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Abstract

We propose RPSRNet - a novel end-to-end trainable deep
neural network for rigid point set registration. For this
task, we use a novel 2P-tree representation for the input
point sets and a hierarchical deep feature embedding in
the neural network. An iterative transformation refinement
module of our network boosts the feature matching accu-
racy in the intermediate stages. We achieve an inference
speed of ~12-15ms to register a pair of input point clouds
as large as ~250K. Extensive evaluations on (i) KITTI
LiDAR-odometry and (ii) ModelNet-40 datasets show that
our method outperforms prior state-of-the-art methods —
e.g., onthe KITTI dataset, DCP-v2 by 1.3 and 1.5 times, and
PointNetLK by 1.8 and 1.9 times better rotational and trans-
lational accuracy respectively. Evaluation on ModelNet40
shows that RPSRNet is more robust than other benchmark
methods when the samples contain a significant amount of
noise and disturbance. RPSRNet accurately registers point
clouds with non-uniform sampling densities, e.g., LIDAR
data, which cannot be processed by many existing deep-
learning-based registration methods.

1. Introduction

Rigid point set registration (RPSR) is indispensable
in numerous computer vision and graphics applications —
e.g., camera pose estimation [2, 63], LIDAR-based odome-
try [74, 38], 3D reconstruction of partial scenes [30], simul-
taneous localization and mapping tasks [46], to name a few.
An RPSR method estimates the rigid motion field, parame-
terized by rotation (R € SO(D)) and translation (t € RP),
of a moving sensor from the given pair of D-dimensional
point clouds (source and target).

Generally, different types of input data from diverse ap-
plication areas pose distinct challenges to registration meth-
ods, e.g., (i) LIDAR data contains large number of points
with non-uniform sampling density, (ii) partial scans ob-
tained from structured-light sensors or multi-view camera
systems contain a large number of points with small amount
of overlap between the point clouds, (iii) RGB-D sensors,
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Figure 1. Rigid Point Set Registration using Barnes-Hut (BH)
2P_tree Representation. The center-of-masses (CoMs) and
point-densities (g) of non-empty tree-nodes are computed for the
respective BH-trees of the source and farget. These two attributes
are input to our RPSRNet which has global feature-embedding
blocks employing tree-convolution operations on the nodes. Fi-
nally, we regress rigid rotation (R € SO(D)) and translation
(t € RP) parameters from output features.

such as Kinect, yield dense depth data with large displace-
ment between consecutive frames.

Classical RPSR Methods. Iterative Closest Point (ICP)
[10] and its many variants [29, 56, 36, 60, 70, 28, 23] are
the most widely used methods that alternate the nearest cor-
respondence search and transformation estimation steps at
every iteration. A comparative study [50] shows that sev-
eral ICP variants target a specific challenge, and many of
them are prone to converge in bad local-minima. Coher-
ent Point Drift (CPD) [44] is another state-of-the-art ap-
proach from the class of probabilistic RPSR methods. Simi-
lar to CPD, GMMReg [ 1], FilterReg [21], and HGMR [19]
are also probabilistic RPSR methods that treat the data as
Gaussian mixture models. The probabilistic models for
rigid alignment gives more robustness against noisy input
than ICP [10]. Recently physics-based approaches, e.g.,
GA [25], BH-RGA [26], FGA [4], and [, 3], are appearing
computationally faster and more robust than ICP or CPD.
These methods assume that the point clouds are astrophys-
ical particles with masses and obtain the optimal alignment
by defining a motion model for the source in a simulated
gravitational field. However, most of the above methods
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run on CPUs and do not scale to register large point clouds,
e.g., LIDAR scans. Due to this, often handcrafted [18] or
automatically extracted [58, 57] feature descriptors are iter-
atively sampled using RANSAC [53] to obtain true corre-
spondence matches. On the other hand, Fast Global Regis-
tration (FGR) [77] replaces the RANSAC step with a robust
global optimization technique to obtain true matches.

