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Abstract: For this study, a new point cloud alignment method is proposed for extracting corner
points and aligning them at the geometric level. It can align point clouds that have low overlap
and is more robust to outliers and noise. First, planes are extracted from the raw point cloud, and
the corner points are defined as the intersection of three planes. Next, graphs are constructed for
subsequent point cloud registration by treating corners as vertices and sharing planes as edges. The
graph-matching algorithm is then applied to determine correspondence. Finally, point clouds are
registered by aligning the corresponding corner points. The proposed method was investigated
by utilizing pertinent metrics on datasets with differing overlap. The results demonstrate that the
proposed method can align point clouds that have low overlap, yielding an RMSE of about 0.05 cm for
datasets with 90% overlap and about 0.2 cm when there is only about 10% overlap. In this situation,
the other methods failed to align point clouds. In terms of time consumption, the proposed method
can process a point cloud comprising 10* points in 4 s when there is high overlap. When there is
low overlap, it can also process a point cloud comprising 10° points in 10 s. The contributions of this
study are the definition and extraction of corner points at the geometric level, followed by the use
of these corner points to register point clouds. This approach can be directly used for low-precision
applications and, in addition, for coarse registration in high-precision applications.

Keywords: plane/corner detection; point cloud registration; coarse to fine; graph matching; point
cloud processing; RGB-D Camera

1. Introduction

As 3D sensors, such as laser scanners and depth cameras, have become more widespread,
3D point clouds both indoors and outside can be conveniently collected. Generally, scanning
from several angles is required to create a complete 3D model of the object. The collected point
clouds must be registered into the global coordinates system as the scanner moves, a process
known as point cloud registration. This is a fundamental process in a variety of industries,
including robotics [1], unmanned ground vehicles (UGVs) [2], 3D reconstruction [3], and 3D
medical imaging [4], among others. A popular approach for aligning two frames of point
clouds is to first extract key points from two point clouds and determine the correspondence
between them, then estimate the transformation function by aligning the corresponding
key points [5]. The least squares approach can be used to theoretically predict an accurate
transformation function provided there is no mismatch. However, perfect feature matching is
rare even in image processing, which is far ahead of point cloud processing [6].

Despite the fact that point cloud registration has been extensively investigated and
different methods for this have been developed, such as iterative closest point (ICP) [7] and
its variants [8-11], sufficient overlap assumption and local minimum issues must still be
addressed. In [12], a new point cloud alighment method was developed based on the priors
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of indoor or similar scene structures, while paper [13] proposed a registration method based
on high-level structural information, i.e., plane/line features and their interrelationship,
which could overcome the problem of small overlap and increase data collection freedom.

The coarse-to-fine strategy is the most commonly used method for aligning point
clouds, where coarse registration is the most difficult. The primary goal of this work is to
achieve coarse registration. When establishing a digital model of the environment using a
laser scanner, a large number of points will fall on planes or regular surfaces considering
that the environment we live in is artificially planned and manufactured, except in the wild.
However, the points of interest and utility are frequently situated in the corner or edge
areas, making the discovery of a corner or edge point within a 3D point cloud a critical task.

For this study, a new method was proposed to extract corner points at the geometric
level, which were then used to align point clouds. Firstly, the corner was defined as
the intersection of three planes. Secondly, a graph was constructed with the corners as
vertices and the sharing planes as edges. Graph matching was also applied to determine
the correspondence between the corners detected from two point clouds. Thirdly, the
transformation matrix was calculated by aligning the corresponding corners, and it can
then be used to coarsely register the point cloud. Finally, fine registration can be achieved
using commonly applied method, e.g., ICP and its variants.

In summary, the main contributions of this paper are as follows:

(1) The definition of the corner point is the intersection of three planes. Both plane/corner
detection techniques are included in this study.

(2) A new way of constructing graphs is proposed. The corners are regarded as the
vertices and the sharing planes as the edge. Meanwhile, both the distance and angle
between linked vertices are taken into account when calculating the affinity matrix.
The correspondence is determined using a graph-matching algorithm.

(3) Our method is robust to outliers/noise and can align point clouds that have only a
small overlap.

The proposed method is tested on two types of online datasets and compared to other
relevant methods in terms of translation and rotation error, root-square-mean error, and
run time. The results show that our method can align point clouds that have low overlap
and is robust in terms of the quality of the point cloud.

