
T EAS A0 RPN R AR AT BE i TR
B BCHER) 250 R BE PP b v AL BB BOR T, &
B3R AR DG C RE R R 22 A AR/ R
WP BE AR AR AT IR AN A 230 4 i G
FH 501 oA T H 2251,

4.2.1 RFAEDURCRE G
SFAEDEIC BE R T T A R AR D A R

PERERYEFIR  H B 5 LU P8R

1) N ACERA (inlier ratio, IR) o IZ{HZF /R FRAEIT
T A 80 B DG R o T PR G R A, X T
—HBEERXTNRR (p.q) € M, ,NxILHN
Lo A}i,f ‘(p,q)ze'Mi_jl[ [Rp+t” —gll<m]

(3)

A, 1[ ] F9R Iverson $55  F55 P M EH I 1, &0
O, R" 5t RINELMNER PR, r, FR
oo/ NI B R 22 A

2) R AE UT B A A 2R ( feature match recall,
FMR) , HERZRBCHEAE 55 P s oh A5 B v O AE 55 o5
SBCHEAT 55 1 e i) 35y

1 &
R, = le[Rli > Tz] (4)
i=1

Ao K Fon B dE i TR R J = X 0, R,
TR L DR L], 7, RN R
8 /N

IR 5 FMR 19 EZ XA T, IR T B4
P = BRFAEVE BC RO PERE , T FMR J2 T84
P4 vh B TC 4 I8 1) TS P B i (fRY IR A
—E BE G AT DA e UBC e ) |
4.2.2 BCHERZEE R

1) #75#R 1% 22 (root mean squard error, RMSE) |
Y7717 2% (mean squared error, MSE ) 5 3 25 4 X} {2
7 (mean absolute deviation, MAE) 43 lic N E, |
E, E,

1
E = |[—— Rp +t-ql* (5)
1 \/M;,j ‘@,EM&H P qll

R

1
E, = ——— Rp +t —q|’ (6)
2 ‘Mi,j‘(p’q)z‘;Min 14 QH
1
Ey = Rp +1 - (7)
’ ‘Mi,/ ‘(PJI%M:[‘ P ‘I‘

KX, R 5 ¢ Fox Al 0 WIS e, X5 0 OC &
(p,q) eM  FoREFMXPICHR, Wi AR
Pras, UL b iAo m] DA ol J32 i i 11
FEAITVERE
2) FIXTFFL 1% 2 (relative translation error, RTE)
FAEXT e 1R 2 ( relative rotation error, RRE) T
PR R AT S B SRS R 22, HERA oy
B (em) (JE(°) 3HRA5
E, = et |, (8)
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R'R") -1
E, = arccos(%) (9)

A, R 5t o ul 3o HESLH e PR AR %
tr( ) FRORH R,
3) 18l M1 B B ( chamfer distance , CD) T2y F b
JE R AFTERNAS BRI 50T RO BCHERS B2, )
D = X minlx -y IF + 11 3 miple - 5[
(10)
A, X, 5 Y, AR AR s, X Y
T B E IR Bir s a, Z A Yew
il Lee (2020) 421
4) Fe v A [7] % (registration recall, RR) 7~ 24>
Bt 4R v BCHE R 25 /0 T — E BE Y A8 B XY e
i, B
R, =}JZL}1[E1 <] (11)
A, ¢ NEHEE TP T EER S o B, B, &
/N RMSE 1222, 7, &/n s =X ) RMSE 12 2 B {E

RMSE MSE Fll MAE J& i H &~ 12 1 & 45
b, {0 E A 45 1) 55 M (anisotropic ) U HE &5. . RRE 5

RTE J& 5 PR & /1 8 5 VB I 5 2 T8 b, &%
] [A) 1 9 (isotropic ) o, LA _E 5 8 1 A8 X6 i %o Ak o5
=Y BCHEAATEA ST AR, T CD s dRe A TE Y B
i, AN FE SRR PR BCHE TR SN SR T
HERYRLE 3 A I RR 7 56 A5 40 T o o i 5 oy
Iz
4.3 BRSRTEIEE AT

TEA WU B b N AR A e 4R
BN (4 b 30 7 2R 2 %o Bk T s i, A, —
SERR D AT XA s py g s e, iR E & |
KIEsEAE, PRI A/ N X LG T2 A4 50 b A
KITERPERE.

