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Abstract: Point cloud registration is a critical problem because it is the basis of many 3D vision
tasks. With the popularity of deep learning, many scholars have focused on leveraging deep neural
networks to address the point cloud registration problem. However, many of these methods are
still sensitive to partial overlap and differences in density distribution. For this reason, herein,
we propose a method based on rotation-invariant features and using a sparse-to-dense matching
strategy for robust point cloud registration. Firstly, we encode raw points as superpoints with a
network combining KPConv and FPN, and their associated features are extracted. Then point pair
features of these superpoints are computed and embedded into the transformer to learn the hybrid
features, which makes the approach invariant to rigid transformation. Subsequently, a sparse-to-
dense matching strategy is designed to address the registration problem. The correspondences of
superpoints are obtained via sparse matching and then propagated to local dense points and, further,
to global dense points, the byproduct of which is a series of transformation parameters. Finally, the
enhanced features based on spatial consistency are repeatedly fed into the sparse-to-dense matching
module to rebuild reliable correspondence, and the optimal transformation parameter is re-estimated
for final alignment. Our experiments show that, with the proposed method, the inlier ratio and
registration recall are effectively improved, and the performance is better than that of other point
cloud registration methods on 3DMatch and ModelNet40.

Keywords: point cloud registration; point pair features; rotation-invariant; spatial consistency

1. Introduction

Point cloud registration is the fundamental and critical step in many 3D computer
vision applications, typically used in 3D reconstruction [1], 3D localization [2], and pose
estimation [3], the essence of which is to estimate the transformation matrix between point
clouds. Driven by the development of 3D scanning devices and 3D point representation
learning [4-6], point cloud registration technology has also been promoted and improved,
an approach that has experienced a long development history, with traditional methods
being proposed in the early stages and learning-based methods becoming mainstream in
the latter stages. Iterative closest point (ICP) [7] was proposed as the most classic of the
traditional methods and demonstrates how to compute the transformation matrix with
SVD [8] when the correspondences are known. However, ICP does not perform well when
the initial pose is poor because the correspondences obtained are based on spatial distance.
Feature-based algorithms combined with RANSAC [9] methods have shown advantages in
addressing this situation. These methods find correspondences based on the features of
points, so they are less sensitive to the initial pose. The performance of registration depends
on the expression ability of features. Unfortunately, these features are not robust enough in
most cases, resulting in unsatisfactory registration results.
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Recently, with the popularity of deep learning applications, many scholars have
attempted to use learning-based methods for point cloud registration to improve the poor
performance caused by the deficiencies of traditional technologies. Learning-based methods
can be roughly divided into feature-based learning [10-14] and end-to-end learning [15-19].
The above models are designed and optimized for the point cloud registration pipeline
and improve both robustness and efficiency compared with traditional methods. However,
learning-based methods still have shortcomings in some aspects. On the one hand, feature-
based learning methods build correspondences according to the salient point features
extracted by a neural network and cannot obtain the final transformation matrix directly.
The registration result not only depends on the correspondences established but is also
affected by the subsequent matching algorithm. On the other hand, end-to-end learning
methods utilize an end-to-end network to cope with the registration problem, which regards
the estimation of the transformation matrix parameters as a regression problem. Many of
these methods cannot be applied to a large point cloud because of a lack of global features,
and some are limited by the initial pose.

Based on the aforementioned studies, we propose a method with a sparse-to-dense
matching strategy based on rotation-invariant features named STDRIF to address partial
point cloud registration robustly. In particular, we focus on improving the accuracy of
low-overlap point cloud registration. We adopt a sparse-to-dense matching strategy, which
first finds coarse correspondences based on superpoints through the learned distinctive
features embedded as point pair features in the coarse stage. The learned features are
rotation-invariant, which makes this approach robust for partial overlap even without a
good initial pose. Subsequently, correspondences are propagated from superpoints to local
dense points and, further, to global dense points. We first find local correspondences and
estimate a transformation parameter for each patch. Then, the global correspondences are
collected from all patches, and the transformation parameter with the least registration
error is selected. Finally, the accuracy of registration is improved through a progressive
alignment module. The optimal registration is gradually refined by repeatedly feeding
enhanced features updated with spatial consistency into the sparse-to-dense matching
module. Overall, our main contributions are as follows:

e A point pair feature Transformer module is introduced, which is composed of point
pair feature self-attention (PPF-SA) and feature-base cross-attention (F-CA). PPF-SA
embeds point pair features into the self-attention module, which encodes the internal
structure for each point cloud. F-CA interacts with the information between two point
clouds whose output are hybrid features that are rotation-invariant.

e A sparse-to-dense matching strategy is proposed to address point cloud registration.
Seeking superpoint correspondences is the first task, and then the superpoints are
propagated to local dense points and further to global dense points in order to obtain
global correspondences.

e  Spatial consistency is utilized to enhance features after dense matching, and the
enhanced features are repeatedly fed into the sparse-to-dense matching module to
rebuild more reliable correspondences for optimizing registration.