The rest of this paper is structured as follows: Section 2 contains a summary of related
work. The methodology is described in Section 3. The datasets and evaluation measures
are detailed in Section 4. Section 5 is a presentation of the results. Section 6 is the discussion.
Section 7 outlines the conclusions.

2. Related Work

How to align two frames of point clouds has been extensively studied in the fields of
computer vision, computer graphics, and robotics [14-16]. The general method is based
on a coarse-to-fine strategy. For the fine step, it can be completed by ICP (iterative closest
point) [7] and NDT (normal distribution transform) [17] or their variants [8,10,18]. Most
recent studies focus on the coarse step, which provides the initial estimation for the fine step.
This paper also focuses on the coarse registration of point clouds, which can be roughly
divided into two categories: correspondence-based methods and non-correspondence-
based methods.

Correspondence-based registration involves determining the correspondence between
two point clouds and then calculating the transformation matrix. It can be divided into
two categories: finding the correspondence on the raw point clouds and on the key-
points [19-22]. In the first, the nearest neighbor is usually regarded as the corresponding
point as in ICP [7]. For the second, key points are extracted, and a recognizable descriptor
is then designed to describe them. The corresponding points are those whose descriptions
are most similar. Our work follows the keypoint-based method.

ICP is a widely used correspondence-based method, and many improved versions
have emerged since its proposal. Generalized-ICP [23] improves the robustness of ICP by
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incorporating probability modules into its framework. Go-ICP [24] is a globally optimal
version of ICP that addresses the disadvantage of ICP being prone to falling into local
minima. All these methods have overcome some disadvantages of ICP but are sensitive to
the initial estimation.

Non-correspondence-based registration is robust to missing correspondence and out-
liers, because it is not based on the assumption of correspondence [25]. NDT (normal
distribution transform) [17] projects points into cells and computes the PDF (probability
density function) of each cell. The best transformation maximizes the likelihood function.
GMMRERG [26] redefines registration as the alignment of two Gaussian mixture models,
which is an optimization problem, to minimize the L, distance between the two models.
CPD (coherent point drift) [27] is a probabilistic-based registration for rigid and nonrigid
objects. The registration is defined as the MLE (maximumd-likelihood estimation) and
solved using an EM (expectation-maximization) strategy. GMMREG and CPD cannot often
be used to process large-scale data because of the requirement to calculate the pairwise
point distance of two point sets. ECPD (extended coherent point drift) [28] couples corre-
spondence into registration to process large-scale point sets. In FilterReg [29], the E-step
is replaced with a filter to accelerate alignment. However, these methods are unable to
overcome the problems caused by small overlaps and occlusion.

Learning-based registration, which has recently been widely studied, involves use of
an end-to-end approach to estimate the transformation matrix directly. However, these
methods are vulnerable to outliers, which often leads to incorrect correspondence. Ref-
erence [30] proposed a deep graph-matching framework to reduce the correspondence
error. PRNet [31] uses deep networks to tackle the alignment non-convexity and the partial
correspondence problem. RPM-Net [32] is a more robust deep learning-based method that
overcomes the disadvantage of ICP in being easily influenced by outliers.

3. Methodology

The methodology is organized into three steps. First, planes are extracted from the
raw point cloud, and corners are obtained by intersecting three planes. Second, a graph
is constructed, and a graph-matching algorithm is utilized to identify the correspondence
between the corners of two point clouds. Finally, the point clouds are coarsely registered
by aligning the appropriate corners, then refined using point-to-plane ICP. Figure 1 depicts
the whole framework of this study.

Input: two frames of
point clouds
Preprocessing: Corners detection: Determing correspondence Coarse alignment of
removal of invalid [==) Planes detection [~ (intersection point [~} . =) .
oV Ve 7 = P | between corner points [ 7| point cloud and refining
points and outliers of three planes)

il

Output: 3D model
(registered point cloud)

Figure 1. The overall framework of this paper.