TER S S5 T YEREXT LR 5 R, H
e JEXT N 3% FMR ( Huang 55,2020 ) . OMNet ( Xu
4,2021a) 7E M L AH 3 F PointNetLK ( Aoki 55,
2019) I TR R BY$E T, X A5 5 T R0 2% 25 4 1 1
b, 35k, OMNet 51 A T 5 B XU I BR A4
T FMR SR B 4F, 765 T X0 6 R W5 iE
DeepGMR ( Yuan 45 ,2020) 2% J& T Fr A fig A s i %
DR PRI TC v 0 70 T 2 I s R O AT 55

&5 ModelNetd0 E i THMAEB R BB A
Table 5 Partial-to-partial registration on ModelNet40 benchmark

LT RMSE(R) MAE(R) RMSE(#) MAE(t) AR EL
PointNetLK ( Aoki %5 ,2019) 27.589 16. 047 0.151 6 0.095 5 10
DCP( Wang 1 Solomon ,2019a) 7.353 4.923 0.065 7 0.045 1 1
PRNet( Wang #l Solomon,2019b) 3.241 1.632 0.018 1 0.0127 3
FMR ( Huang % ,2020) 4.819 2. 488 0.034 5 0.015 8 10
DeepGMR ( Yuan 4§ ,2020) 19. 720 10. 227 0.091 5 0.059 6 1
IDAM ( Li % ,2020) 5.188 3.114 0.037 7 0.020 8 3
OMNet( Xu % 2021a) 2.203 0.910 0.015 5 0.007 8 4

SRR B Xu 58 (2021a) B9 TAE I T4 R 55 B L (H ; RMSE (R) \RMSE () 27 {iff 3 75 i 152 22 1 i
HAERE R MRS 10 & ¢ MAE(R) MAE(#) Rl - 40 00 1R 22 B B e 6 R R FER 1 & ¢,

TEANRERAE ST A ERAT U A 5% 6 FTzs . DCP
( Wang £ Solomon ,2019a) 5 DeepGMR ¥ 45 i FH 1%
R I7 2, PR PRAT 33 AH B oAt 7 2 BE R
PointNetlLK 5 FMR 5 2 5 & 1157 4 Jay o il FIAE AT
FEAE G, T OMNet >R I 17 81051 %) J7 2K 39T 0 AH XF 25
A, G (o 2 2 BE A (0 G U TR AT L
B NI 4R 5 TSk s T, AT RPM-
Net ( Yew #1 Lee, 2020 ) ., PRNet ( Wang FI Solomon,

2019b) ,IDAM( Li 4,2020) 7ERRUGERhEE M T
FEAF SRR B A ARAE ke T BB TR AE Y
FEES, I FLA A DGR s BOR 5B T — 3843 26T, R 1
BT E R, R PRNet 2R T 565 S H A 2
P43 T IE R, A T3l FEATS SR 508 . D3 4h , RPM-
Net 3EAHL T — 0T R G ZR I BE AT R 81 3 F oy i
FE S BCE I Z BIEBUT  HRE R EE T R N
A JRBCHEPEREXNS L INEE 7 s . AR 248



Eo7E/E2H/2022F2 B =02, WWiEE, EiEx / REZINMS=EERIGHE
6 ModelNetd0 A T & EEERERESWHITEE
Table 6 The execution speed of each algorithm at different sampling points on ModelNet40 Benchmark
m PRI

512 1 024 2 048 4 096 #i
PointNetLK ( Aoki %,2019) 73 77 83 89 B
DCP( Wang F1 Solomon,2019a) 15 17 26 88 S
PRNet( Wang £l Solomon,2019b) 79 84 114 - B
FMR ( Huang %% ,2020) 138 158 295 764 U B
RPMNet( Yew Fll Lee,2020) 58 115 271 726 bue =]
IDAM ( Li % ,2020) 27 28 33 62 SEil=|
DeepGMR ( Yuan % ,2020) 9 9 9 10 eS|
OMNet( Xu % ,2021a) 24 25 27 32 1

VE SR LB R A Xu 55 (2021a) (9 TAE, AT EELL ms S BAA < - 7 R TR , AL 04 R 1551 e AL

%7 ModelNet40 E i T&FHE B E R
Table 7 Global registration recall on ModelNet40 benchmark

RR
el
SRR I AR IR Img P S IESTNne S
DCP( Wang #1 Solomon ,2019a) 0.99 0.94 0.54
PointNetLK ( Aoki %,2019) 0.44 0.38 0.13
PRNet( Wang 1 Solomon ,2019hb) 0. 64 0.57 0. 30
DeepGMR ( Yuan % ,2020) 1. 00 0.99 0.99