2. Related Work
2.1. Point Cloud Registration

Point cloud registration methods can be roughly divided into two categories, tradi-
tional and learning-based. Traditional point cloud registration methods are diverse and
comprehensive. ICP [7] and its variants [20-23] implement point cloud registration in an
iterative and progressive manner. Although the ICP family of methods is widely used
in point cloud registration, these often fall into local optimality because of a lack of good
initialization, which leads to wrong correspondences. Many researchers bypass the localiza-
tion to solve point cloud registration by finding correspondences directly, the steps of which
are as follows: (1) detect key points; (2) compute the feature descriptors for key points using
approaches such as those detailed in [24-26]; (3) match features to find correspondences;
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and (4) estimate the transformation, typically using RANSAC. However, these methods
tend to miss useful correspondences or generate wrong correspondences, which may lead
to unsatisfactory registration results. There are other popular methods that attempt to re-
gard the point cloud registration as a probability distribution. GMM-based methods [27,28]
are inspired by likelihood maximization and can calculate the transformation matrix and
the parameters with an optimal strategy. Although the sensitivity to noise and outliers has
been improved to some extent, good localization is still necessary to avoid falling into local
optimality. In general, traditional methods are developed based on careful feature design
and pipeline optimization, and they have become the fundamental mainstream approaches.
However, these methods still face great challenges in partially overlapping point cloud
registration because of their sensitivity to noise and lack of good initialization.

Feature-based learning and end-to-end learning methods are the mainstream direc-
tions of learning-based point cloud registration. Feature-based learning methods utilize
deep neural networks to learn robust features for seeking correspondences, which perform
better than early descriptors against clutter and occlusion.

For example, 3DMatch [29] extracts local volumetric patch feature descriptors with a
Siamese 3D CNN to establish correspondences. FCGF [30] proposed fully convolutional
geometric features with similar performance to the best patch-based descriptor but several
orders of magnitude faster. D3Feat [31] proposed a key point detection strategy that
uses a 3D fully convolutional network to predict a detection score and a description
feature. End-to-end learning methods leverage an end-to-end neural network to align
point clouds directly. RPMNET [32] proposed an end-to-end framework combining the
Sinkhorn layer with a deep neural network to establish soft correspondence from hybrid
features, enhancing its robustness to noise. FMR [33] presents a feature-metric-based
framework by combining deep learning and Lucas Kanade optimization, which converts
the registration problem to minimizing feature differences. Although the learning-based
methods mentioned above leverage the merits of traditional mathematics and deep learning
and are effective in point cloud registration, their robustness, accuracy, and adaptability
still decline dramatically when facing the mixture of noise, outliers, density differences,
and low overlap.

2.2. Transformer-Based Methods

A point cloud is a set of irregular points without a specific order. Transformer [34] is
suitable for point cloud data because of its core attention mechanism, which is inherently
permutation-based and does not depend on connections between points. For this reason,
many researchers have applied transformers to 3D point cloud processing and achieved
significant success. The Deep Closest Point (DCP) [35] model was proposed to predict
a rigid transformation, utilizing a feature embedding module [36,37] to extract features,
applying a transformer to perform context aggregation between two embedded features,
and using the Kabsch algorithm [38] to estimate transformation parameters. The deep
graph matching-based framework (RGM) [39] was proposed by Fu et al. for robust point
cloud registration. Fu et al. utilized a transformer to learn the node features and the
soft edges of two nodes, which led to better correspondences in partially overlapping
registration. REGTR [40] introduced an end-to-end Transformer framework aiming to find
the final correspondences. The features extracted by KPConv [41] were fed into multi-
head attention mechanisms to predict the correspondences, and it was argued that rigid
transformations can be estimated without RANSAC. GCMTN [42] leverages dense graph
convolution and a multilevel interaction transformer to reduce mismatching caused by
repeated geometric structures, and it has been shown to perform well in low-overlap
registration. A multilevel interaction transformer is applied to refine the internal features
and perform feature interaction. The final transformation matrix is estimated according to
the distribution overlap region predicted by an overlap prediction module.

The above transformer-based methods aim to extract features and encode contextual
information. However, these methods only feed the Transformer with high-level point
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features, neglecting spatial structure and lacking geometric and positional discrimination,
which leads to a large number of outlier matches.

2.3. Spatial Consistency Embedding Methods

Spatial consistency refers to the invariance property of the relative positions and
orientations caused by the rigid transformation between two point clouds. Previous
studies have demonstrated that embedding relative positions or orientations into feature
extraction modules makes the learned features more distinguished in their geometric
structure, resulting in an improvement of the inlier ratio. Point DSC [43] introduced a
SCNonlocal module to learn a discriminative embedding space by using spatial consistency.
Geotransformer [44] encodes point pair distances and point-triplet angles for each input
point cloud for the extraction of distinctive geometric features, leading to high matching
accuracy. RolTr [45] constructed a novel attention-based encoder-decoder architecture by
embedding point pair features into an attention mechanism to address pose variations.
DoPE [46] was proposed to encode positional information by computing the joint origin as
the origin of the shared coordinate system for all points. OIF-PCR [47] proposed an efficient
position encoding for point cloud registration that requires only a small addition of memory
and computing overhead. The author first produced one virtual correspondence for the
point cloud registration network and then carried out point-wise position encoding on the
basis of two reference points corresponding to the virtual correspondence. Lepard [48]
encoded the position information of the point cloud into the feature vector and explicitly
represented the 3D relative distance between the point clouds through the dot product of
the vectors, thereby improving the accuracy and robustness of point cloud matching and
registration.

3. Methods
3.1. Problem State

The essence of point cloud registration is to estimate a transformation matrix so that
the distance between two point clouds obtained from two perspectives can be minimized
after transformation. We consider that there are two point clouds: the source point cloud
S={Sy, e R?li=1,...,N} and the target point cloud T = {T,, € R}|i =1,..., M}, the
goal is to estimate the transformation matrix M. = {R,t} by solving the following problem:

. * *
min ), Ty, — (R-S, +9)] (1)
(85T}, )eC )
where R € SO(3) denotes the rotation parameter, t € R denotes the translation parameter,
and C* stands for the predicted correspondences between S and T.