3.1. Plane Detection

The plane and corner are the basic primitives of the point cloud for many developed
detection algorithms. These methods can be categorized as HT (Hough transform) [33],
RANSAC (RANdom SAmple Consensus) [34], and region-growing [35,36]. For HT, the
voting is computationally expensive. Although some strategies have been proposed to
accelerate plane detection, it cannot be guaranteed that all planes, especially small ones,
can be detected. RANSAC is easy to implement and robust to noise. Because of the
random approach, however, it always fits a plane that does not really exist. An octree-based
region-growing approach was proposed in the literature [36] to detect planes. Although
effective, it depends on the threshold: residual ;. Additionally, it depends on the precision
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of the normals, which are typically estimated by PCA (principal component analysis),
a method that is susceptible to outliers. DBSCAN (density-based spatial clustering of
applications with noise) [37] is a representative density-based clustering algorithm that
may detect clusters of any shape and does not require a predetermined number of clusters
to be produced.

In this study, DBSCAN is adopted to detect planes, where it was run on a Gaussian
sphere to cluster planes with similar normals and then again on points in the cluster to
distinguish individual planes. The details are described in the following.

3.1.1. Gaussian Sphere

In Gaussian mapping, point clouds are projected onto a Gaussian sphere, allowing in-
tuitively reflecting the distribution of the point normals [38]. Let the point cloud be denoted
as a point set {P} = {pi}i:l,Z,---,n' the kNN (k-nearest neighbors) of p; be {Pi}i:1,2,~-,kf

pi = (xi, yi,zi)T, where x;, y;, z; are the Cartesian coordinates of p;. The normal of p; can
then be estimated by performing PCA on the kNN, and the steps are: (1) calculating the
kNN's covariance matrix using Equation (1); (2) performing EVD (eigenvalue decomposi-
tion) on Cov; (3) sorting the eigenvalues; and (4) determining the p;’s normal, which is the
eigenvector corresponding to the minimum eigenvalue.

1 & _ B}
Covzxz = =1 X;(Pj —p)(pj— P)T' @
]:

where p = + Zj;l p; is the mean of the point coordinates.

The mean estimator is particularly vulnerable to outliers from the perspective of robust
estimation [39], whose breakdown is %, where 1 is the number of samples. It is obvious
that the breakdown converges to 0% as n — co. Thus, the median estimator, which has a
breakdown value of 50% and is robust to outliers, is used in place of the mean estimator.
Then, the covariance matrix is calculated using Equation (2):

1k
Cov3ys = 3— Y. (pj— Pmed)T(Pj — Pmed), ()
=1

where p,,,.q = median(p) is the median of points’ coordinates.

The normals can be estimated more precisely by substituting the median estima-
tor for the mean estimator. However, the estimated normal has an ambiguity of 180°.
Hence, the MST (minimum span tree) [40] is used to orient the normals. The estimated
normals of the point cloud can also be denoted as a point set, {N'} = {n;};_;, .. ,, where

np = (Rjx, iy, niz)T is the normal of p;. Then { N} is the projection of {P} on the Gaus-
sian sphere.

3.1.2. Plane Detection

It is challenging to extract planes by running the DBSCAN algorithm directly on the
point cloud, in which points are clustered based only on Euclidean distance. All points that
fulfill density reachability are grouped into the same cluster regardless of whether or not
they are on the same plane. When transplanting DBSCAN to the Gaussian sphere, points
on the same plane or other parallel planes would be grouped into the same cluster, since
they have similar features of normals.

Some parameters and definitions of DBSCAN are as follows:

Parameters: €, the radius of the searching neighborhood, and MinPts, the minimum
number of points.

Types of points: core, border, and noise points. Given a point p, its neighbors within
radius € are N, and the number of neighbors is | Ne]|.

e Core: If |[N¢| > MinPts, then p is core points. All points in N, are grouped into the
same cluster.
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*  Border: If a point g has been grouped into a cluster but is not a core point, then it is a
border point.
*  Noise: If a point g is neither a core point nor a border point, then it is a noise point.

Density directly attainable: If p is a core point and g € N, the density can be directly
obtained from p to g.

Density attainable: If the density is directly attainable from p to p; and from p; to g,
then the density can be obtained from p to g.

Density connected: If the density is attainable from p; to p and from p; to g, then the
density is connected between p and .

Density non-connected: If no points cause p and g density to be connected, then they
are density non-connected.

