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Introduction

« Summarized the development of point cloud registration from 1992 to 2021, including
same-source and cross-source; traditional optimization and current deep learning
methods; also summarized the relationship between optimization strategies and deep
learning.

» Established a new cross-source point cloud benchmark and evaluated the performance of
the most advanced registration algorithms and made comparisons.



Problem Definition

Denote x;7(i € [1, M]) and y;* (j € [1, N]) as row vectors
from matrices X € R™*3 and Y € RV *? respectively. X and
Y represent two point clouds, and x; and y; are the coordi-
nates of the i;;, and i;;, points in the point clouds respectively.
Suppose X and Y have K pairs of correspondences. The goal
of registration is to find the rigid transformation parameters g
(rotation matrix R € SO(3) and translation vector ¢t € R?)
which best aligns the point cloud X to Y as shown below:

argmin  [|d(X, g(Y))||2 (1)
ReSO(3).teR®

K
where d(X, g(Y)) = d(X, RY +1) = El xx — (Ryx +t)||2




Challenges

« Same-source challenges: Noise and outliers, Partial overlap.

« Cross-source challenges: Noise and outliers, Partial overlap, Density
difference, Scale variation
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Fig. 1: Taxonomy of point cloud registration
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Optimisation-based registration methods

Optimization
_Puint clou d_

v

Correspondences Advantages :

1) Rigorous mathematical theories could
guarantee their convergence.

2) They require no training data and generalize
well to unknown scenes.

Transformation

Limitations :
- Many sophisticated strategies are required to

(a) An optimization-based framework for point cloud registration. Overc_;ome t_he_ variations Of_ NoISE, OUt“erS_’ _
Given two input point clouds, the correspondences and transformation density variations and partial overlap, which will

between these point clouds are iteratively estimated. The algorithm jncrease the computation cost.
outputs the optimal transformation T as the final solution.




Optimisation-based registration methods

EffientVariCP High-order graph
(Rusinkiewicz et al.) (Duchenne et al.) SDRSAC OPRANSAC
JRMEC PM-SDP (Le et al) (Lietal)
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Fig. 3: Chronological overview of the most relevant optimization-based methods.




ICP-based registration

* point-to-plane

K

arg min {Zwkuﬂk x (xp — (Ryr +D)[*)} (2
ReSO(3)teR® , —4

where wy 1s the weights of each correspondence, ny 1s the sur-
face normal at point x;, X, and y; are point-correspondence
pairs on point cloud X and Y.
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ICP-based registration

« Generalized ICP(1ih 75 Z%E5%)

K
argj{]f]in{z ld (C +TCo Ty 1d)*} (3)
o=

where {C;*} and {C] } are covariance matrices associated
with the point cloud X and Y. T i1s the transformation
parameters that consists of R and ¢, d 1s a distance metric.
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ICP-based registration
 Generalized ICP

For standard point-to-point ICP, it is a special case by setting
CE,/ = [ and C;:{ = (. Also, for point-to-plane ICP is a
limiting case of this generalized ICP by setting C} = P :
and Cf = 0, where P, ' is the surface normal at T, 1he

K K K
oint-to-point; arg min dIT+T-0-TH1d, = aremin dL'T1d, = are min d,|?
P P ng:1k( ) d, gT;k k gT;’H
s 2
point-to-plane: d;, = (x, — (Ry, +t)) - n, arg I%i{l ((zp — (Ryp +1)) - ) -
v k=1

—
Here, @k is a scalar representation of B , Which increases the weighting in the direction
of the normal, making the registration more focused on the orientation of the plane.



ICP-based registration
« plane-to-plane
In addition, plane-to-plane distance metric [10], [48]], [33]

i1s adopted to estimate the correspondences. The objective is
similar to point-point distance metric, which 1is

K

arg min {Z Inx; — (Rny,, + t]|%)} (4)
RESO(3),teR3 ;4

where nx and ny are surface normal of point cloud X and

|
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Graph-based registration

* Principle: Graph-based registration methods primarily rely on converting point clouds into graph
representations, where points in the point cloud serve as vertices of the graph, and the geometric
and other attribute relationships between points serve as edges. The advantage of this method
lies in its ability to utilize algorithms from graph theory to find the optimal correspondence
between two graphs, thereby deriving the best transformation between the point clouds.