3.2. Network Architecture

This section illustrates the network architecture as shown in Figure 1. In the encoder
stage, the input point clouds S and T are, respectively, encoded into a set of superpoints
with associated features through a KPConv-FPN backbone network, which is then fed into
the point pair feature transformer to extract the rotation-invariant hybrid features in both
geometric space and feature space. Subsequently, the sparse-to-dense matching module
establishes correspondences between superpoints, which are then propagated to local
dense points and, further, to global dense points. A set of correspondences is found in each
superpoint corresponding patch, and a series of transformation parameters are obtained by
utilizing SVD. Finally, spatial consistency is used to enhance the hybrid features, and the
enhanced features are repeatedly fed into the sparse-to-dense matching module to rebuild
more reliable correspondences and gradually optimize registration, which leads to the final
transformation parameters.
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Figure 1. Network architecture overview.

3.3. Encoder to Superpoint

We use the KPConv-FPN backbone [41,44,49] to aggregate the original point clouds
into a much coarser subset of points with their associated features. In the above processing,
grid sampling is adopted for downsampling, which can uniformly cover the points in space
and make KPConv robust to different densities. Moreover, the learned latent features are
enhanced by combining KPConv and a feature pyramid network (FPN), which extract
multi-level features from point clouds of different resolutions. Many previous studies have
proven that establishing correspondences with coarser points can reduce the number of
useless correspondences.

In this paper, we treat the first down-sample points as dense points, and the points
with the coarsest resolution are the superpoints. For the convenience of the following
illustration, the superpoints corresponding to the source and target clouds are denoted

as §* — {53?,- i:l,z,...N*} and T" = {T;]. i=12,...,

associated learned features are represented by Fg+ and Fp+. Moreover, in order to preserve
the information from the original point clouds, we integrate extracted features with point
clouds as input features for subsequent processing. The integral features are denoted as
FS* = (?S*,S*) and FT* = (FT*,T*).

M*}, respectively, and their

3.4. Point Pair Features Transformer Module

Capturing local features is not enough for point cloud registration, with the knowledge
that it is necessary to unite the global context. The importance of global context has been
shown in many registration tasks [50-52]. In order to enrich the contextual information
of each input point cloud and exchange the information between the two input point
clouds, we proposed a point pair feature [53] transformer (PPF Transformer) module,
which contains a point pair feature self-attention (PPF SA) module and a feature-based
cross-attention (F CA) module. Previous work has proven that encoding only high-level
point features leads to numerous severe outlier matches [35,54]. To address this problem, we
encode the internal structure of the point cloud, making it invariant to rigid transformation.
PPF self-attention encodes geometric features between the point pairs for each point cloud,
and feature-based cross-attention interacts with the feature information between the source
point cloud and target point cloud in feature space.

3.4.1. Point Pair Feature Self-Attention

Point pair feature self-attention is designed to learn the rotation-invariant features in
both feature space and structure space, which are used to enrich contextual information



Remote Sens. 2024, 16, 2485

6 of 21

Add and Normalize

Feed Forward

—>| Add and Normalize

Self-Attention

F. 9,

s i.j

@)

=1

and measure the feature similarity for each point cloud. Given the input feature matrix, the
output contextual feature matrix Fs,; € RIS I>dt jg updated by the following equation:

N*
Fs, = Zj:1 hMLp(softmax(oci,]-))(FS;j WV) (2)

where hipipp(+) is a three-layer full network; «; ; denotes the attention score which represents
the similarity between Fs: and Fs: ; and «; j is computed as follows:
i j

T
(Fs;, wQ) (Fs;;]. WK+ 5; WPPF)
N 3)
t

Fg: € Fg- and Fg: € Fs- are the associated features of two superpoints Sy and S;}_,
% J

0(1"]' =

respectively; §; ; represents the point pair feature between Fs: and Fg: ; and wWe, Wk, wv,
i j

and WPPE € R4 denote the learnable weighted matrices for queries, keys, values, and
point pair features, respectively. The structure and calculation method of PPF self-attention
is shown in Figure 2, whose process is first carrying out a softmax on attention score «; j,
then multiplying the matrix obtained from the previous step by the value vector and then
via an MLP layer, and finally summing the output result of the liner layer to obtain the final
feature. The PPF self-attention features for the point cloud T* are obtained in the same way.

5,
R T
X
o,
i :
o1
F, X F,
S x5 WX d xd, X MLP

A

<

>

——>| W' .d xd,

X ) Matrix multiplication - ) Matrix addition

(b)

Figure 2. Illustration of (a) the structure of the PPF self-attention layer and (b) the computation of the
feature matrix Fs,.