VE Bk A Yuan 55 A (2020) 19 TAE  ITHL AR B8 e L 18

EE VIR LT BB HE, DeepGMR 1 DCP 73X
PR & S AL TS AT RE  {H DCP iz 4k
BRI 2% | 3K AT RE A A A HLARR AR B8 HURE B 1 32 Ak

g5 LR B R 2 B e S ) & R 45T
AR R ORI VA ANt 15 = e/ M N < 2 2
B8 7 W ENRT IR Z BV — 2 W R
R, B 40 . DeepGMR 7F 42 J&y e #fE HH IS T 0L 75 1
S5 B I TCVEBE HE TS o 5 S 1 o5 = B s e Ah 7
B RS L AR TR A B 5 1 7= A R AR ME R A
FE MG — AN IEMXT L, £ XERRE 55 15—
A AN P S
4.4 EXRRBEERAEMREITMA

H AT, 75 B S8 v i 2 oy k800 IR 2 T
VEZERFOE SR B BE(E L PR A~ 2R B Bt - a7
T EEE, FRIESRBUN TAEMI X2 B
PRAE ARG8T R,

7 8 /R T4E 3DMatch HUARIEME | 32 ARAE $2

PO MR . DT R B | R AR R RS2 U
ORIESE I T Rk R R (A B, e AE DL L [ ]
R AN BB AR ) LA B ER
$27F. 3DMatch(Zeng 45 ,2017) RI&EIF & THEKE |
SRS ZAFER T . CGF (Khoury 45,2017) . PPFNet
(Deng 2§ ,2018b) il PPF-FoldNet ( Deng 4 ,2018a ) { #ft
TXFF AR AT Z R i, BRI T M 45 12 > fig
1 MERRE R  IATR WA A B 2% Y N REAE B
PUE e 4 e A3 3 TR KA, FCGF ( Choy
£5,2019b) MM T [ 2 K/ IR R AT R R B
R, 3 B0z A P RB 3 25, Ms-SVConv ( Horache 4%,
2021) 7 FCGF BYFERE I, 38 13 22 RO B s 7k 4
FBURIREE R TiZAkAe )y, 3580 T B e, m
SpinNet( Ao 45,2021 ) $Hi A s =5 AL W IRIFER R
FEAN T B I 5 1 5 1) 15 L T B T 34 1 12 Ak 3
. SpinNet [ RINTE—ERERE LB . A0 He T aloke
H AR T P 4 192 2 et A Y 5 | AR AT A
Th PR 46 2 > B 5T NI R A s RRAE 1 7 2K
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&8 3DMatch E/# THI4F{EITE
Table 8 Feature match results on 3DMatch benchmark

FMR/%
TR BE/s  FRIE4ERE EiEhgTR
FLRIRAE  ERE SR A ETH B2fk

3DMatch ( Zeng % ,2017) 59.6 1.1 16.9 3.21 512 %
CGF( Khoury % ,2017) 58.2 58.5 20.2 1.463 32 &
PPFNet( Deng % ,2018b) 62.3 0.3 - 2.257 64 %
PPF-FoldNet( Deng 2 ,2018a) 71.8 73.1 - 0.794 512 5
FCGF( Choy % ,2019b) 95.2 95.3 16.1 0.019 32 2
3DSmoothNet ( Gojeic % ,2019) 94.7 94.9 79.0 5.515 32 w5
D3Feat-rand ( Bai % ,2020) 95.3 95.2 26.2 - 32 B
D3Feat-pred ( Bai 4 ,2020) 95.8 95.5 61.6 - 32 B
SpinNet( Ao % ,2021) 97.6 97.5 92.8 - 32 %
Ms-SVConv_3( Horache 2 ,2021) 98.4 - 98.9 - 32 B

TE =7 BN ARARAFAH L ; e I 0 s 2 A JsUn K I RERE 1 SO (3) 4 AT REREHRE . e 3 5 2 X I i Kl

I REALE e A T Ab B

%9 JB/R T 7E 3DMatch Fo# R UE b o5 % B B
H LM RE, 35 )3 9 DGR ( Choy %5 ,2020) fdi
BHEAE 2 B I 48 B B O o HRUAS JLARL g 0051, LAk
AR AR AT RANSAC ( Fischler #1 Bolles, 1981 ) 44
A R AR P 15 ( safeguard ) , 3DRegNet ( Pais 55,
2020) R H T 5 DGR —FEAYFR1E $2 BB B FCGR
53 W 2 A5 G5 A 1R TR A R ROR

2% ,31X 5 3DRegNet R I 50 11l 25 14 J7 =X A W) 2%
FRLA 5, B L $2 A PointDSC ( Bai 5% ,2021)
AR T LT RANSAC MR, JB/R T M & M 4% 15
BIREAE LB A 7, 1 i i 3] s ) 2 AF 2L S EK
P aFE B R R, Bk, IR AR
() BLS 0 Bt B vEE A R B B ORI R B