« Optimization strategies: Quadratic Assignment Problem (QAP—>X 4>t ): Graph matching can
be formalized as a QAP, which is a well-known NP-hard problem that requires heuristic or
approximate algorithms for resolution.

« Solutions: Relaxation Techniques: Common relaxation techniques include spectral relaxation
and semidefinite programming relaxation. These techniques simplify the constraints of the
original optimization problem, making it easier to solve.



GMM(= ¥R &1 1Y)-based registration

The critical idea of GMM-based methods is to formulate the registration problem into a likelihood
maximization of input data.

Step1 Initialization : Set initial Gaussian Mixture Model parameters for the two point clouds,
iIncluding means, covariances, and mixing weights.
Step2 Expectation-Maximization (EM) Algorithm Execution:
E-step: Calculate the probability of each point belonging to each Gaussian component.
M-step: Update the parameters of the Gaussian components and the transformation matrix
(rotation and translation) to improve the alignment of the two point clouds.
Step3 Iterative Optimization: Repeat the E-step and M-step until the parameters converge or meet
the stopping criteria.



Feature learning methods for registration

Optimization
Point Glﬂud_‘ Neural network

Correspondences

Transformation

(b) A feature learning-based framework for point cloud registration.
Given two input point clouds, the features are estimated using a deep
neural network. Then, correspondence and transformation estimation
run iteratively to estimate the final solution T.

Advantages :

1) Point features based on deep learning can
provide robust and accurate correspondence
searching.

2) Accurate correspondences can achieve
precise registration results through a simple
RANSAC method.

Limitations :

1) They require a large amount of training data.
2) If there is a significant difference in
distribution between unknown scenes and the
training data, the registration performance will
significantly drop.

3) They use an independent training process to
learn a standalone feature extraction network,
and the learned feature network is used to
determine point-to-point matching rather than
registration.




Feature learning methods for registration

CGF OctNet CapsuleNet SiamesePointNet
(Khoury et al.) (Riegler et al.) (Zhao et al.) (Wang et al.)

A

3DMatch O-CNN PPF-FoldNet = 3DSmoothNet DCP AlignNet
(Zeng etal)l (Wangetal) Deng et al. (Zan et al.) (Wang et al.) (Gross et al.)

2017 2018 2019 2020 2021

e \olumetric-based PPFNet FCGF IDAM
I Point Cloud-based (Deng et al.) (Choy et al.) (Lietal)

3DFeatNet RPMNet
(Yew et al.) (Yew et al.)

Fig. 4: Chronological overview of the most relevant feature-learning registration methods.




Learning on volumetric data

« 3DMatch:
Tpuint cloud volumoine CNN-Net ggFeature
| Data
J[puint cloud SPutelc CNN-Net
Data

Fig. 5: The overall framework of 3DMatch, which is an

example of neural networks in Figure 2b] using volumetric
data.
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Learning on volumetric data

e 3DSmoothNet:

BAME, AARESBth A ZEENES BT RS 2Zm(LRF), FHALRFY S
HAXNFE, XamAMNBFTEEHEEHIE, SREBEREESDV)EERL., RE, B
SDVi#g N M & H I THFEIR BN,

 FCGF:

To improve the efficiency of volumetric-based descriptor, FCGF uses 1 x 1 x 1 kernel to
extract a fast and compact metric features for geometric correspondence.
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Learning on point cloud

I..I"

[ point cloud

b

Encoder J

m

Fig. 6: The overall framework of PPFNet,, which is an example
of neural networks in Figure @ using point cloud.
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Learning on point cloud

PPF-FoldNet: 757 fRTRBEHIEF KoM, PPF-FoldNeti2f 7 — %EP?E'H"E’W,% X
71557 FPointNetZg i3 4L, F 1 AR BT FBO SmAERNETE, BN E
13 4% FChamferi R L N\ A% ) 2 (B AV = H R #H17I01L -

SiamesePointNet: XFh 77 KB E XA R AR R LM SR A AU B R IV IR FF, H—
SN S A EIE IR A BRI -
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End-to-end learning-based registration methods

Point cloud End-to-end framework

—1
- W

(c) An end-to-end learning-based framework for point cloud registra-
tion. Given two input point clouds, an end-to-end framework is used
to estimate the final solution T.
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End-to-end learning-based registration methods

DGMC
(Fey et al.)

