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Abstract

3D point cloud registration is a computational process that aligns two 3D point
clouds through transformation. i.e. finding matching translation and rotation.
Existing state-of-the-art learning-based methods require ground-truth transfor-
mation as supervision and often perform poorly in dealing with partial point
clouds and large scenes that are not trained, resulting in poor generalization for
neural networks.

In this paper, we propose a novel unsupervised deep learning network -
Binary Tree Network (BTreeNet) that consists of a novel forward propagation,
which learns features for the rotation separately from the translation and avoids
the interference between the estimations of rotation and translation in one single
matrix. We then propose an Iterative Binary Tree Network (IBTreeNet) to con-
tinuously improve the registration accuracy for large and dense 3D point clouds.
The Chamfer Distance and the Earth Mover’s Distance are adopted as the loss
function for unsupervised learning. We show that BTreeNet and IBTreeNet
outperform state-of-the-art learning-based and traditional methods on partial
and noisy point clouds without training them in such scenarios. Most impor-
tantly, the proposed methods exhibit remarkable generalization and robustness

to unseen large and dense scenes that are never trained.
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1. Introduction

Point cloud rigid registration is a task that aligns two point clouds, captured
by various sensor technologies (i.e. laser and RGB-D scanners and depth cam-
eras), by estimating the rigid transformation between them. Point cloud reg-
istration is a well-known problem and has been used in many computer vision
applications, for example, 3D reconstruction [I} 2] 8] and localization [4} 5L [6].

Many research attempts have considered 3D point cloud registration as an
optimization problem. By solving a least-squares problem to update the align-
ment and finding correspondences between the 3D point clouds, Iterative Closest
Point (ICP) [7] is the most popular 3D point cloud registration method. Normal
Distribution Transformation (NDT) [§] uses standard optimization techniques
applied to statistical models of 3D point clouds for 3D point cloud registration.
Coherent Point Drift (CPD) [9] treats 3D point cloud registration as a proba-
bility density estimation problem by maximizing the likelihood. However, these
methods [7, 8, [9] are sensitive to the initialization of 3D point clouds and can
be computationally expensive and time-consuming.

With regard to deep learning-based approaches, PointNetLK [10], Deep Clos-
est Point (DCP) [11], Robust Point Matching (RPM) [12], Feature-metric Reg-
istration (FMR) [13], Deep Gaussian Mixture Registration (DeepGMR) [14] and
Robust Graph Matching (RGM) [I5] are proposed based on the 3D point cloud
processing network PointNet [16] for rigid 3D point cloud registration. Point-
NetLK [10], as the first supervised deep learning network for rigid 3D point
cloud registration, combines a PointNet-based encoder [I6] with a traditional
Lucas & Kanade (LK) [I7] algorithm to align two 3D point clouds. DCP [I1]
utilizes a PointNet-based encoder [16] and an attention module [I8] to extract
features of 3D point clouds and generates the transformation matrix through a

differentiable Singular Value Decomposition (SVD). RPM [12] estimates point
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(a) Input unseen outdoor scenes (b) Ours (iter. 8)

(c) Input unseen indoor (d) Ours (iter. 7) (e) Input unseen shapes (f) Ours (iter. 5)
scenes

Figure 1: 3D point cloud registration on the unseen KITTI [20][_Z3DMatch [21] and Stanford
Bunny [22] datasets that are not trained. IBTreeNet can iteratively align the source 3D point
clouds to the template, even though it was not trained on these scenes and shapes. Refer to
Section @for more details.

correspondences between two 3D point clouds through a DGCNN-based [19]
feature extraction module and generates the transformation matrix similarly to
DCP [11]. RGM [15] transforms point clouds into graphs and learns point and
graph features to calculate the point correspondences. Similarly to DCP[[11]
and RPM [12], the transformation matrix in RGM [15] is also estimated from
a di erentiable SVD. FMR [13] presents a feature-metric point cloud registra-
tion network, which enforces the optimisation of registration by minimizing a
feature-metric projection error without correspondences. DeepGMR [14] is the
rst learning-based 3D point cloud registration network that explicitly lever-
ages a probabilistic registration paradigm by formulating registration as the
minimization of KL-divergence between two probability distributions modelled
as mixtures of Gaussians.