DNN-based Point Processing Registration Methods. A
recent survey [39] shows that many contributions are made
to the development of deep neural networks (DNNs) for
point cloud processing (PCP) tasks [51, 52, 69, 5, 66, 67,
,30,32,13,62,71,48,47,40,61,41], e.g., classification
and segmentation [51, 52, 69], correspondence and geomet-
ric feature matching [24, 35], up-sampling [72], and down-
sampling [47]. Rigid point-set registration using DNNs ap-
peared recently [20, 5, 66, 67, 42, 30, 48, 71, 13]. El-
baz et al. [20] introduce the LORAX algorithm for large
scale point set registration using super-point representa-
tion. PointNetLK [5] is the first RPSR method which
uses PointNet [51] (w/o its T-net component) to obtain
the global feature-embedding of source and target. The
method further uses the iterative Lucas and Kanade (LK)
method to obtain the transformation optimizing the dis-
tance between global features. Unlike PointNetLK, the re-
cent RPSR method Deep Closet Point (DCP) [66] chooses
DGCNN [68] to obtain the feature embedding and a Trans-
former network [17] to learn contextual residuals between
them. PRNet [67] is an extension of DCP [66] to solve
a matching sharpness issue. Deep Global Registration
(DGR) [13], [16], and 3DRegNet [48] are among the lat-
est methods to report better accuracy than FGR [77] for
registering partial-to-partial scans. DGR takes fully con-
volutional geometric features (FCGF) [15] and trains a
high dimensional convolutional network [14] to classify in-
liers/outliers from the input FCGF descriptors. Finally, a
weighted Procrustes [27] using inlier weights estimate the
transformation. 3DRegNet [48] method also employs a
classifier, similar to the inlier/outlier classification block of
DGR, but using deep ResNet [31] layers, followed by dif-
ferentiable Procrustes [27] to align the scans. Notably, both
3DRegNet and DGR have ~4 times and ~10 higher runtime
than DCP [66]. Some other RPSR methods using DNNs are
AlignNet-3D [30], DeepGMR [73] and DeepVCP [42].

Problems in DNN-based Point Cloud Processing. Gen-
erally, DNNs on 3D point clouds give more intuitive high
dimensional geometric features learned from the given sam-
ples. Although, the convolution operations are not straight
forward for DNNs on point clouds because they can be
unordered, irregular and unstructured. Voxel-based [43]
or shallow grid-based [54] representations use volumet-
ric convolution which is very memory demanding (O(N?)
where NNV is the voxel resolution) and can only be applied
to very small problems. In contrast, multilayer perceptron

(MLP) based convolution in [51, 52, 69, 72] operate on
sub-sampled versions of the point clouds. Thus, the local
correlation between the latent-features are inefficiently es-
tablished using random neighborhood search in MLP-based
methods. Another critical disadvantage of methods relying
on PointNet [51] (or its extension [52]) is that deconvolu-
tion is inapplicable. RPMNet [71], which is another Point-
Net [51] reliant RPSR method, shows that it requires points’
normals to be computed beforehand for robust alignment.
Additionally, the inference time, a crucial parameter for
real-time applications, of several recent DNN-based meth-
ods [71, 48, 13] are not on a par with DCP [66] or Deep-
VCP [42]. Among the DNN based approaches of RPSR, no
method is available so far which addresses the aforemen-
tioned issues.

2DP.Tree Based Methods for Point Cloud Processing.
2P_tree (e.g., octree in 3D or quadtree in 2D) representa-
tion [76] of a point cloud is more memory efficient to en-
code local correlation among the points inside a tree-cell as
they can share the same input signals. Unlike regular grids,
2P _tree representation free up the empty cells, which are of-
ten more than 50% for sparse point clouds, from being com-
puted. Moreover, it provides hierarchical correlations be-
tween the neighborhood cells. FGA [4] and BH-RGA [26]
are the latest physics-based RPSR methods to use Barnes-
Hut (BH) 2P-tree representation of point clouds. FGA
shows state-of-the-art alignment accuracy and the fastest
speed among the classical methods. DNN-based methods
for shape reconstruction from a single image [62], point
cloud classification and segmentation (PCCS) [37, 65], real-
time 3D scene analysis [64], shape retrieval [55], and large
LiDAR data compression [32] have all appeared in last three
years which claim 2P-tree as more efficient learning rep-
resentation for point clouds. Although, there is no RPSR
method that addresses the aforementioned problems of pre-
vious learning-based approaches and simultaneously uti-
lizes the efficacy of 2P-tree representation.