Regression
BN Optimization and DGR DeepGMR FMR
neural network (Choy et al.) (Yuanetal.) (Huangetal.)

Fig. 7: Chronological overview of the most relevant end-to-end
learning registration methods.
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Registration by regression([=]/3)

(e D
= - el

Fig. 8: The overall framework of end-to-end learning-based
regression methods, which 1s an example of Figure Two
global features are extracted firstly. Then, the two features fed
into a X-Net to estimate a transformation matrix 7.

UTLEX



Registration by optimization and neural network

Registration by Optimization and Neural Network iX—2B4y, FEIRIT 7 WG ESE VB EME IR 5 R E
ZMEREERBREELRT, A TRIZFTZENZOERFMIERA

o HEIBIPLFIMLE:

ZEFINTEBREREENE AN MBS REHRENEFIAEESER, BIDREEIFXER S =T RS,
AREFERNAEERMGITTHIER, MUSEMA NS =2 B IREFHX 5.

e PointNetLK77 3% :

BRI a0PointNetLK , {F A PointNet>RIEEN B M A R =M EBEIE, AEFBPEEAES (Inverse
Compositional, IC) B ERIGTTLHIERE, XA AN ERER/NMUBEMFEZENER, BEBEREDHEITER
I {lMacobianfiyit, AIFN FAITTERERSAYIY E4H G Llucas-Kanade & 7L,

o BUHFRMNA:

Huang%E A XfPointNetLK 77 3A 317 7 8tift, SIANT BRASF[MAEEHmEL, BD 7 WEREZNWRE o LthIb,
DeepGMRITEF| A AEMFZFZ I LZESATMNRE D HSEIN N KR, AREHXLER N XRHAZGMMILILIE
R SR T HREFE

« DGR} k:

DGRIZE T — P ANASTRMEZRMEFTUNA =m0 884, FF1B1S N ProcrustestRER (1T . XLEEFEER
TG T ESREEIRBRE S LA U ER AT B THE.

XERARERE, FREFIRBSNUEREGEMREXARZEERANSE NER, TURHESKHEMNSE
HYBCAEZER .
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Cross-source registration

Point cloud
T
— . > ™
g |
Registration framework -H%*

(d) An framework for cross-source point cloud registration. Given two
input point clouds, a registration framework is designed to overcome
cross-source challenges and estimate the final solution T.

Advantages:

Integration of Advantages from Multiple Sensors: The cross-source point cloud registration utilizes
the characteristics of multiple sensors, providing detailed 3D visual information for tasks such as
augmented reality and construction.

Disadvantages:
Low Accuracy and High Time Complexity, Low Technological Maturity and Insufficient Research.




Cross-source registration

CSC2F RSER CSGMM GM-CSPC GCTR
(Peng et al.) (Mellado et al.) (Huanget al.) (Huangetal) (Huang etal.)

2014 2015 2016 2017 2018 2019 2020 § 2021

S Optimization-based
CSGM FMR
R Learning-based (Huang et al.) (Huang et al.)

Fig. 9: Chronological overview of the most relevant cross-
source point cloud registration methods.



Optimization-based methods

Optimization-based point cloud registration methods employ complex strategies to
address cross-source registration challenges. While these methods guarantee
convergence and generalization, they require high computational costs and exhibit
varying performance across datasets.



Learning-based methods

FMR is the first learningbased method to solve the cross-source point cloud
registration. This method combines the optimization and deep neural network and
estimates the transformation by minimizing the global feature difference.




The connection between optimization-based
methods and deep learning

The connections between deep learning and optimizationbased methods are: the deep
learning technique could serve as a feature extraction tool to replace the original point
coordinate. The conventional optimization could provide a theoretical guarantee for the
convergence.



Evaluations

Dataset Sensor sceneNum indoor outdoor dense sparse ground-truth xyz  corlor
3DMatch  depth 56 v X v X synthetic v v

KITTI LiDAR 8 X v X v synthetic v o
ETHdata LiDAR 8 X v * v synthetic v v

3DCSR Indoor 21 v v v v manual v v

Table I: Summary of existing same-source and cross-source dataset.




