1007-4619(2024)12-3074-20

National Remote Sensing Bulletin

ETREZFINAN R =NEEENRSEE

B!, £, ®ENX', EXZ', TFF’, KA4'

LA B TR HhFRZs ({5 822k, A0 450001;
2. TR 2238 s B TR K H s %, i 430079

B OE: SaNIMEEEE N =4S R BRI — WO 55, EAZs . ALER A @R, BT, Dk
B AR SC AP 25 05 T BAT 2 I o B TR A ) B s s O T BE AR S I 8l > AN T B R S ARAE IR
FHER R B BCHERS L o DA Xt sl BEHEREAT BER AT LI IRAR , R SO 2T IR I 27 > 9 10O sl = WP S AT S HR
WFFREART T R GRS 00T . e R 7 T IR ) R AR R R IO s 5 R, ARG RS %
A WSR3 285 T IR ) ST IR MOCHT ST I s 150, X BT B 0] T sl = WIRE BCHERY 20T

R IR

BAREIAT T M 509, )5, X 2 HEDR R BRI T T

R GIIANAFETT 1) AT R

KA B, iz, NIWERCHE, BESE), RREEE, WRDCRME, LIS, R, Rl

hE 42 S TP391.7/P2

IR BRE, T, R, EXNR,IAHF, KRE204.EFREFINAN SN ERATREH#E . BREFR,28

(12) : 3074-3093

Zhou R Q, Wang P, Dai C G, Wang H Y, Jiang W S and Zhang Y S. 2024. Status and progress of deep learning—
based pairwise point cloud rigid registration. National Remote Sensing Bulletin, 28(12) : 3074-3093[ DOI : 10.11834/

jrs.20243396]

150 &

Ffi# LiDAR (Light Detection and Ranging) . 7.
PRAHAL AN 45 4 D' A% A A5 o 1 48 et AL A A
b, =4k B SRIBUBOKR BT, SR, [E
WANXT =4k 5 = A PRI T R B B e 55 0
5T, WHECRE & Z N T A s gl HLEs
N Mg, Y7 . Tl et B SC R4 55
G (VSOHF 45, 20245 Eifk 25, 20245 ek
A, 2021)0 BRI, T EARE YRS | BEAI
PR A BRAE I SR, R0 AR B A 1 B
B RESE U S 5 (B H AR ) &5 3R 4L
PRI S TR (B EBR) A sE R,
W wERT 2 AR R R, DIER
2B By . R B S Y 1 XA
o L W TC e e e B o = e R B AR
— AN, ARG — SE T SCRY AR, XA ] 3
AR AR SRR B 1 =4 8 m AT R, . PR,

rim HHA: 2023-09-15; FIENZR: 2024-05-08

IR 2 1w PHEN — 788 R) =i i = (BB
o, 2018) . sl FIVEBCHELE =4 i 2 i b B
BRI S5, Ras: =4Edst . Hiniinl. S5t
PR B E R, A E AP RN

KT M= NIVERC RS R DB . 1992 4F,
Stein fl Medioni (1992) 42 T % T splash F# i i
WAF s s B % o [AAFE . Besl Fil McKay
(1992) i 1T EACAIE LB AL ICP (Tterative Closest
Point) FEVER MR A = WIVERS FCHER . 2 )L+
AR, RS AR T A R AL A A AT (]
4n Spin Image (Johnson FI Hebert, 1999) . 3DSC
(Frome 4§, 2004). FPFH (Rusu®%, 2009). RoPS
(Guo %%, 2013) . B-SHOT (Prakhya %5, 2015) .
BSC (Dong%§, 2017). KDD (Zhang %, 2021) )
Fl—ZRFIEF ICP (Besl fil McKay, 1992) 75 f
B (BN Generalized-ICP  (Segal 45, 2009) .
Sparse ICP (Bouaziz % , 2013) . Go-ICP (Yang
&, 2016) ) CREEE A mECAEMTERE . BEE P

BEE£WE: FRARFBAES (G5 42271457) 5 DR FM 238 185 B TR T S S0 S AL 4 (405 1 22E03)
F—1EER— N IS R o =4 s ECHE S A, E-mail: zhourugin@whu.edu.cn
BIEEERE N LIS, B985 10 A HOE S 2 7icHE, E-mail: wpu2023@163.com