These state-of-the-art learning-based methods, PointNetLK [10], DCP [11],
RPM [12], FMR [13], DeepGMR [14] and RGM [15], however, share three com-
mon problems. First, the ground-truth transformation matrix or point-to-point

correspondences are used to supervise the training process in PointNetLK [10],
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DCP [11], RPM [12], DeepGMR [14] and RGM [15]. Second, these meth-
ods [10, 11, 12, 14, 15] suer on partial 3D point clouds without training in
this scenario (Section 4.4), which shows the poor generalization ability of these
networks. Third, these methods [10, 11, 12, 13, 15] often perform poorly in
dealing with large and dense scenes and shapes that are not trained, resulting
in misalignment between two 3D point clouds (see Section 4.6).

In this paper, we propose a novel hierarchical binary tree-based unsuper-
vised network - BTreeNet for large and dense 3D point cloud registration.
Unlike PointNetLK [10], DCP [11], RPM [12], FMR [13], DeepGMR [14] and
RGM [15], BTreeNet consists of a novel forward propagation that learns features
for the rotation separately from the translation and estimates the rotation ma-
trix separately from the translation matrix, as shown in Figure 2. Our BTreeNet
avoids the interference between the feature extraction of rotation and transla-
tion. Speci cally, the root node of the tree is a global feature vector generated
from a PointNet-based encoder [16], and the BTreeNet follows a binary tree
structure that has a left sub-tree and a right sub-tree. The left sub-tree learns
features for rotation and the right sub-tree learns features for translation. The
left leaf node estimates the rotation matrix, and the right leaf node estimates
the translation matrix. The Chamfer Distance [23] is adopted as the loss func-
tion for unsupervised learning, which minimizes the Euclidean distance between
two 3D point clouds. We further add the Earth Mover's Distance [24] as the sec-
ond term to maximize the distribution similarity between two 3D point clouds.
Both the Chamfer Distance and the Earth Mover's Distance take raw 3D point
clouds as input and do not need the ground-truth transformation matrix.

To continuously improve the registration accuracy between two 3D point
clouds, we then propose ariterative Binary Tree Network (IBTreeNet) , which
iteratively rotates and translates the registration results of BTreeNet to the
target 3D point cloud through the reuse of the trained IBTreeNet model. Note
that IBTreeNet has an identical architecture to BTreeNet, but it is trained
based on the registration results of a trained BTreeNet model. The objective of

IBTreeNet is to extract features of the rotated and translated 3D point cloud
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from the BTreeNet for the next alignment iteration. Once trained, IBTreeNet

can be used repeatedly and iteratively to improve the registration accuracy
between two 3D point clouds. Our IBTreeNet exhibits remarkable generalization
and robustness to unseen large scenes and shapes that are never trained, as
shown in Figure 1. This generalization and robustness performance can be
attributed to our proposed forward propagation that avoids the interference
between the feature extraction of rotation and translation.

The main contributions of this paper are as follows:

" A BTreeNet with a novel forward propagation based on the hierarchical
binary tree is proposed to align two 3D point clouds, which learns features
for the rotation separately from the translation and estimates the rotation

matrix separately from the translation matrix.

A novel IBTreeNet is proposed to continuously improve the registration
accuracy, which iteratively rotates and translates the source 3D point

cloud to the target.

We adopt the Chamfer Distance and the Earth Mover's Distance as the

loss function for unsupervised learning of 3D point cloud registration.

BTreeNet and IBTreeNet are tolerant to partial overlap, noise and large
scenes without training them in such scenarios, indicating the remarkable

generalization ability.

2. Related Work

Research on 3D point cloud registration can be categorized into two classes of
approaches: traditional or deep learning-based methods. Traditional 3D point
cloud registration methods consider the registration an optimization problem,
applying the least square regression or maximizing the likelihood of a probability
density function. Deep learning-based methods are successful at learning 3D

point cloud representations and features by estimating the rigid transformation
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in the alignment. Our work belongs to deep learning-based methods for 3D
point cloud registration.