In this paper, we present the first DNN-based RPSR
method using a novel Barnes-Hut (BH) [8] 2P-tree repre-
sentation of input point clouds (see Fig. 1). At first, we build
a BH-tree by recursively subdividing the normalized bound-
ing space of an input point cloud up to a limiting depth d
(Sec. 2). A tree with maximum depth d = 6 or 7 (i.e., equiv-
alent to 643 or 1283 voxels in 3D) gives a fine level of gran-
ularity for our proposed DNN to process. Except from the
root node, which contains all the points, the internal nodes
of the 2P-tree encapsulate varying number of points. Hence,
the center-of-masses (CoMs) and the inverse densities (IDs)
of the nodes, computed at each depth, are the representative
attributes of a BH-tree. Besides, the neighbors of a given
node are easily retrievable using established indexing and
hash maps [7] for 2P-tree. With this input representation,
Sec. 3 describes the complete pipeline of RPSRNet. To this
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end, we design a single DNN block — hierarchical feature
extraction (HFE) — with d hidden layers for global feature
extraction. Two sub-blocks under HFE — namely hierar-
chical position feature embedding (HPFE) and hierarchical
density feature embedding (HDFE) respectively — learn the
positional and density features, respectively. We apply late-
fusion between HPFE and HDFE that results in a density
adaptive embedding. As a result, learned-features become
homogeneous for the input point clouds with non-uniform
point sampling densities (e.g., LIDAR scans). The final
block of our RPSRNet, inspired by DCP-v2 [66], contains a
relational network [59] with an integrated transformer [0],
and a differentiable singular value decomposition (SVD)'
module. We further refine the estimation with an iterative
rigid alignment architecture with multiple alignment-passes
for a single pair of input sample (See Fig. 3 and Sec. 3.3).

Contributions. The overall contributions and promising
characteristics of this work are as follows:
e A novel BH 2P-tree representation of input point sets.

e An end-to-end trainable rigid registration network with
real time inference on dense point clouds using the fol-
lowing components:

1. HPFE and HDFE using 2P-tree convolution

2. Rigid transformation estimation using relational
network and differentiable SVD.

3. A multi-pass architecture for iterative transfor-
mation (R, t) refinement (similar to [67])

2. The Proposed BH 2P-Tree Construction
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Figure 2. Barnes-Hut 2P -Tree construction and nodes.

Given a pair of misaligned input point clouds, a source
Y ¢ RM*X®+) and a target X € RVXP+) we build
Barnes-Hut (BH) [8] 2P-trees 7Y and 7% on them. The

ito extract the correspondence weights from our hierarchical deep fea-
ture embedding of source and target
'to estimate rotation and translation parameters.

trees (7Y and 7%X) are defined by their respective sets of
nodes (NY and N¥) and the parent-child relationships
among them at different depths d = 1,2, .. .. Every point in
Y and X is a D-dimensional position vector, often associ-
ated with an additional c-dimensional input feature channel.
The input features can be RGB color channels, local point
densities, or other attributes. Although BH-tree is gener-
alizable for D-dimensional input data, we describe further
details and notations w.r.t 3D data (i.e. D = 3) for easier
understanding. The following steps describe how to build
a BH octree (i.e. 2° = 8 child octants per parent node) by
recursively subdividing the Euclidean space of an input:

1. We determine the extreme point positions, i.e., min,
max values along x, y, and z-axes, and split the whole
space (as root node) from its center into 23 cubical sub-
cells as its child nodes. The half-length of the cube is
called cell length r. Depending on the structure of the
input point clouds, if not a regular grid structure, the
child nodes can be empty, non-empty with more than
one point, and non-empty with exactly one point. We
call them null, internal, and leaf nodes (see Fig. 2-A).