Despite the fact that the DBSCAN on a Gaussian sphere can group coplanar points—those
with similar normals—into a single cluster, it is unable to separate apart points on parallel
planes. To illustrate the process of plane detection, a point cloud was acquired by an RGB-D
camera, as shown in Figure 2a. The projection of the point cloud onto the Gaussian sphere
is shown in Figure 2b. After projecting the point cloud onto the Gaussian sphere, the
DBSCAN is performed to cluster the points with similar normals. The result of clustering
on the Gaussian sphere is shown in Figure 2¢, and the corresponding points in Euclidean
space are shown in Figure 2d. It can be seen that the points on the different parallel planes
(blue points in Figure 2d) were grouped into the same cluster. To identify the planes within
a cluster, DBSCAN was once more performed on the points belonging to the same cluster in
Euclidean space, because there must be a density gap if a cluster contains multiple parallel
planes. The details of plane detection are shown in Algorithm 1.

() (b) ©

(d) (e)

Figure 2. The process of plane detection. (a) shows the raw point cloud. The projection on the
Gaussian sphere is shown in (b) and the clustering result is shown in (c). (d) shows the points in
Euclidean space corresponding to the clustered points in (c). (e) is the detected planes extracted
from (d).

The detected plane was represented as a rectangle with three attributes: vertices,
center, and normal. To obtain the model of the detected plane, a PCA (principal component
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analysis)-based method was designed to calculate the plane parameters. Given a set of
coplanar points P, P was then projected into the feature space that was acquired by PCA.
The process of plane fitting is shown in Algorithm 2. The detected planes are shown in
Figure 2e.

Algorithm 1: Plane detection by DBSCAN
Input: Point cloud: {P}, radius: €, minimum points: MinPts
Output: Models of planes: {IT}

N <« GaussianProjection(P);
Cproj < DBSCAN (N, e, MinPts);
forc; € {Cpy;} do

P; < selectPoint (P, c;);

C + DBSCAN(P;, €, MinPts);

for C; € {C} do

P+ selectPoint (D, c]-);
{I1}; < fitPlanePCA(P;);
{11}« {1} I} ;

return I1;

Function DBSCAN(P, €, MinPts);

visited < ©;

{C} «+ ©;

forp € Pdo

if p ¢ visited then

visited <— visited U p;

pNe < getNeighbors(p, €);

if |[pNe| < MinPts then

| mark p as noise;

else
Create a new empty cluster set: {Cyew };
Add p to the new cluster; {Cpew } < P;
expandCluster(p, pNe, Cpew, €, MinPts, visited);
{C} «+{CHU{Cuew};

return C;

Function expandCluster(p, pNe¢, Crew, €, MinPts, visited);
forg € pNe do
if g ¢ visited then
visited < visited U g;
gNe < getNeighbors(g, €);
if |gNe| > MinPts then
| PNe < pNe UgNg;

if g is not yet a member of any cluster then
| Add gto {Curew}: {Crew} + {Crew} Ug;

return C,0y;
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Algorithm 2: fitPlanePCA(P)
Input: Colanar points: P
Output: Model of plane: I1
P «+ mean(P), P, + P —P, > Normalization;
Cov « ﬁ Y PCPCT, > Calculating covariance matrix;
leigVal,eigVec] < EVD(Cov);
idx < sort(eigVal, decending’);
O <« eigVec(:,idx), > Basis of feature space;
P; < PO, > Projecting P into feature space;
Xpin <= min(Pr(:, 1)), Xmax < max(Pg(:,1));
Ymin < min(Pr(:,2)), Ymax < max(Pr(:,2));
A+ (xmin/ Ymins O)Tr B « (xmax/ Ymins O)T}
C<« (xminr Ymax, O)T/ D «+ (xmax/ Ymax, O)T}
V + (A,B,C,D)T, > The vertices are A, B, C, and D;
[Lvertices < VO~ 1 + P, > Re-projecting vertices into Euclidean space;
I.center < mean(ILvertices);
IL.normal < eigVec(:,3);
return I1;

3.2. Corner Detection

In contrast to the typical key points, this paper extracts the corner points where
the three planes intersect. The smallest rectangle containing all planar points is used to
represent the detected plane. Let a detected plane be pl, and the normal, center, and vertices
of pl be pl.n, pl.c, pl.v, respectively. To obtain the intersection of three planes, the plane was
denoted as its parametric Equation (3).

pln-x=0b, b=pln-plc, (©)]

where x = (x,y,z)7.