Traditional 3D Point Cloud Registration Methods: Iterative closest
point (ICP) [7] and its variants [25, 26] are well-known traditional methods for
3D point cloud registration by nding point cloud correspondences and solving a
least-squares problem to update the alignment. Normal Distribution Transfor-
mation (NDT) [8] uses the statistical models of 3D point clouds in the alignment.
The key element in NDT [8] is its representation of the 3D point clouds. In-
stead of using each individual point in the 3D point cloud, NDT [8] converts the
3D point clouds into voxel grids. The grids are represented by a combination
of normal distributions, describing the probability of nding a point at a cer-
tain position. NDT [8] uses the representation of normal distributions to apply
standard numerical optimization methods for registration. Coherent Point Drift
(CPD) [9] considers the alignment of two 3D point clouds a probability density
estimation problem, where one 3D point cloud represents the Gaussian Mixture
Model (GMM) centroids that need to align the other 3D point cloud. CPD [9]
moves the GMM centroids coherently as a group to the other 3D point cloud by
maximizing the likelihood. However, ICP-based methods [7, 25, 26], NDT [8]
and CPD [9] are time-consuming and prone to local minima when two 3D point
clouds whose initial positions are far from aligned.

Discriminative Optimization (DO) [27] and its variant Reweighted Discrim-
inative Optimization (RDO) [28] are the supervised sequential update meth-
ods that learn the update steps for solving the least-squares problem to obtain
the transformation matrix. The learning processes of these optimization meth-
ods [27, 28] focus on the sequence of update maps for each individual 3D point
cloud and need to be retrained on each individual data, whereas deep learning-
based methods [10, 11, 12, 13, 14, 15] learn the generalized features from a large
3D point cloud dataset, and the trained features can be used to unseen 3D point
clouds that are not trained.

Deep Learning-based Methods on 3D Point Cloud Registration:

PointNet [16] is the rst deep neural network to process raw 3D point cloud
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on 3D point cloud processing. The basic idea of PointNet [16] is to learn a
spatial encoding of each point and then aggregate all individual point features
to a global feature vector of a 3D point cloud. PointNet [16] has been proven
to be useful for tasks including 3D point cloud classi cation [16, 29, 30, 19],
object recognition [31, 32], object detection [33, 34], object segmentation [16,
29, 35, 36, 37], object reconstruction [38, 39], shape completion [3, 40, 41] and
registration [42, 10, 11, 12, 13, 14, 15].

Recently proposed PointNetLK [10] is a pioneer in the task of 3D point cloud
registration. PointNetLK [10] combines a deep learning method PointNet [16]
and a traditional registration method Lucas-Kanade algorithm [17] to achieve
features automatically and minimize the distances between the global feature
descriptors in the alignment. DCP [11] utilizes DGCNN [19] and an atten-
tion module [18] to extract features of two 3D point clouds and replaces the
Lucas-Kanade [17] algorithm in PointNetLK [10] with a proposed di erentiable
Singular Value Decomposition (SVD) module to reduce feature dimension. The
SVD module in DCP [11] estimates a transformation matrix with the size of
7, where the rst three output values represent the translation matrix and the
last four values represent the rotation quaternion. RPM [12] uses raw 3D point
clouds and normals as input for the DGCNN-based [19] feature extraction mod-
ule to estimate point correspondences between two 3D point clouds. Similarly to
DCP [11], the SVD module at the end of the network estimates a transformation
matrix with the size of 7 from the point correspondences. RGM [15] transforms
3D point clouds into graphs and learns point and graph features via a graph
feature extractor to calculate the point correspondences. Similarly to DCP [11]
and RPM [12], the transformation matrix in RGM [15] is also estimated from
a di erentiable SVD. FMR [13] uses the Chamfer distance [23] as a loss func-
tion for unsupervised learning and proposes a feature-metric projection error for
updating the transformation parameters during each iteration. DeepGMR [14]
proposes a network that extracts pose-invariant correspondences between 3D
point clouds and Gaussian Mixture Model (GMM) parameters. Two di eren-

tiable compute blocks are proposed in DeepGMR [14] to recover the optimal
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transformation from matched GMM parameters, which achieves favourable per-
formance on 3D point clouds with point-to-point correspondences and large
transformations, respectively.