Same-source dataset

Methods Average Recall Thresholds Methods Average Recall Thresholds
ICP(p2point)[120] 6.04 TE(0.3m),RE(15°) FGR [119] 0.2 TE(0.6m).RE(5")
ICP(p2plane)[120] 6.59 TE(0.3m),RE(15°) RANSAC 34.2 TE(0.6m).RE(5°)

Super4PCS[68] 21.6 TE(0.3m),RE(15°) FCGF 98.2 TE(0.6m),RE(5°)
GO-ICP|[106] 22.9 TE(0.3m),RE(15°) DGR 98.0 TE(0.6m).RE(5°)
FGR(119] 427 TE(0.3m),RE(15°) FPFH 58.95 TE(2m),RE(5°)
RANSAC 66.1 TE(0.3m),RE(15°) Usc 78.24 TE(2m),RE(5°)
Spinlmage [46] 34 rmseP(0.2m) CGF [50] 87.81 TE(2m),RE(5°)
SHOT 27 rmseP(0.2m) 3DMatch [[114] 83.94 TE(2m),RE(5°)
FPEH 40 rmseP(0: 211 3DFeatNet [T10] 95.97 TE(2m),RE(5°)

USC 43 mseP(0.2m .

PﬂimNE ) 48 rmsepw_zm)) Table III: Comparison on KITTI datasets.

CGF 56 rmseP(0.2m)

3DMatch [114] 67 rmseP(0.2m) Methods Average Recall Thresholds
PPFNet 71 rmseP(0.2m) FPFH [86] 67 TE(2m),RE(5°)
FCGF 82 rmseP(0.2m) USC [93] 100 TE(2m),RE(5°)
DGR 91.3 TE(0.3m),RE(15°) CGF [50] 92.1 TE(2m).RE(5°)
PointNetLK 1.61 TE(0.3m),RE(15°) 3DMatch [114] 33.3 TE(2m),RE(5°)
DCP 322 TE(0.3m),RE(15°) 3DFeatNet [110] 95.2 TE(2m),RE(5°)
Table II: Comparison on 3DMatch datasets. Table I'V: Comparison on ETHdata datasets.




New cross-source benchmark

In this paper, we introduce a benchmark dataset for crosssource point cloud registration to bridge
this gap. Specifically, the dataset is captured using recent popular sensors: LIiDAR, Kinect and
camera sensors. In total, 202 pairs of point clouds, where two scenes are captured using
Kinect and RGB camera, 19 scenes are acquired from LIDAR and Kinect sensors.

Benchmark dataset: 3DCSR: We have two kinds of cross-source point cloud:
(1) Kinect and Lidar and (2) Kinect and 3D reconstruction.



New cross-source benchmark

W Noise,
outliers

""""

Partial overlap,
density difference

3D sensor (Kinect)

Fig. 10: An example shows the challenges of cross-source
point clouds. Considerable noise, outlier, density difference
and partial overlap universally exist in the cross-source pair.




New cross-source benchmark

Type Method Recall TE RE(deg) Time(s)
FGR 1.49% | 0.07 10.74 293
Same PointnetLK | 0.50% | 0.09 12.54 225
RIS FMR 17.8% | 0.10 4.66 0.28
DGR 36.6% | 0.04 4.26 0.87
1771 243% | 0.38 5.71 0.19
[472] 1.0% 0.71 8.57 18.1
Cross 6] 3.47% | 0.13 3.30 0.03
AR GCTR[39] | 0.50% | 0.17 7.46 158

Table V: Quantitative comparisons on the cross-source dataset.

Since [77] uses ICP, [42] uses Gaussian mixture model alignment, [69] uses RANSAC to
solve the cross-source registration problem



Applications

« Construction eg: BIM (Building Information Modelling)
* Mining space

« Autonomous driving

* Robotics

« Geological and geotechnical data for geomechanical analysis
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Open issues and future directions

* Robust and accurate registration
« Efficiency
« Partial overlap

* Fusion of deep learning and registration mathematical theories
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