2. For each internal node, we compute the center-of-mass
(CoM) i € R? and inverse density (ID) o~ € Rt
of the encapsulated points inside. These two attributes
(CoM and ID) of a leaf node are equivalent to the point
position and its local density.

3. We continue the subdivision of the internal nodes only
up to a maximum depth d if leaf node is not reached.

Fig.2-(B) illustrates the BH-tree CoMs of the nodes at dif-
ferent depths d = 2, 3,4 and 5 with their color-coded (mag-
nitude order: red > green > blue) point densities g. Further-
more, we establish the indexing of the nodes (IN ;) as well as
their neighborhood indices (k) at every depth d using a la-
bel array (L) as hash key to retrieve the parent-child infor-
mation. For instance, the child nodes at depth d of N4_1 ;
(a non-empty parent node ¢ at depth d — 1) will be indexed
in order of the Morton’s *Z’ curve: {23-i+1,...,23.i+8]}.
The supplement has exemplary indexing.

3. The Proposed RPSRNet Method

In this section, we formulate the rigid alignment problem
between two BH-trees constructed on the input point cloud
pair, and then describe our RPSRNet model for this rigid
alignment task by highlighting its different components.

3.1. Mathematical Formulation

Rigid registration of a movable 3D point cloud Y =
{y1,...,ym} € RM>*3 (ie., source) with another point

fiiinspired by Monte-Carlo Importance Sampling Density — if m random
samples drawn from a meta-distribution function g(z) of a distribution
p(x), then expectation of sample can be expressed as a fraction of weights

w(x) = %, such that the normalized importance is Y.~ ; w(z;) = 1.
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Figure 3. A schematic design of iterative RPSR network using 2°
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cloud X = {x1,...,xny} € RV*3 (i.e., target) is to esti-
mate a 6DOF transformation T = [R € SO(3)|t € R¥],
which can bring both Y and X in a common reference
frame. The problem is often formulated as optimization
of cost function U(R, t) in the form of globally multiply-
linked correspondence distance errors:

UR,t,X,Y) :Zwij|l(RYi+t)_xjH§7 (D
)
where ||-|| denotes the fo-norm of the distance, and w;; is
correspondence weight. Without w;; (or with constant val-
ues for all (y;, x;) pairs), the influence of putative matches
on Eq. (1) cannot be distinguished from spurious matches.
In the context of our BH-tree representation of the inputs
(ie., Y — 7¥ and X — 7%), we reformulate U(R,, t) as
a multi-scale sum of mean-squared distance errors between
the CoMs (MY = {ufj,} and M} = {4 ,}) of the re-
spective sets of non-empty tree-nodes (NY = {n};} and
NX = {ng,}) at different depths d € {1,2,...,do} and
labels I € {1,2,..,(2%)%}), and weighted by their corre-
sponding ID values py ~ = {0} and pX~ = {07 }).
Therefore, the multiply-linked (El j) correspondenceydis—
tance errors are now applicable on the CoMs of the non-
empty nodes at every depth:
UR. 7, 7Y) =3 3ol I (Rual 1) — 3 13 @
d i
Generalized Procrustes methods [34, 27] give a closed-form
solution for R,t = arg ming ¢ U(R, t,X,Y) in Eq. (1)
without input weights w;; as R = USVTandt = X—RY,
where UXVT = SVD((X — X)(Y — Y)T) and S =
diag(1,...,1,det(UV)). X and Y are the mean of the in-
puts [l. Analogously, the DGR [13] method shows a closed
form solution for R, t with correspondence weights w;; in
Eq. (1)

Our RPSRNet is a deep-learning framework (see Fig. 3)
to estimate rigid transformation R, t in Eq. (2) by using
high-dimensional features learned for the CoM and ID at-
tributes of input trees. Our pipeline has three main stages:
Stage 1: We propose a hierarchical feature encoder (HFE)
that returns feature maps F,v and JF,x for the input trees.

The output feature maps from HFE are obtained by fusing
(Hadamard product) positional features with features from
inverse density channel. Note, that the fused feature maps
(position o density) Fypy o F,y- and Fygx o F,x- are
computed separately.