However, these state-of-the-art learning-based methods [10, 11, 12, 13, 14, 15]
learn the rotation and translation features together and generate the rotation
and the translation in one matrix. As a result, the learning of rotation fea-
tures and translation features interfere with each other, which leads to lower
precision of registration results. Moreover, these methods use the ground-
truth transformation or point correspondence matrix as supervision. Our work
avoids the interference between the feature extraction of rotation and transla-
tion and does not need the ground-truth transformation matrix as supervision.
The registration results of our BTreeNet and IBTreeNet have been compared
with traditional methods [7, 8, 9] and state-of-the-art learning-based meth-
ods [10, 11, 12, 13, 14, 15]. The comparison experiments are evaluated on
testing datasets, including clear data (Section 4.3), partially visible data (Sec-
tion 4.4), data with Gaussian noise (Section 4.5) and data with large rotations
(Section 4.7). Moreover, the comparison experiments are also tested on un-
seen scenes and shapes that are not trained to evaluate the generalization and

robustness of each method (Section 4.6).

3. Methods

Let Pt and Ps de ne the target and the source 3D point clouds, respectively,
where each point in a 3D point cloud is de ned asP; = (x;y;z). The purpose
of our method is to estimate the rigid transformation that best rotates and
translates Ps to Pr. The rigid transformation includes a rotation matrix R and
a translation matrix t, whereR 2 SO(3) andt 2 R3. BTreeNet (Section 3.1),
as shown in Figure 2, is used to estimateR and t that align P+ and Ps. An
iterative BTreeNet (IBTreeNet) (Section 3.2), as shown in Figures 3 and 4, is to
iteratively improve the registration accuracy betweenPt and Ps. The BTreeNet

and IBTreeNet are trained using a Chamfer distance [23] and a Earth Mover's
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Figure 2: BTreeNet architecture. The source and the target 3D point clouds are given as
input through a shared PointNet-based encoder. The global features from the encoder are
concatenated and provided as an input to a fully connected layer to achieve the root node of
the binary tree. The binary tree learns features for rotation separately form the translation
through MLP models and generates the rotation matrix separately from the translation matrix

to align two 3D point clouds.

Distance [24] as loss function (Section 3.3) for unsupervised learning.

3.1. BTreeNet

The novelty of our BTreeNet compared to the latest state-of-the-art learning-
based methods [10, 11, 12, 13, 14, 15] is the hierarchical binary tree-based
forward propagation that leans features for the rotation separately from the
translation and estimates the rotation matrix separately from the translation
matrix. Speci cally, in these state-of-the-art learning-based methods [10, 11,
12, 13, 14, 15], the combination of rotation and translation in the output layer
makes the network deal with two tasks (e.g. estimating the rotation and the
translation) simultaneously. Thus, the two tasks interfere with each other on
feature learning based on all di erent initial rotations along any arbitrary axes
and any random translations. As a result, these methods converge to a local
optimum, which leads to lower precision of registration results.

Let Pt 2 RN 3andPs 2 RN 2 are two rigid 3D point clouds that need to be
aligned. Both Py and Ps are given as input to a shared PointNet-based encoder
that consists of several multi-layer perception (MLP) models and a symmetric

max-pooling function at the end to extract global features. The MLP models
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extract point-wise featuresft 2 RN dandfs 2 RN 9, whered is the dimension
for point-wise features. Weights and biases are shared in MLP models fdPt
and Ps. The symmetric max-pooling function aggregates point-wise features
f+ and fs to extract the global features Ft 2 R! 9 and Fs 2 R! 9, as de ned

in Equation 1.
F = I\’/I),gop( fh(py);::;h(pn)g(i =1;:::5n) Q)

where F represents eitherFy or Fs. p; is a point in either Py or Ps. h is the
MLP models. The MAX represents the max-pooling that returns a new vector
of the element-wise maximum and guarantees that the input 3D point clouds
are invariant to any permutations.

The state-of-the-art learning-based methods [10, 11, 12, 13, 14, 15] adopt the
standard forward propagation, as de ned in Equation 2, to learn the features of
rotation and translation from the global features F in the same neuron at each
layer. The nal output in these methods is a transformation matrix with the
size of 7, where the rst three output values represent the translation matrix

and the last four values represent the rotation quaternion.

Zi(I+1) — Wi(|+1) yi(I) + bi(|+1) : yi(I+l) — f(Zi(|+l)) (2)

wherel indexes the hidden layer andi indexes the hidden neuron in each layer.
y) is the i-th features of Py and Ps at the layer I. w"*" and b{'*? denote

the i-th weight and bias at layer | + 1. zi('”) denotes thei-th feature vector of

inputs at the layer | +1. f () is any activation function, e.g. RelLu.