SIS A5 o RETURBE A T (R BN 5 2 WP TR IR 5 ik J 3075

D 28 1) PR A e, TR BE 2% 20 Ol i s L E T RE TR
HYIE B o — R T IR 27 2] 1 A5 = T 7fE ™)
% (W DeepVCP (Lu%¥, 2019) ., DCP (Wang %%,
2019¢) . PointNetLK (Aoki 2%, 2019) . PCRNet
(Sarode %5 ,2019) \PREDATOR (Huang %, 2021a) .
FlowNet3D++ (Wang%¥, 2020¢) ) ZEH AT, I
TERC RS B2 RT3 R8CR A5 5 T s B R 77 .

RECAH R BCESRINEER, SR, T
TR S B BCHEE T LR R e, ©A I
ZERA A RE 2 S A AR . HiP: Guo
S5 (2016) AXXF 2014 4F LU A9 A% 56 45 2= BC e 7 %
i Jey ER R H IR A AT T RS R EBSE S
Cheng 5§ (2018) {RAET 2018 4ELAFT R & 5
1B RO B S A BCHE T L5 Zhang 5% (2020b)
FFLLRS (2022) LR FXFEET X0 R FTCXT
I G R I ECHE DT R AT T RS 5 0T Huang
45 (2021b) AR5 A5 2 T o 0 S5 56 2 TRCHE 1 £
JEH A, X 2021 47 i A9 5 73 1 2 BE 1 SCHR AT

KHRE, EAOTR TR BCHE | 3 T AR
> A TR YR S 2 i XY C VDT MR EAT T4

HUEZRAR, ARSCNRE ] J5 ikt %k,
XoF RS 1z M T 7 i SRR BEREEEA T 2R S8 B9
Profeal, MR fR . 3 28 ki 2 Bo g Al
BARAE 3T I HEAT TR A 41, T %40
SRR AMIFETT 1) BEAT FEER

2 FETIREE S I R RS2

FETUREE 25 2 19 05 2= BCTRE 7 v e ol SRS ) 20 B
Z— =R M4 B 25 B ) A
PEVERRIESE R . A SR A S s FRNER,
WMEN IR, SR RS SRR N 457 6
K& BETEREMMLMLEE | T AL
HETREIMEMY . ETIRAWZEME . TR
HLIF Transformer £ B LA R 2% . R 2] HRFAIE
PRI 28 KRt L HE T ik et inEk 1 s o

VoxNet . PointNet++ PVNet PVCNN SpinNet
(Maturana et al., 2015) (Ric”l;’;‘g\:j_‘. 2017 h(Q;_e\ 1_111., 2{0!7) ~ (Youetal, 2018) (Liuetal., 2019) (Ao o al, 2021) PoimtVector
hitps://github.com hnpbs: github.com/ clltrltl-p[:g;%l;m(:i.;i:?c]rz https: ﬁllhnb_u\(ml https://github.com, https://github.com/ ,_ »(DQ|1(;121 a;,g;y(l)z”
monteyang) gricglerfoctnet arlesqs4/p: DGCNN/JUJ(\ pvnet mit-han-lab/pvenn D3Feat QingyongHu/SpinNet RepSurf © v
VﬂX"C‘~PY‘°"Ch_ FPNN P\Olﬂﬂ\c! (Wang et al., 2018) Point2Sequence (Baietal., 2020) _ Graphite SGMNet |(Rm? d “}"1:“.:2)
(Lietal., 2016) (Qietal., 2017) https://github.com/ (Liuetal., 2019) https://github.com (Saleh et al., (Chen etal., ﬁ%:::\j:: ;?:p:(l)::;

https://github.com

https://github.com/ !
charlesq34/pointnet

yangyanli/FPNN

WangYueFt/dgenn

3DMatch
(Zeng et al., 2017)
https://github.com

andyzeng/3dmatch-toolbox

3D ShapeNets
(Wuetal., 2015)
https://github.com/
zhirongw/3DShapeNets

O-CNN 3DFeatNet
(Wang et al., 2017)
https://github.com
Microsoft/O-CNN
PPF-FoldNet
(Deng et al., 2018)

https://github.com
XuyangBai/PPF-FoldNet

Kd-Net
(Klokov et al., 2017)
https://github.com/
fxia22/kdnet.pytorch

I R e
I (1) 2 Y

https://github.com/
liuxinhai/Point2Sequence

(Yew etal., 2018)
https://github.com/
yewzijian/3DFeatNet

I )
I i 2

XuyangBai/D3Feat ~ 2020) 2021)