Given three planes, ply, ply, pl3, they can also be represented as homogeneous form:
A-x+b = 0, where A = (ny,nz,n3)" and b = —(by,by,b3)". Then ply, plp, and pls
intersect at a point if det(A) # 0. The coordinate of the intersection point can be calculated
easily by x = A~ 'b.

In this way, a set of corner points can be obtained. However, some are invalid. To find
and discard invalid intersections, the distances from the corner point to three intersected
planes are calculated and compared based on a predefined tolerance dy;; i.e., if both
distances are not larger than dy;,, the corner point is valid.

In addition, the intersecting planes cannot be guaranteed to be orthogonal, and the
edges of a plane cannot be guaranteed to be parallel to the intersection line, as shown in
Figure 3a. Given three planes (ply, pl», pl3) and a corner point (P), P is valid if and only if it
is inner for all three planes.

Taking the calculation of the distance from point P to plane p!; as an illustration, in
Figure 3b, I1, is the intersection line of pl; and ply, [13 is the intersection line of pl; and pl3,
dqp is the distance from pl; to 15, and di3 is the distance from pl; to l13. To calculate dqp,
the nearest vertex to line /1, should first be located; for instance, A is the closest to [1; in
Figure 3b. Then dy; is defined as the distance from A to I1,. The vector AC is translated by
vector AP as shown in Figure 3c, where n | is the vertical vector of nyp. If dyc > dyc, line
l1 intersects with plane pl;. Otherwise, if d1p < dyy,, line I3, also intersects with plane pl;.
The same procedure can be used to assess whether or not line /3 intersects with plane pl;.
If and only if /1, and ;3 intersect with plj, P is inner for pl;. The location between P and
planes ply, pla, pl3 is determined in the same way. P is valid if and only if it is inner for
planes ply, plp, pls. In conclusion, the method of corner detection is shown in Algorithm 3.
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Figure 3. Illustration showing the position of the intersection point and three planes: (a) the position
of the corner and three intersecting planes, (b) the position of the corner and one of the intersecting
planes, and (c) the calculation of the distance from the center of a plane to the intersection line.

The value of dy, is set to be 0.1 times the diagonal length, i.e., BCl/10, in this study. The
corner detection algorithm proposed in this study is performed on the point clouds scang
and scan; from dataset Apartment, and the results are shown in Figure 4. It is obvious that
the corners found by the proposed algorithm are at the geometric level, as opposed to the
corners detected by traditional algorithms, such as Harris 3D, among others.

(a) (b)

Figure 4. Planes and corners detected from scangy and scan; of the dataset Apartment are depicted in

(a) and (b), respectively.

3.3. Registration

Registration is a simple but crucial step in the processing of point clouds. It depends
on the assumption that there is correspondence between two clouds. However, in practice,
such correspondence between the point clouds gathered at various times is either absent
or challenging to find. In this study, graph matching is employed to identify the corners’
correspondence.

A graph G, including directed and undirected graphs, can be represented as G = (V, ),
where V and £ are the set of vertices and edges, respectively. And v; € V, e; € € are the i-th
vertex and edge. The graph is complete graph if there are edges linking any two vertices. In
this study, V(G) is defined as the previously detected corners. As the corners are obtained
through the intersection of three planes, edges exist only between corners sharing a sharing
plane. Figure 5 shows graphs formed by corners detected from scang and scan; of the
dataset Apartment.
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Algorithm 3: Corner detection

Input: Planes: pl = {pl;}i—12... 5, theshold: dy,.

Output: Corners: P: {P, P, -+, Py}.