Stage 2: In this stage, we use a Transformer net-
work [6] to learn the contextual residuals ¢(F,v, F,.x) and
o(F.x,F,v), between the two embedding F,v and F,x.
The contextual map ¢ : R64X512 » RO4x512 _, R64x512
denotes the changes between two input embedding (see di-
mension of output feature from HFE in Sec. 3.2).

Stage 3: We use the differential SVD [49] block on the final
score matrix as suggested by DCP [66]:

S = SoftMax ([F,x + ¢(F.x, Fox )] [Frx + &(Fox, Fox)]")
3)
3.2. Hierarchical Feature Encoder

DKM LGN
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Figure 4. Nodes at different depth of Barnes-Hut tree as the input
of our hierarchical feature encoder (HFE).

Our HFE (see Fig. 4) takes the BH 23-tree attributes —
the CoMs, IDs, labels of nodes, and list of 26 neighbours of
all non-empty nodes at every depth as input. HFE has has
two embedding layers — one to encode the features from
the position of CoMs, and the other from the IDs — named
as HPFE and HDFE, respectively. The encoder has four
hidden layers. Three of them encode the features only at
the non-empty (NY, NY) at depths d = 5,4, 3,, and the
Sfourth is Tree-to-Voxel layer which converts the non-empty
tree nodes at depth 2 into a voxel structure, i.e., 2323 = 43,
The empty locations are zero-filled. The final layer is a fully
connected layer to up-sample the feature maps. Each em-
bedding layer does a set of operations, i.e., 1D convolution
+ Batch Normalization [33] + ReLU [45] + Max-Pooling
operations. We call this as a basic unit and named HDFE(d)
or HPFE(d) based on their input attributes.
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Barnes-Hut 23-Tree Convolution / Pooling. To perform
the tree convolution operation, we use smart indexing of
tree nodes, parent-child relation order, and adjacency sys-
tem of their neighborhoods. Fig. 2-(A) shows a ‘Z’-curve
(known as Morton’s curve) traverse through nodes at the
current depth d and increase their label index [ by 1 leaving
the empty node label as -1. If the parent node was empty,
the ‘Z’curve skips that octant. Hence, we keep an array for
the labels L at every depth to serve as hash map (See sup-
plementary material ). Next, for the convolution operation
on every non-empty node, 26 adjacent nodes from the same
depth are fetched. Notably adjacent sibling nodes can be
empty. At run time, we dispatch a zero filling operation on
those empty neighbors for indexed based (L) 1D convolu-
tion. In the reverse case, while Max-Pooling, information
flows from child to parent nodes. Hence the same operation
of zero filling is done on the empty siblings of a non-empty
parent (See supplement for for detailed example indexing
on a tree and operations like zero-filling and child-filling).
The following is the input and output feature dimensions at
depth d using weight filter W after 1D convolution:

2(10—d)

Fou = ConvID(W € RNalP20HL 7, ¢ RINaDETTTY (4

3.3. Iterative Registration Loss

RPSRNet predicts the final transformation in multiple
steps. On every internal iteration %k, a combined loss ﬁ’fu
on rotation: L = [|(RE.4)TRg — I||?, and translation:
Cf = ||(t]p€red)
[,’fm and total loss Lr; using learnable scale parameters
or and oy (for balanced learning of the components) are:

— tg|? is minimized. Our combined loss

Ly = exp(—or)LR + or +exp(—0¢)LF +o0p (5

1 . .
andLp: = Z(§)k£§m, where k( = max iteration.
k
The scale parameters og and oy help the network to learn
the wide range of transformations.