For each superpoint, we construct a patch P with the point-to-node strategy [44],
and the patch is composed of a series of dense points which are defined as follows:

P = {ij € S’] = argmin; (||Sy; — S, [[), Sy, € S*} (4)
In order to generate rotation-invariant features, we embed the point pair feature §;

into the attention score «; ;. Point pair feature §; ; consists of four components, as shown in
Figure 3, which are defined as follows:

8ij = (||dl-,]-||2,A(nS;i,di,]-),L(ns;j,di,]-),L(ns;i,nsjgj)) 5)

where ng: and ng: are the normals of superpoints Sy, and S;], respectively, which are
; #

computed by using the k-nearest neighbors dense points of the superpoints. In Equation (5),



Remote Sens. 2024, 16, 2485

7 of 21

d; ;|| is the distance between superpoints Si. and S}, Z(ng ,d; ;) and Z(ng: ,d; ;) denote
AL perp X; x; le_ ij J]

ij
the angles between the respective normals and the vector of two superpoints, Z(ng: , ng: )
! ]

is the angle between the two normals, and ||d and Z are calculated as follows:

i,]’”z

1dijll, = 1153 =Sl (6)
- - —
4(7, b)= arctan(z> X b /;-b) 7)

Z(m, ,d, )

s,

Figure 3. Point pair feature of the superpoint. The red dots denote superpoints, and the blue dots
denote the neighbor’s dense points of the superpoints.

3.4.2. Feature-Based Cross-Attention

Cross-attention is utilized to exchange the information between two input point
clouds, the structure and calculation method of cross-attention is shown in Figure 4. We
denote the output feature matrices of the self-attention module for S* and T* as FS; and

j

IET;', respectively, which are the input features of the cross-attention module, and the
j

cross-attention features of S* can be computed as follows:
N* o
F5, = Zj:1 hMLP(SOftmaX(Bi,j))(FT;j wY) (8

where $; ; is the correlation score between IA:S; and IA:T;‘ , which is defined as follows:
j j

(Fs; WO)(Br, WK)'
B' .= ] ]
K e

The cross-attention features of T* can be computed in the same way, and so far,
the information exchange has been completed. Benefiting from the rotation-invariant
features encoded by the PPF SA module, the mixed features are rotation-invariant to rigid
transformation and contribute to finding the superpoints’ correspondences.

©)

3.5. Sparse-to-Dense Matching
3.5.1. Sparse Matching

Benefiting from the distinctive hybrid features Pg: and P+, we find the superpoints
correspondences by utilizing a differentiable optimal transport. The similarity matrix
M € RN *M" js calculated as follows:

M;; = Pg; Py, /+/di (10)
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Subsequently, M is computed as the augmented matrix of M by appending a new row
and a new column, as reported in [47], which is filled with a learnable dustbin parameter «.

Then, a Sinkhorn algorithm [55] is implemented on M to calculate the soft matching matrix
H, and the sparse matching is converted to an optimal transport problem by computing the

maximization of }; ; M - H. The soft matching score H € RN"*M" can be obtained by removing

the last row and column of H. In practical terms, the soft matching score guides the ratio of
inliers. For example, when the value H; ; is higher, the possibility of this point pair being the
correct correspondence is greater. Here, we pick reliable superpoints correspondences based
on the strategy with top-k matching scores, where a superpoints correspondence is selected if
its matching score is the maximum in both its row and column. However, it is possible for the
accuracy of superpoints’ correspondences to be compromised when there are repetitive and
textureless structures in the scene. Thus, the proposed method needs to be further strengthened
to reduce the mismatching caused by the above-mentioned issues.

4 N

—>| Add and Normalize F—> + ) we d, xd,
s"

y
I::I —> WX dxd —T K
td, X
Add and Normalize ! ! X MLP
F.

]

Cross-Attention

A A
\ U J —>| W' .d xd,

X ) Matrix multiplication ) Matrix addition

(@ (b)

Figure 4. [llustration of (a) the structure of the cross-attention layer and (b) the computation of the
feature matrix F,.

3.5.2. Dense Matching

Sparse matching is effective in solving global ambiguity, and the dense matching
module is designed to improve robustness at the level of dense points. The matching
process propagates the establishment of superpoints” correspondences to local dense points
and, further, to global dense points. The final global correspondences are collected from all
local correspondences. Based on the coarse correspondences, we first find the patch-wise
correspondences in the same way in which we obtained the superpoints’ correspondences.
The difference is that the similarity matrix is computed with the features generated by
the backbone. Then we estimate a transformation parameter T; = {R;, t;} for each super-
points” correspondence with their patches in the dense point cloud, generating the local
correspondences in each patch. The transformation matrix is solved by the following:

. ; 2
{R;, t;} = I%Itnz(sxﬂyi)eci le‘”T%' — (R-Sx; + )3 (11)

where the soft matching score H; ; calculated above is used as the weighting coefficient
w]l:, and this equation can be solved via SVD. Then, we choose a transformation parameter
T, = {R;, t;} from T = {T;|i = 1,2,...,N* } to be used in global point matching, with the
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condition that the patch corresponding to T; = {R;, t;} has the highest inlier ratio among
all patches.

2
Rt} =maxd g 1 )ecllRi-Sy+ti =Tyl <7] (12)
Here, |[ . ]] is the Iverson bracket and T is the inlier threshold.

3.6. Progressive Alignment with Spatial Consistency

In this stage, spatial consistency features are learned repeatedly to enhance the dis-
tinctiveness of the above-learned features in order to find more reliable superpoints’ cor-
respondences, and the matching results are gradually optimized with the more reliable
correspondences. Spatial consistency is the byproduct of rigid transformation, which is
determined by the property of isometric isomorphism. We leverage spatial consistency to
obtain correct dense correspondences, which depend on the spatial geometric structure
between all inlier points not changing with rotation and translation, as shown in Figure 5.

Figure 5. Illustration of spatial consistency. The green line denotes inlier correspondence, and the red
line denotes outlier correspondence.

According to the property of isometric isomorphism, we compute spatial consistency
features and feed them into an MLP with 4 hidden layers after normalization; the output is
a spatial consistency feature that is used to update the hybrid features via direct addition.
Subsequently, we compute the spatial consistency feature S* with Equation (13), and the
same goes for T*. The hybrid features are updated as shown in Equation (14).