P+ ©;

for i=1 to size(pl)-2 do

for j=i+1 to size(pl)-1 do

for k=j+1 to size(pl) do

A < (plin, pljn, plen)T;

if det(A) == 0 then

| break;

else
point < A~ 'b;
la.n < plin X plin, lyp.p < point;
liz.n < plin X ple.n, liz.p < point;
Iog.n < plin X ple.n, L.p < point;
line < (l2, 13, 123), plane < (pl;, pl;, pli);
if isValid(line, plane, d;;,) then

| P < PUpoint;

Function isValid(line, plane, d;;);
lip « line(1), iz < line(2), Iz < line(3);
ply < plane(1), plp < plane(2), plz < plane(3);
if isInner(l1p, li3, pl1, dy,) then
if islnner(lyp, lps, plp, dyy,) then
if islnner(ly3, lps, pls, dy,) then
L | return True;

Function isInner(ly, I, pl, dy;,);
if intersect(ly, pl, dy,) and intersect(ly, pl, dy;) then
| return True;

Function intersect(line, plane, d;y,);
P « line.p, n < line.n;

V < plane.vertices, C <— plane.center;
VC«+V—-C,PC+~ P-C;
dyc <~ nx VC,dpe < nx PC;
if dyc < dpc then

PV + P—V,d + min(n x PV);
L if d < dy, then
| return True;

else
L return True;

return P ;

The aim of graph matching (GM) is to determine the correspondence between the
nodes of two graphs. As is known, graph matching can be used to address feature matching
in computer vision. Let two undirected graphs be G; = (V1,&1) and G, = (V,, &) with
size of m and n, respectively. The affinity matrix W is employed to measure the similarity
between each pair of edges; e.g., Wj,.j, measures the similarity between edges ¢;; € &
and e,, € & when (v;,v;) € V) corresponds to (v4,v,) € Vs, respectively. The goal of
GM is to identify the optimal assignment/permutation matrix X € {0,1}"*" that will
maximize the similarity of nodes and edges between two graphs, where X;; = 1 means
v; € V) corresponds to v; € V; and X;; = 0 otherwise. Equation (4) defines GM as an
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integer quadratic program (IQP), meaning that the scoring function is maximized by the
indicator vector x*.

x* = arg max (xTWx)

n m (4)
st.x € {01}, Vi) x;, <1,Va) x, <1,
a=1 i=1

where the constraints guarantee one-to-one matching from G; to G,. The approximation
approach is used to resolve the NP-hard problem of IQP in terms of implementation. The
RRWM [41] method was used in this study.

(a) (b)
Figure 5. Illustration of graph construction. The graph formed by scang and scan; are depicted in (a)
and (b), respectively.

By constructing an association graph, RRWM interprets the GM between G; and G,
as a random walk issue. The association graph is defined as G"V = (V' ™), which
regards a pair of corresponding nodes (v;, v]') and (v,, v,) as its node, where v;, v € Gy and
Ua, 0p € G2. The similarity metric Wy, is the associated weight. Now, the main task is to
calculate the affinity matrix W'¥ that includes two similarity metrics, distance and angle.

Distance metric: Let dist;;, dist,, be the distances between v;, v; € V; v,,v, € V. If
(vi, vj) match (v,,vy), dist;; and disty, are similar, i.e., |dist;; — distab| — 0. The affinity

flals]tb is calculated using Equation (5):

matrix of distance W

. ) 2
?allsjtb — efldlstij—dzstab‘ /02’ (5)

where § is the scaling factor and is set to 0.15. It can be seen that when dist;; — disty,
Wflals]th — 1; otherwise, Wfa’sfb — 0.

Angle metric: Let 6 be the angle between vectors vl_v; and v,0p. If (v;, vj) match (v,, vp),
vectors vl—v; and v,vy, are approach parallel, i.e., § — 0. Then the affinity matrix of angle
Wf:fb is calculated using Equation (6):

ang @
Wi, h=e (6)
where 6 = cos ™! (7:0}-0a0%/ (|| 5 ||| zazi ) -

That is, when the vectors vV and v,v;, approach parallel, W?u"fb — 1.

ang

Affinity matrix: W, can be calculated by combining Wflffb and W,/ i

by means of
simple weighting, as shown in Equation (7):

W = kWIS 4 (1 — )W @)

ia,j ia,jb’
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where k is the weight of Wfa’s]tb The ratio of Wflals]tb and Wfa"fb in W% can be adjusted by
tuning the value of k. It is worth noting that both three matrices should be normalized, e.g.,
W'® is normalized by (W™ —min W™)/(max W™ —min W'®).

Matching: RRWM [41] treats the associate graph as a Markov chain. The process of
matching between two given graphs is thus regarded as the node ranking and selection by
random walks in the association graph. Affinity-preserving random walk converts affinity
matrix to a transition matrix P by W*/d,.., where dyx = max;d; and d; = ?:1 Wf]w
When preserving affinity random walk, RRWM takes into account two-way constraints as
shown in Equation (4).