Unlike PointNetLK [10], DCP [11], RPM [12], FMR [13], DeepGMR [14] and
RGM [15], our proposed novel forward propagation, as de ned in Equation 3,
aims to learn features for the rotation separately from the translation and avoids
the interference of feature extraction between them. Thus, a hierarchical binary
tree based structure is proposed for the novel forward propagation. The global
features of Fr 2 R! 9 and Fs 2 R! ¢ are concatenated and given as an input

to a fully connected layer to achieve the root nodeF,o; 2 R? ¢ of the binary

10
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Figure 3: Iterative BTreeNet training mode. The BTreeNet needs to be completely trained
before training IBTreeNet. The input 3D point clouds are the Pest from the trained BTreeNet

and the Py . The architecture of IBTreeNet is identical to BTreeNet.

tree. The binary tree has two sub-trees, including left and right sub-trees.

Fist = Froot o (IdX =0;::5d);  Frst = Froot, (Idx = d;::1; 2d)

(1+1) _ (1+1) (D) (1+1) , (1+1) _ (1+1)

Zi = Wiss Fist ¥ Bg i Vi = F(zig ) 3)
(1+1) _ (1+1) (D) (1+1) | (+1) _ (1+1)

Zi st = Wit Frst + bi _rst Yirst = f(Zi,rst )

whereF; 2 Rt 9 and F,s; 2 R 9 represent the features are given as input to
the left sub-tree and right sub-tree, respectively. | indexes the hidden layer of

the binary tree and i indexes the hidden neuron in each Iayerwi([;%) and bf'f;?

denote the i-th weight and bias for left sub-tree at layer | + 1, and Wi(l,:slt) and

(1+1)

bi([:slt) denote the i-th weight and bias for right sub-tree at layer | + 1. z '

denotes thei-th feature vector of inputs for left sub-tree at the layer | + 1, and

(1+1)
i _rst

I+1. f () is any activation function, e.g. Relu. yf',;? denotes thei-th feature

Z denotes thei-th feature vector of inputs for right sub-tree at the layer
vector of left sub-tree outputs at the layer | + 1, and yl('js? denotes thei-th
feature vector of right sub-tree outputs at the layer | + 1.

The nal output in left sub-tree y,(',g? is a rotation quaternion g with the
size of 1 4, and the nal output in right sub-tree y,(':s? is a translation matrix
t with the size of 1 3. The rotation quaternion g, de ned by Equation 4,

is transformed into a rotation matrix R with the size of 3 3, as dened in

11
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Figure 4: Iterative BTreeNet testing mode. Once BTreeNet and IBTreeNet have been trained,
the trained IBTreeNet model can be repeatedly used to iteratively rotates and translates Ps

to Pt.

Equation 5. Finally, the Ps is rotated and translated using Pest = R Ps + t.
0= [; th; &b ]"
G = COS;h = nxsini;qz: nysiné;q;: nzsiné 4)
n=[ng;ny;n,]"

where is the rotation angle (i.e. 45 degrees) and is the axis of rotation.
2 3
1 26 26§ 20 +2Gp% 20hG 200%
R= §2q1qz 20 1 2 26 200+ Z%Qé (5)

2006 +200 200 200 1 20 2%

3.2. lterative BTreeNet

Although three random Euler angles and translations on each axis are sam-
pled and applied to source point clouds during the training, networks still cannot
extract the generalized and e ective features for every pose of point cloud pairs.
As shown in Figure 11, eight iterations have been applied for all networks to
reuse their trained models repeatedly for further alignments. These networks
cannot achieve accurate registration in the following iterations once it fails to
align two 3D point clouds in the rst iteration, which indicates that the trained
models cannot extract the generalized and e ective features ot and Peg;
for the next alignment. Refer to Section 4.6.1 for more details. Thus, further

alignments are needed to improve the registration accuracy.