Fsc = hMLp(Zi*l softmax(ocﬁ)}(ﬁs;ﬂ)) (13)

Here, Fsc first computed with Pg- = Pg:, and subsequently with Pg: computed
using Equation (10); }(-) is a linear projection function; « represents the dot-product
similarity [43]; and, B denotes the spatial consistency constraint, calculated as follows:

2
p.’.
Bij = max(1 — (715],0) (15)

where max(-,0) is used to ensure that f; ; is always non-negative, o, is a distance parameter
sensitive to length difference, and p; ; denotes the length difference between the segment of
two points in point cloud S* and the segment of two corresponding points in point cloud
T*; definition of p; ; is as follows:

oij = [I18%, =S4 I = Iy, = T3, (16)
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where §; and §;]_ are the updated superpoints with the transformation matrix {R, t}, which

is the result of dense matching; gzi and gz}, are calculated via Equation (17).

*

S, =S R+t (17)

We repeat the operation of feature enhancement to rebuild reliable correspondences
from the sparse matching stage, and then we re-estimate the optimal transformation
parameters with surviving inliers in the dense matching stage. In fact, the transformation
estimated via sparse matching is quite good, but the enhanced features are more distinctive
and further improve the accuracy of registration, especially in scenes with many repetitive
and textureless structures.

3.7. Loss Functions

In this paper, sparse matching and dense matching directly influence the quality of
point cloud registration, so we designed superpoints matching loss Ls, and points matching
loss L to supervise the above two stages, and the total loss function is computed as follows:

£loss = Loy + Epm (18)

In the following description, we take the loss on the source point cloud S as an example,
and the loss on the target point cloud T can be computed in the same way, which will not
be repeated later.

3.7.1. Superpoint Loss

We follow [44] and utilize the improved circle loss [56] to supervise the patch-wise
feature descriptors for sparse matching in a metric-learning fashion. Here we consider that
several patches P? of superpoints S} exist in the source point cloud S, which have at least
one positive patch in the target point cloud T. The above patch pairs form the patch set P.
For each patch P? € P, the sets of its positive and negative patches in point cloud T are

represented as ¢,

>10% overlap region with patch P?, while a negative patch means that there is no overlap
region. The superpoint matching loss on the point cloud S is computed as follows:

and ¢, respectively. Here, a positive patch means that the patch shares a

s — L Y log|1+ Y eMAE-a) .y B n-a) (19)
‘P|73$€77

P]T eel, P]T cel,

N|—

where ¢ = || Pss — PT/.* ||2 denotes the distance in feature space; A’ is calculated as A} = (0;'.) ;

0; represents the overlapl r'atio between Pis ; ﬁ;] and ‘Biqk are the positive and negative weights
and are calculated as B,/ = v(d} — Ap) and B = y(A, — d¥), respectively, 7 is a hyper-
parameter; and A, and A, denotes the positive and negative margins, respectively, which
are set to A, = 0.1 and A, = 1.4 empirically. The overall superpoint matching loss is

3.7.2. Point Matching Loss

For point matching loss, we obtain the sets of ground-truth superpoint correspon-
dences and dense correspondences with the ground-truth relative transformation and a
matching radius 7. Here, the set of ground-truth dense correspondences in a pair of patches
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is denoted as M, and those unmatched points of the patch-pairs are represented as S; and
7Ti; and the point matching loss is defined as follows:

1 C . : 1
Lpm = _62( 2 log Héc,y + 2 log H;,mﬁl_ 2 log H;“iJrl'y) (20)
i (vy)eM; XES; *€T;

4. Experiments and Results

In this section, a series of experiments and comparisons were implemented on several
publicly available datasets to analyze the experimental results and evaluate our method.
Firstly, we performed comparative experiments on the 3DMatch [29] and 3DLoMatch [54]
datasets, and we evaluated the performance with three metrics: IR, FMR, and RR. Sub-
sequently, we checked the effectiveness of our approach on ModelNet [57] and Model-
LoNet [54] with another three metrics: RRE, RTE, and RR. Furthermore, we conducted a
series of additional comparison experiments on KITTI datasets to verify the validation of
our method in large scenes. Finally, extensive ablation studies were conducted to illustrate
the validity of the submodules.

The experiments were trained in 40 epochs on 3DMatch, 200 epochs on ModelNet40,
and 80 epochs on KITTI with the Adam optimizer and initial learning rates of 0.005, 0.01, and
0.05, respectively. The batch size was set to 1 and the weight decay was set to 1 x 10~° in all
experiments. The learning rate is exponentially decayed by 0.05 for each epoch on 3DMatch
and ModelNet40, and every four epochs on KITTL. We implemented the project on a platform
with an Intel i7-11700K CPU and a Geforce RTX 3090 GPU. All programs depended on the
environment with Pytorch 1.7.1, Python 3.8, CUDA 11.1, and cuDNN 8.1.0.

4.1. Experiments on 3DMatch and 3DLoMatch
4.1.1. Dataset and Metrics

The 3DMatch dataset is a typical indoor dataset captured by different depth sensors; it
contains 62 scenes combining earlier data from RGB-D Scenes and 7 scenes et al., providing
great diversity. We divided all scenes into three sets, with 46 scenes, 8 scenes, and 8 scenes,
which we used for training, validation, and testing, respectively. Each scene consists of a
series of partially overlapped point clouds with their ground-truth transformation. In this
paper, we evaluate the proposed approach on 3DMatch and 3DLoMatch datasets, and the
difference between 3DMatch and 3DLoMatch is that the overlap of the point cloud pairs in
3DMatch is more than 30%, while in 3DLoMatch it is 10~30%.