4. Data Preparation and Evaluation Method

We evaluate on synthetic ModelNet40 [75] dataset which
contains 9843 training and 2468 test samples of CAD mod-
els under 40 different categories, and also KITTI LiDAR-
Odometry [22, 9] as several driving sequences.
ModelNet4(0 Dataset. In one setup (M1), we use all the
~9.8K training and ~2.4K testing samples under all 40 dif-
ferent object categories. In another setup (M2), to evalu-
ate the generalizability of our network, we choose a train-
ing set Tp; with shapes belonging to the first twenty cat-
egories, and testing set 7,; where shapes are from the
other twenty categories that are not seen during training.
All input samples are scaled between [—1,1]. The tar-
get point clouds are obtained after transforming its clone

by random orientations (6, 0,,6.) € (0°,45°] and a ran-
dom linear translation (t,,t,,t,) € [—0.5,0.5]. To help
the deep networks better cope with the data disturbances,
another 950 training and 240 testing samples are ran-
domly selected to be preprocessed by four different set-
tings of noise or data disturbances on source point clouds
— (i) adding Gaussian ~A/(0,0.02) and (ii) uniformly dis-
tributed noise ~U/(—1.0,1.0) which are 20% of the to-
tal points in a sample, (iii) cropping a chunk (approx.
20%) of data, and (iv) jitter each point’s position with
a displacement tolerance 0.03. The choice of applying
one of the four options is random. We prepare five in-
stances of the validation sets with increasing level of noise
(1%, 5%, 10%, 20%, and 40%), jitter (increasing displace-
ment threshold), and crops (1%, 10%, 20%, 30%, and 40%).
KITTI Dataset. There are 22 driving sequences in
KITTI LiDAR odometry dataset. We prepare two se-
tups — in the first setup (K1-w/o), the ground points
are removed from each sample using the label informa-
tion from SemanticKITTI [9], and in the second setup
(K2-w) samples remain unchanged. The samples from
each driving sequence 00 to 07 are split into 70%, 20%,
and 10% as training, testing and validation sets and then
merged. The number of frames in the sequences are
4541,1101,4661,801,271,2761,1101, and 1101 respec-
tively. Source point clouds from any of these sets are ran-
domly selected frame-indices, whereas the corresponding
targets are with next fifth frame-indices. Our RPSRNet can
process point clouds with actual size. Due to the memory
and scalability issues, PointNetLK [5], DCP-v2 [66], and
CPD [44] use inputs down-sampled to 2048 points.
Evaluation Baselines. We compare state-of-the-art neural
network-based methods — DCP-v2 [66] and PointNetLK [5]
against our RPSRNet. We also evaluate several unsu-
pervised methods — ICP [10], FilterReg [21], CPD [44],
FGR [77], GA! [25, 26] — for broader analysis (see Sec. A
of the supplement for details on training and parameter set-
tings) and ignore some recent CNN-based methods [48, 71,
] that have higher run time (> 150 milliseconds).

Evaluation Metrics. We use angular deviation ¢ between
the ground truth and predicted rotation matrices (Rg¢, R),
and similarly, the Euclidean distance error At between the
ground truth and predicted translations (t 4, t) as:

¢ =cos ' (0.5(tr (RZ;R) —1)), At =ty —t]. (6)

S. Experiments and Results
5.1. Indoor Scenes: Synthetic ModelNet40

Since the DCP and PointNetLK provide the pre-trained
model only on the clean version of the ModelNet40 [75]
dataset, we retrain the networks on our augmented versions

A GPU implementation
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(M1) and (M2). RPSRNet, DCP-v2 [66], PointNetLK [5],
ICP [10], CPD [44], FilterReg [21], FGR [77], and GA [25]
are evaluated on all twenty validation sets (for each differ-
ent type and level of data disturbances). Despite training
with the additional 950 samples, both DCP and PointNetLK
show a common generalizability issue. The error plots in
Fig. 5 show increasing nature prediction inaccuracies for
DCP and PointNetLK, with the increasing level of data dis-
turbances. For instance, the transformation error of Point-
NetLK jumps several times higher when the noise level in-
creases from 1% to 5% — for Gaussian noise, the rotational
eITOr Ypnge increases from 2.267° to 82.69° and the trans-
lational error At,.,,s. increases from 0.1844 to 5.945. The
same increment also occurs for the Uniform noise. When
the input data is clean, FGR [77] performs the best with the
lowest transformation error (@mse = 1.082° and At 5e =
0.000267). FGR is also consistently superior to all other
competing methods at every level of data perturbation, but
its translation error is significantly higher in case of partial
data registration. With the increasing level of noise, FGR’s

performance deteriorates further from being the best (at 1%
noise level) to the second-worst (at 40% noise level). DCP
approach is more robust than PointNetLK but the noise in-
tolerance issue is still pertinent for both methods. RPSRNet
is far more robust and stable than the competing methods
(Fig. 6 shows qualitative results on few evaluation samples).