12
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To extract e ective features of Pt and Peg; for further alignment and contin-
uously improve the registration accuracy in the following iterations, an iterative
BTreeNet (IBTreeNet) is trained based on the result of BTreeNet, as shown in
Figure 3. The architecture of IBTreeNet is the same as BTreeNet, but they
are trained under di erent conditions. The di erences between BTreeNet and
IBTreeNet can be divided into two parts, including the training and testing
processes. During the training, IBTreeNet is trained based on the registra-
tion results from a pre-trained BTreeNet model. Thus BTreeNet needs to be
trained in advance before training IBTreeNet. As shown in Figure 3, the rst
transformation for Ps from the trained BTreeNet model gives a transformed 3D
point cloud Pegt jter- 1. The transformed point cloud Pegt jter: 1 and the target
3D point cloud Pt are given as input to IBTreeNet that learns features of Pt
and P iter- 1 fOr the next alignment. Thus, two iterations are adopted in the
training process. During the testing, the trained BTreeNet is used for the rst
iteration, and the trained IBTreeNet can be used repeatedly and iteratively to
improve the registration accuracy between two 3D point clouds, as shown in Fig-
ure 4. Thus, in nite iterations can be adopted during the testing. In practice,
four iterations are used for data similar to the training data (Section 4.3), and
ten iterations are used for unseen datasets that are not trained. (Section 4.6).

The objective of IBTreeNet is to extract e ective features of the rotated and
translated 3D point cloud from the BTreeNet for the next alignment iteration.
Once trained, IBTreeNet can be used repeatedly and iteratively to improve the

registration accuracy between two 3D point clouds. Our IBTreeNet exhibits

remarkable generalization and robustness to unseen large scenes and shapes

that are never trained (Section 4.6). This generalization and robustness perfor-
mance can be attributed to our proposed forward propagation that avoids the

interference between the feature extraction of rotation and translation.

3.3. Loss Function

The loss function for 3D point cloud registration measures the di erence

between the target 3D point cloud P+ and the transformed 3D point cloud Pes; .

13
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The loss is de ned to be invariant to any permutation of 3D point clouds in

both Pt and Pes;. We use Chamfer distance (CD) [23] in the loss function.

1 X
CD (Pr;Pest)= Pr ,in kx vk,
X2 Pt et

1 X ) (6)

est

Chamfer distance calculates the average nearest point distance betwedty
and Pgg; by nding the closest neighbour with O(nlogn) complexity. In addition,
Pt and Peg can be the di erent sizes of 3D point clouds.

We adopt the Earth Mover's distance (EMD) [24] as the second term in the

loss function.

X
EMD (Pr;Pest)= . min ky (y)kz @
Pest ! Pt
y2 Pest
where : Pest ! Pr is bijection. The EMD nds a bijection and minimizes

the distance between corresponding points based on with O(n?) complexity.
The nal loss function, as de ned in Equation 8, consists of two terms, CD
and EMD. Note that both CD and EMD only require the 3D point clouds as

input for unsupervised learning.
LosSS(Pt; Pest) = CD(Pt1;Pest) + EMD (Pt Pest) ®)

3.4. Implementation Details

We train BTreeNet and IBTreeNet for 300 epochs with a batch size of 32, a
learning rate of 0.005, and an Adagrad optimizer. The Iter sizes for PointNet-
based encoder are [6%64; 64; 128 256, 512]. The features extracted fromP; and
Ps are concatenated and given as an input to a fully connected layer to generate
the root of the binary tree with the size of [L 1024]. The Iter sizes for the left
sub-tree in each level are [51256 128 64; 4]. The Iter sizes for the right sub-
tree in each level are [512256,128 64; 3]. BTreeNet and IBTreeNet are trained
with the input size of N 3, whereN can be any number and we seN = 1024

during the training. Once trained, the size of the input 3D point cloud is not

constrained to 1024. For example, 1024, 20,480 and 121,210 points have been

used when evaluated on the testing dataset (Sections 4.3 and 4.6).

14



(a) Input (b) ICP (c) NDT (d) CPD (e) PointNetLK (f) DCP

(9) RPM (h) FMR (i) DeepGMR () RGM (k) BTreeNet () IBTreeNet
(m) Input (n) ICP (o) NDT (p) CPD (q) PointNetLK (r) DCP
(s) RPM (t) FMR (u) DeepGMR (v) RGM (w) BTreeNet (x) IBTreeNet

Figure 5: Registration results on two clean 3D point clouds. Each 3D point cloud contains
1,024 points.

(a) Input (b) iter.1 (c) iter.2 (d) iter.3 (e) iter.4

Figure 6: IBTeeNet illustration. (a) Input 3D point clouds. (b) - (e) Iteration 1 to 4.
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