We evaluated the performance with reference to [44,54] utilizing three metrics: inlier
ratio (IR), feature matching recall (FMR), and registration recall (RR).

IR is computed as the ratio of assumed correspondences, whose residual distance is

smaller than a practical value set to 7 = 10 cm through the ground-truth transformation
-T

Tg; the definition is as follows:

=T
1
R=13 2 [ITs(Sx) = Tyll, < =] 21)
(Sy;,Ty;)€C

FMR is the proportion of point cloud pairs whose IR is larger than a practical threshold
(72 = 0.05), which is used to measure the potential of success and computed as follows:

1 M
FMR :Mz; [IR; > 1] (22)

where M denotes the number of all point cloud pairs.
RR is the most reliable metric since it evaluates the end-to-end performance for
registration; it is computed as the proportion of correctly registered point cloud pairs
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whose transformation error is smaller than a certain threshold (73 = 0.2 m). After applying
the estimated transformation, the transformation error can be computed as follows:

1 " .12
RMSE= | Y |TL(s;)-T; 3 (23)

*
“ ‘(Sj;i,T;i)e c*

And the registration recall is computed as follows:
1M
RR = MZ;HRMSE,» < 1] (24)

4.1.2. Registration Results

The registration results of STDRIF were compared with six recent excellent methods:
FCGEF [30], D3Feat [31], Predator [54], SpinNet [10], REGTR [40], and Geotransformer [44].
We evaluated the performance with the FMR, IR, and RR metrics and reported the results
on 3DMatch and 3DLoMatch with 5000, 2500, 1000, 500, and 250 correspondences, as shown
in Table 1.

Table 1. Evaluation results for 3DMatch and 3DLoMatch. The best two performances are highlighted
in bold and underlined, respectively.

Samples 3DMatch 3DLoMatch

5000 2500 1000 500 250 5000 2500 1000 500 250
Feature Matching Recall (%)
FCGEF [30] 97.4 97.3 97.0 96.7 96.6 76.6 75.4 74.2 71.7 67.3
D3Feat [31] 95.6 95.4 94.5 94.1 93.1 67.3 66.7 67.0 66.7 66.5
Predator [54] 96.6 96.6 96.5 96.3 96.5 78.6 77.4 76.3 75.7 75.3
SpinNet [10] 97.6 97.2 96.8 95.5 94.3 75.3 74.9 72.5 70.0 63.6
REGTR [40] 97.8 97.4 96.9 96.1 95.6 74.3 74.4 74.2 73.8 72.9
Geotransformer [44] 97.9 97.9 97.9 97.9 97.6 88.3 88.6 88.8 88.6 88.3
STDRIF(ours) 98.0 98.0 98.0 97.9 97.7 88.9 89.1 89.0 88.8 88.1
Inlier Ratio (%)
FCGEF [30] 56.8 54.1 48.7 42.5 34.1 21.4 20.0 17.2 14.8 11.6
D3Feat [31] 39.0 38.8 40.4 41.5 41.8 13.2 13.1 14.0 14.6 15.0
Predator [54] 58.0 58.4 57.1 54.1 49.3 26.7 28.1 28.3 275 25.8
SpinNet [10] 475 44.7 394 339 27.6 20.5 19.0 16.3 13.8 111
REGTR [40] 57.3 55.2 53.8 52.7 51.1 27.6 27.3 27.1 26.6 25.4
Geotransformer [44] 71.9 75.2 76.0 82.2 85.1 43.5 45.3 46.2 529 57.7
STDRIF(ours) 72.3 77.5 79.1 85.3 87.2 44.7 48.2 51.1 54.1 58.9
Registration Recall (%)

FCGEF [30] 85.1 84.7 83.3 81.6 71.4 40.1 41.7 38.2 35.4 26.8
D3Feat [31] 81.6 84.5 83.4 82.4 77.9 37.2 427 46.9 43.8 39.1
Predator [54] 89.0 89.9 90.6 88.5 86.6 59.8 61.2 62.4 60.8 58.1
SpinNet [10] 88.6 86.8 85.5 83.5 70.2 59.8 54.9 48.3 39.8 26.8
REGTR [40] 92.0 91.2 89.7 90.6 90.4 64.8 64.4 64.2 62.3 59.7
Geotransformer [44] 92.0 91.8 91.8 914 91.2 75.0 74.8 74.2 74.1 73.5
STDRIF(ours) 924 92.0 924 91.7 91.0 75.9 74.8 74.7 74.7 73.5

The evaluation results for 3DMatch and 3DLoMatch are exhibited separately on the
left and right sides of Table 1, respectively. With the FMR metric, the performance was
close to Geotransformer on 3DMatch, and it showed a better improvement on 3DLoMatch,
verifying the validity of the submodules designed for finding correspondences. With the
IR metric, the performance was superior to that of other methods, demonstrating the more
reliable correspondences produced. RR was the most reliable and intuitive metric used to
evaluate the performance of final registration, and the evaluation result directly proves
the effectiveness of our approach. Overall, our approach performed best on 3DMatch,
with close results compared to Geotransformer and significant improvements over other
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comparison methods. The performance on 3DLoMatch was still strongly competitive. The
evaluation results verify the robustness of our method.