5.2. Outdoor Scene: KITTI LiDAR Dataset

Experiments show most unsupervised alignment meth-
ods ICP [10], CPD [44], FilterReg [21], and GA [25] all
fail to recover mainly the correct translation difference be-
tween source and target, and gets trapped into bad local
minima. The evaluation Table 1, reports the final RMSE
values on orientations and translations averaged over eight
sequences (00 - 07) for all baseline methods. The upper
and lower sub-rows indicate (K1-w/o) and (K2-w) setups
respectively. Like in ModelNet40 experiment, FGR [77]
performs better among the unsupervised approaches. Our
RPSRNet (the last two columns) outperforms all competing
methods. For instance, in K2-w setup, unsupervided meth-
ods ICP, FilterReg, CPD and GA reports At,pse as 1.08,
0.77, 1.08, and 1.0 which are 1.87, 1.33, 1.87, and 1.72
times higher than RPSRNet’s error value 0.58. In the K1-
w/o setup, all methods record higher transformation errors,
especially on translation part, than RPSRNet. A small ro-
tational inaccuracy in range of 0.5° to 3° after registration
is acceptable because further refinement using ICP or other
fast alignment [4] methods reduce such difference. But a
prediction error beyond 70 cm for the translation part de-
notes large dispute. In K1-w/o setup: RPSRNet?® has 1.31
and 1.33 times lower rotational and translational errors than
the respective second best methods DCP-v2 and FilterReg.
On the other hand, in K2-w setup: the same error for rota-
tion is 1.35 lower than second best candidate GA [25], but
the translation error is 1.1 times higher as the second best
behind DCP-v2. The Fig. 8 shows some qualitative results
from our RPSRNet® compared to other competing methods
on some challenging frames from sequence 03 and 06.

Frame-to-Frame LiDAR Registration. Using the trained
model of RPSRNet, we predict the relative transformations
on all consecutive pairs of frames in a given sequence. Lets
assume that the relative transformation between the sensor
poses from frame f to f + 1is TS, , = [Ryts] w.r.t the
initial sensor pose [Rinit, tinit]. The trajectory of a point p’ =
(0,0,0,1)T shown in the Fig. 7 is the locus of its spatial
positions starting from frame 1 as p* till the frame f as

7 = Rinictinie) - (R t] - [Rp_1tp ]~ [Rata]) -5 (7)

for four different sequences. Our measurements are close to
the ground-truth.

“¥The supplementary document provides a detailed evaluation on the
individual sequences

13105



Perturbation
Disp. Tolerance
0=0.3

Noise

40% Uniform 40% Gaussian

9 S I
2 2 T
P RPSRNet e ' FikerReg
Initialization (ours) PointNetLK DCP-v2 FilterReg ICP FGR A <rp

Figure 6. Qualitative registration outcomes on few samples fetched during evaluation of competing methods against noisy data.

On KITTI [22] Dataset

CPD [44] GA* [25] FGR [77] ICP[10] |FilterReg [21]] DCP-v2 [66] | PointNetLK [5]| RPSRNet! (ours) | RPSRNet® (ours)
Seq- Prmse> Atimse Prmse> Atrmge Prmse Atimse Prmse> Atimse Prmse > Atimse Prmse> Atimse Prmse > Atimse Prmse> Atimse Prmse> Atimse

mean 3.55,1.08 3.30, 1.0 3.29,0.85 3.15,1.08 3.08,0.77 2.92,0.89 4.02,1.12 3.13,0.88 2.22,0.58

3.03,1.07 | 294,1.02 | 325111 | 306120 | 326,120 | 296,076 | 517,120 | 3.031.01 | 218084