PointDAN ParaNet
(Qin et al., 2019) (Zhang et al., 2020)
https://github.com/ MS-SVConv

cangin001/PointDAN (Zhou et al., 2020)

FCGF
(Choy et al., 2019)
https://github.com/

chrischoy/FCGF

SiamesePointNet
(Zhou et al., 2020)

I T E i

BT T IR ) AT AT 27 ~] I 4 6] 8] 2 g Jik 4

Fig.1 The timeline of the development of feature descriptor learning networks based on deep learning
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Fig.2 The basic workflow of correspondence-based point cloud registration
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Fig.4 The basic workflow of point cloud registration based on pose regression
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Fig. 6 The basic workflow of point cloud registration based on scene flow
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Status and progress of deep learning—based pairwise point cloud
rigid registration
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Abstract: Point cloud registration is the spatial alignment of two or more point clouds through geometric transformations. As a

fundamental task in 3D point cloud data processing, point cloud registration is an important preprocessing operation for tasks, such as 3D

modeling, object recognition, and scene understanding. Given the nonstructural, sparse, and uneven characteristics of point cloud data, point
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cloud registration remains one of the hotspots and challenges in computer vision, mapping, and remote sensing, although many studies have
been conducted on it. With the emergence and rapid development of neural networks, deep learning demonstrates huge utilization potential
in applications, such as point cloud classification, recognition, detection, and reconstruction. In recent years, many researchers have
attempted to apply deep learning techniques to point cloud registration. Deep learning-based point cloud registration methods can
automatically learn highly discriminative and robust point cloud features that contain geometric structural and semantic information, which
are crucial for achieving high registration accuracy. In this study, the research on pairwise point cloud rigid registration technology based on
deep learning is systematically reviewed and analyzed. First, feature extraction networks based on deep learning are introduced. Second, the
progress of research on registration methods, namely, correspondence estimation, pose regression, and scene flow estimation, is reviewed,
and the characteristics, advantages, and disadvantages of the three methods are summarized. Third, this study systematically summarizes and
categorizes existing publicly available datasets that can be used for rigid point cloud registration. Last, the status of current research on point
cloud registration is determined; the advantages and limitations of existing methods in terms of feature learning, registration accuracy,
registration efficiency, and other aspects are explained; and future research directions are proposed. Specifically, three exploration directions
are presented. (1) Existing deep learning-based point cloud registration methods require a large amount of annotated data, and the data
annotation time and manpower costs are high. Methods, such as few-shot learning, self-supervised learning, weakly supervised learning, and
unsupervised learning, can alleviate deep learning technology’ s need for large amounts of labeled data to some extent. (2) The matching
primitives in existing deep learning-based point cloud registration methods still focus on 3D points. Compared with geometric elements,
such as 3D line segments and planes, 3D points have high ambiguity and mismatch rates. In the future, the use of deep learning techniques
to automatically extract the geometric structural elements of scenes from 3D point cloud data should be considered, and the registration
problem of 3D point clouds in large scenes should be solved based on these geometric structural elements. (3) Existing deep learning-based
registration methods mainly utilize the spatial geometric features of scenes, with minimal consideration of semantic information. In recent
years, rapid advances in deep learning-based point cloud semantic understanding techniques have been achieved. Therefore, in the future,
the combination of spatial geometric structural information with semantic information to solve the registration problem of complex scenes in
3D point clouds should be considered.

Key words: remote sensing, three-dimensional point cloud, rigid registration, deep learning, point cloud feature, correspondences
estimation, pose regression, scene flow estimation, registration datasets
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