Z3 (8]

#9 3DMatch E# FHBEEEXR
Table 9 Outliers removal on 3DMatch benchmark

R RR/% RE/(°) TE/cm R/% ] /s
FCGF + RANSAC-100k ( Fischler 1 Bolls,1981) 91.5 2.49 7.54 85.30 5.50
DGR ( Choy %5 ,2020) 86.5 2.33 7.36 78.94 0.56
DGR + safegard ( Choy % ,2020) 91.3 2.40 7.48 78.94 1.36
FCGF + 3DRegNet ( Pais %5 ,2020) 77.76 2.74 8.13 56.28 0.05
FCGF + PointDSC ( Bai 2§ ,2021) 93.28 2.06 6.55 86. 54 0.09

TE 28Rk A Bai 55 A (2021) (9 TAE R A AL DL FCGF AR BOARRAESR IS , UL 540 R 9 F Al (R

4k

5 & &

Mz BEHE A 22T SN SE O 4 24
O3 o AN SCRIREE 5 2 BCE U A AT TS AT T 253
T SRS A TR A S BCHE DT R RS RO R 20
PIRIE  FEARIZAN S 25T T VR4 73 2 B 3R A

P, RIS T BT EAEA R R Y
PERE, HB, TR S = IR BUS T B R
HEA AR ATH SRR LG e LT 5K, 322 10 PRI R
TEGBRIERRZ AL PIANTT 1), § B0X L8 (R B R A
RZ HeIn: KRR F S (B R & AR 00 iR
P RPFRIE ORI 50 T i A S A ST 4
5o BIRIXLEMIE B EE T A T AP RIE
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RIE2, VWEE, BiEn / REFIRELSSEEINDHE

SR, XA R Z A /R, e, ASCH AT
2 BCHE AT A Pk X — o &, 6 o Sk (R BF 5
PAATREE

1) ZEAS [ 9 R FH 3 55 v, 380 32 T I 9 0k S
[F] , 33O6) 1 2 P R B P 3 P P 10 T 2SR L SR
M\ E TR GE B Bk, & 38 A SR RE Y
IF ., TR 56 R AR o P — Nk &k
KA e s S S8 i, T B e
ZAEE AL EE PRI, R e | A L AR
2 T 32 X0 (R A 5 A

2) IS AL SR AR AR U, 2l H T A Y
REL A 11 75 20308 70 76 5 19 o = 0, B X I S B i
HEA T T T R RME Y, RV H R — i o T
KT RENSHETS 4 T T e G X 4% {H I H X
RAE—EMER, BT T —AE ek r 8
— BRI N IR T T4 B S X I 4 ( Sa-
rode 45,2020 ; Huang 55 ,2021a; Xu 55,2021a) , KB
Oy S ML N AT N, XTI R
% E S R SR A B A, DT ZEAR AR b i e 43
B A BCIE R IR) A PR EL A 5 K 1) oL FH A0 (R i
s [a],

3) B S AR AR I 0 A, 38 R 1 FH R OR
FEXT s = HEAT AL B, SR 1T AR A T RE 2 T BURR L
flfE BB AR TR B LT RAE i R, Sk
SR BEA RV AN AN B TR R X
WEAT 55 R0 it 5 T NI 55, vl DL 2 R AR
PIAE SR FE T D BT, X 1 78 LS 3 v
PIRECHE AT R R S, BT, B SR B AR AE A
= BCHESUS A B Tz B (AR E Y S
B PR R R SO AS B, SRR B 20
PR Z R MLPs M 2z ) W 2 vk, Rtk JF
R R A 1) S A I AT AR 2 BB Bt ik
Fff YL r ] R

4) LT 101 A 1 2 BB 2 B T 2 7E B S 40
5 BC v R RS BRAR R, T SR AR 1% 2
i) RANSAC ( Fischler F1 Bolles, 1981 ) 23, 9K 1l %
A B BEALE , kAR Uk B R H RS
ARG K, — S 5E & K RANSAC 58511
ARG B B2 25 rp S T AR RCR X B
P2 2% S G AR B 45 & A BRI 1, 85
KVt , A5 07 VR AT 135 W A RE A T P 22 D) 286 D A i
KIGHLERE ST, WaDKs PO 0 AR Bt A7 45 & 02 B Rl

WFFE I

5) JCX I E HE T 1 AR T 2 > A 22 A S Y
SRR, SR T 28 0 45 27 2 o B 4 Ry Al 2 A
AR A ARMEER M 299, BUA O AR U
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