Table 1. Evaluation on KITTI [22] LiDAR sequences 00 to 07. Each cell in the table denotes the RMSE on angular and translational
deviations from ground-truth when averaged over all 8 sequences. The nested-rows (upper and lower) denote the (K1-w/o) and (K2-w)
setups. The lowest transformation errors achieved by any method is highlighted in bold or underlined bold font.

s Ground-truth Path === Estimated Path RPSRNet’ terReg [21] and GA [25] takes the input with its actual
KITTI Sequence - O1 KITTI Sequence - 05 . point size for KITTI whereas other methods — DCP-v2 [66],
....................... PointNetLK [5] and CPD [44] takes downsampled version

"""" (2048 points / frame) of the point clouds otherwise special
GPU or CPU memory cards are required. The input point
size (2048 points / sample) is constant for all methods in

e case of ModelNet40 dataset. RPSRNet, DCP-v2, Point-
NetLK, GA run on an NVIDIA Titan 1080 GPU, whereas
KITTI Sequence - 03 KITTI Sequence - 04 CPD, FGR, ICP and FilterReg are run on a 3.0GHz Intel

Y ree J p ’ v2, PointNetLK are 5, 18, and 12 minutes, respectively.

5.4. Ablation Study
5.3. Runtime and Efficiency Why not DCP-v2 with iterative refinement? In this
RPSRNet is computationally efficient with the fastest in- ablation, we implement two hybrid versions of DCP-v2 —
ference time among the competing methods on all tested (1) DCP-v3: it uses DCP-v2 architecture with additional

datasets (see Fig. 9). RPSRNet, FGR [77], ICP [10], Fil- loss functions (cyclic consistency and embedding disparity)
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Figure 8. Results of our RPSRNet® on some samples from the val-
idation set of KITTI [22, 9] dataset (left column: frame 000477 (as
Y) and 000482 (as X) of seq-03 and right column: frame 000019
(as Y) and 000024 (as X) from the seq-06). Zoomed parts of
each image highlights how other competing methods perform in
aligning static target objects — e.g., cars and bushes.
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Figure 9. Runtime of the competing methods on KITTI and

ModelNet40 with values for the deep-learning based methods.
The methods with star marks above take the whole point cloud,
whereas others use subsampled version of ~2K.

from its extension PRNet [67] and (ii) DCP-v4: this is DCP-
v2 with two internal alignment network blocks. Fig. 10
shows that DCP-v2 and DCP-v3 diverge when tested on
clean ModelNet40 with increasing number of external iter-
ations for prediction refinement. On noisy version of Mod-

On ModelNet40 with

On Clean ModelNet40
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Figure 10. On clean ModelNet40 [75] (left) : If we use iterative
refinement, the transformation errors of DCP-v2 [66] and DCP-v3
(modified version of DCP-v2 including additional loss functions
from PRNet [67]) start diverging to increase. The same observa-
tion also found on ModelNet40 with 40% Gaussian noise for all
three methods (right).
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0.15
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°
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°
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elNet40, all three versions of DCP (v2, v3, v4) diverge with
increasing errors. This test states that an iterative approach
similar to us with additional loss functions does not help
DCP-v2 [66]. Tt also reasserts how our novel representa-
tion, 22 -tree convolution, and weighted feature embedding
improve the overall accuracy.

6. Conclusions and Discussion

Our work presents a novel input representation and an
end-to-end learning framework for rigid point set regis-
tration using 23-tree convolution. Extensive experiments
on different types of datasets show RPSRNet outperforms
competing methods in terms of inference speed and accu-
racy. The proposed network has limitations to tackle partial-
to-partial data registration which is a higher level challenge.

We plan to integrate loss functions which deal with par-
tially overlapping data, e.g., Chamfer distance, and also ex-
tend our network architecture for estimating non-rigid dis-
placement fields, e.g. scene-flow. Hence, in future, we will
implement the deconvolution blocks against each layer of
the encoder part in the current network. At present, we
build the BH-trees of the input point clouds on CPU (in 4-
5 ms./sample) before training starts and pass its attributes
to the network during training time as arrays. It disrupts a
single application flow. We will integrate a GPU implemen-
tation of BH-Tree [ 2] for direct input data processing.
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