In order to show the reliability of our approach intuitively, a visualization of the
registration results on 3DMatch and 3DLoMatch with 5000 correspondences is displayed in
Figure 6, which contains five examples represented in five separate lines. In each example,
the first two columns denote the source and target point clouds, respectively. The third
column denotes the ground truth, and the last column denotes the registration result. From
the comparison of the registration results and ground truth, it can be seen that our method
performs satisfactorily, especially in low-overlap scenes.

P R

- ™
A ‘i & \"r‘r‘

-

R

Input S

Input T Ground Truth Registration results

Figure 6. Visualization of five registration result examples on 3DMatch and 3DLoMatch. In each
example, the source point cloud S, target point cloud T, ground truth, and registration result are
represented from left to right. The first two rows display the results of high-overlap registration, and
the last three rows display the results of low-overlap registration.
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4.2. Experiments on ModelNet40
4.2.1. Dataset and Metrics

ModelNet40 contains 40 different categories of CAD models, each of which consists of
training and test data collected from these CAD models. We used the processed dataset as
described in [54], among which are 5112 models for training, 1202 models for validation, and
1266 models for testing. We performed the experiments on both ModelNet and ModelLoNet,
where the overlap of point cloud pairs in ModelNet was ~70%, while in ModelLoNet it
was ~50%. On ModelNet40, we reported the relative rotation error (RRE), the relative
translation error (RTE), and the chamfer distance (CD) to evaluate our method [32].

RRE is the geodesic and Euclidean distance between the estimated and ground-truth
rotation matrices, which measures the differences between the predicted and ground-truth
rotation matrix, computed as follows:

trace(RT -R) — 1

RRE = arccos( 5

) (25)

RTE is the Euclidean distance between the estimated and ground-truth translation
vectors, which measures the differences between the predicted and ground-truth translation
matrix, which is computed as follows:

RTE = [t - ¢, 26)

CD is the average nearest squared distance between the predicted and ground-truth
point clouds, which measures the similarity between the predicted and ground-truth point
clouds, defined as follows:

1 . 2 1 . 2
dep(P,G) = Py — Gyl + = Gy —P 27
co(P,G) Ppgpéf}é%” x y||2+GGyZ€le,rxlgIgll v = Pxl; @7)

4.2.2. Registration Results

We compared the registration results of our method with those of five other methods
on ModelNet40: PointNetLK [15], DCP [35], RPM-Net [32], Predator [54], and REGTR [40].
Three metrics (RRE, RTE, and CD) were used to measure the performance of ModelNet and
ModelLoNet, as shown in Table 2. The left and right sides of Table 2 present the evaluation
results for ModelNet and ModelLoNet, respectively. According to the evaluation on
ModelNet, although the result with RTE was inferior to that of REGTR, it can be seen that
STDRIF performed better than the other comparison methods with the RTE and CD metrics
in high-overlap and low-overlap models.

Table 2. The registration results on ModelNet and ModelLoNet. The best two performances are
highlighted in bold and underlined, respectively.

ModelNet ModelLoNet

Method RRE RTE CD RRE RTE CD
PointNetLK [15] 29,275 0.297 0.0235 48.567 0.507 0.0367
DCP [35] 11.975 0.171 0.0117 16.501 0.300 0.0268
RPM-Net [32] 1.712 0.018 0.00085 7.342 0.124 0.0050
Predator [54] 1.739 0.019 0.00089 5.235 0.132 0.0083
REGTR [40] 1.473 0.014 0.00078 3.930 0.087 0.0037
STDRIF (ours) 1.507 0.013 0.00073 4.287 0.086 0.0037

Figure 7 presents the registration results on ModelNet and ModelLoNet. Figure 8
displays the results of a comparison experiment between our method and Predator on
ModelNet with different overlap ratios using the RRE and RTE metrics. In Figure 7, it
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can be seen that the registration results are close to the ground truth, which intuitively
demonstrates the effectiveness of the proposed method. Figure 8 shows that the registration
performance became worse with the decline in the overlap ratio; however, the results of
our method were always superior to those of Predator with RRE and RTEe, which further
proves that our method is competitive even for low-overlap registration.

Input S Input T Ground Truth Registration results

Figure 7. Visualization of registration results on ModelNet and ModelLoNet. In each example,
the input source point cloud S, input target point cloud T, ground truth, and registration result are
represented from left to right. The first two rows display the results on ModelNet, and the last three
rows display the results on ModelLoNet.
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Figure 8. Comparison performance of STDRIF and Predator on ModelNet40 with different
overlap ratios.

4.3. Experiments on KITTI
4.3.1. Dataset and Metrics

OdometryKITTI [30,31,44,54] includes 11 sequences of outdoor driving scenarios
scanned using Velodyne laser LIDAR, among which sequences 0-5 are for training, se-
quences 67 are for validation, and sequences 8-10 are for testing. We used the method
of [44,54] to refine the ground truth pose with ICP, and we evaluated our method with
the point cloud pairs that are up to 10 m away from one another. The evaluation metrics
used on KITTI are RRE, RTE, and RR; these three metrics have already been introduced in
Sections 4.1.1 and 4.2.1 and they will not be repeated here.

4.3.2. Registration Results

A comparison of the registration results is shown in Table 3, and the comparison meth-
ods included five recent outstanding methods: 3DFeat-Net [58], FCGF [30], D3Feat [32],
Predator [54], and Geotransformer [44]. With the RTE and RR metrics, we obtained the
same performance as with Predator and Geotransformer. With RRE, the performance of
our method was slightly inferior to that of Geotransformer. Overall, our method is still
competitive in large scenes.

Table 3. The registration results on KITTI. The best two performances are highlighted in bold and
underlined, respectively.

KITTI
Method RRE RTE RR
3DFeat-Net [58] 0.35 25.9 96.0
FCGEF [30] 0.30 9.5 96.0
D3Feat [32] 0.30 7.2 99.8
Predator [54] 0.27 6.8 99.8
Geotransformer [44] 0.24 6.8 99.8
STDRIF (ours) 0.26 6.8 99.8

Figure 9 displays the five examples of visualization results of registration on odom-
etryKITTI, which intuitively shows the reliability of our approach. In Figure 8, each line
exhibits an example of the registration result. In each example, the first two columns denote
the source and target point clouds, respectively. The third column denotes the ground truth,
and the last column denotes the registration result. From the comparison of the registration
results and ground truth, it can be seen that the proposed method performs satisfactorily in
large scenes.
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Input S

Input T Ground Truth Registration results

Figure 9. Visualization of registration results on KITTI. In each example, the input source point cloud
S, input target point cloud T, ground truth, and registration result are represented from left to right.

4.4. Ablation Studies

Extensive ablation studies were conducted by applying one proposed submodule to
the baseline at each time. Since the registration results of our method were close to those
reported in [40], we chose [54] as the baseline to present the corresponding contribution
of each submodule. Table 4 shows the extensive results on 3DMatch and 3DLoMatch.
Our method benefits from three key components: PPF Transformer (PPF), sparse-to-dense
matching (STD), and progressive alignment (PA). It can be seen that FMR, IR, and RR
improved with each component used in the baseline, and the performance was better
when submodules were used in superposition. The method using three submodules on
the 3DMatch and 3DLoMatch datasets led to an increase of 3% and 3.7% in the RR metric,
respectively, compared to the baseline with no submodules. Furthermore, using three
submodules on the 3DMatch and 3DLoMatch datasets, the RR increased more obviously on
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the 3DLoMatch, which demonstrates that our approach is more competitive for low-overlap
point cloud registration tasks.

Table 4. Ablation study for each submodule, tested with 5000 correspondences. The best two
performances are highlighted in bold and underlined, respectively. The / and x indicate whether or
not the module is in use, respectively.

Key Component 3DMatch 3DLoMatch
PPF STD PA FMR (%) IR (%) RR (%) FMR (%) IR (%) RR (%)
X X X 96.7 66.9 89.4 87.2 40.1 722
Vv X X 97.1 67.4 89.9 88.1 41.4 72.8
Vv v X 97.2 70.4 90.8 88.2 425 73.9
v x v 97.5 714 91.1 88.7 43.1 74.3
Vv Vv Vv 98.0 72.3 92.4 88.9 44.7 75.9

5. Discussion
5.1. Performance and Effectiveness Analysis

In this study, several experiments were implemented on the 3DMatch, ModelNet40,
and KITTI datasets. For all datasets, in order to show the excellent performance of our
method, we reported the evaluation results with respective metrics and displayed the
visualization of the registration results in the Sections 4.1-4.3. The evaluation results verify
that the registration performance of our approach is superior to that of other recent excellent
methods, even in large scenes, and the visualization of the registration results demonstrates
the practicability and feasibility of our method. In the Section 4.4, ablation studies were
conducted to explore the influence of each submodule with the FMR, IR, and RR metrics on
3DMatch. The value of the metrics increased with each submodule applied to the baseline,
demonstrating the validity of the proposed submodules. Ablation studies on 3DLoMatch
showed more significant performance improvements than on 3DMatch, demonstrating
that our approach remains competitive in low-overlap scenes.

5.2. Limitations and Future Improvement Directions

A series of experiments have shown that STDRIF performs excellently with high accu-
racy and robustness, especially for low-overlap registration tasks. However, the limitations
of our approach must be discussed below for the improvement of future work. In the above
illustration, the PPF Transformer module was leveraged to learn rotation-invariant fea-
tures. We focused on the point pair features in the self-attention stage to enrich contextual
information, but we neglected the awareness of spatial positions when exchanging and
aggregating information in the cross-attention stage. Moreover, we followed the method
of [44] to downsample the input point clouds with the grid sampling method, which may
lead to numerous superpoints and cause an increase in the calculation cost. The limitations
mentioned above will be improved upon in future work. Except for the above details in
need of improvement, we hope our method can cover a wider range of applications, such
as non-rigid registration, cross-modality registration, etc.

6. Conclusions

In this paper, we introduced a point cloud registration network based on rotation-
invariant features with a sparse-to-dense matching strategy, and the registration results
benefit from three key submodules: PPF, STD, and PA. The PPF transformer module em-
beds point pair features into the transformer, which learns the distinctive hybrid features
that make it invariant to rigid transformation. Sparse-to-dense matching establishes reli-
able correspondences from sparse to dense. The progressive alignment module further
optimizes the registration by finding higher inlier ratio superpoints correspondences based
on consistency. We conducted several experiments on the 3DMatch, ModelNet40, and
KITTI datasets, and we showed the visualization and evaluation of the registration re-
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sults. We further conducted ablation studies on the 3DMatch dataset and demonstrated
the effectiveness of the three key submodules. All of the experimental results verify the
excellent performance of our method, especially for low-overlap registration tasks and in
large scenes. Finally, we discussed the limitations and future improvement directions. The
remaining issues will be addressed in our future work for more robust and applicable point
cloud registration.
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