For the random walker, a probability distribution will be obtained at each time

T
n = 1,2,---, which can be denoted as ¥"). Then ¥ is updated by (E(”‘H)) =

T
o (E(”H)> + (1 — a)y”, where y is the reweighted jump vector and calculated by y =

exp(B¥""! /maxx"+1). The parameters a and f are usually set to 0.2 and 30. Random walks are
iteratively conducted on G’ and probability ¥ is updated until ¥ converges, i.e., ¥"*! = ¥".
Finally, the probability ¥ is discretized by the Hungarian algorithm [42] to determine the
correspondence between two graphs G; and Gy.

After finding the correspondence between two point clouds, as shown in Figure 6,
SVD (singular value decomposition) can then be used to solve the transformation matrix
T= E){ H after identifying the correspondence between two point sets (corner points in
this case).

Figure 6. The correspondence obtained by GM. Point clouds scang and scan; are colored in magenta
and green, respectively. To ensure clarity of the visualization, the corner points extracted from scang
and scanj are colored in green and magenta, and the corresponding corner points are linked by the
thick, solid cyan line.

Assume two point clouds are pts and pt7, which are called source and target data, respec-
tively. The corresponding corner points extracted from pts and pty are P = {p1,p2,- -, Px}
and Q@ = {q1,92,- -+ ,qx}, and p; corresponds to g;. The issue of alignment is to find a
transformation matrix T such that

k
(R,t) = argmin ) ||(Rp;+t) — gl ®)
ReSO(3),teR9 i=1
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where R is the rotation matrix and t is the translation vector.
The details of the transformation matrix calculation are established in [43]. The follow-

ing is a list of the main steps:

(1) The corner points are centralized by P, =P — P, Q. = Q — O, where P = % Zile pi,
Q= % Z?:l gi, and k is the number of matched corner points;

(2) The covariance matrix is calculated by Cov = P, QCT ;

(38) SVD (singular value decomposition) is performed on Cov, which can be written as
Cov = UXVT. The rotation matrix is R = VUT;

(4) Finally, translation can be calculated by t = Q — RP.

Once the transformation matrix has been obtained, the source point cloud can be
transformed into the same coordinate system as the target point cloud by [P t1”g } =T [P is] .
The transformed point cloud pt,.g can be used as an input for fine registration.

In general, fine registration after coarse registration is essential to more precisely align
two point clouds. ICP (iterative closest point), including point-to-point and point-to-plane,
is the technique frequently employed for fine registration. The closest point pair is used as
a correspondence in point-to-point ICP. Then, transformation is determined by minimizing
the sum of the Euclidean distance between the point pairs. Point-to-plane ICP replaces
point-to-point distance with point-to-plane distance due to the limits of this correspondence.
Its optimization objective is to minimize the total orthogonal distances between the points
in the source point cloud and the corresponding local planes in the target point cloud.

This study will employ point-to-plane ICP for fine registration and compare the results
of the registration.

4. Materials and Evaluation

The purpose of this study is to register indoor 3D point clouds. To verify the ap-
plicability of the proposed method, two types of datasets with various resolutions were
selected, one of which was acquired by Hokuyo rangefinder UTM-30LX and the other by
Riegl VZ-400. The former has a significant overlap rate, while the latter has a very low
overlap rate. In each type of dataset, two point clouds with different scales are chosen, i.e.,
Apartment, Stairs from Hokuyo and ThermalMapper, ThermoLab from Riegl.

4.1. Datasets

Hokuyo: Two datasets recorded by Hokuyo, Apartment and Stairs [44], can be ac-
cessed on the homepage of ASL (Autonomous System Lab) (https://projects.asl.ethz.
ch/datasets/, accessed on 19 October 2022). “Apartment” is collected in Kilchberg,
Zurich, Switzerland, and intended for testing the robustness of the registration algo-
rithm against outliers and dynamic objects. A laser rangefinder (Hokuyo UTM-30LX)
(https:/ /www.hokuyo-aut.jp/search/single.php?serial=169download, accessed on 19 Oc-
tober 2022) is mounted on a tilting device to acquire the range of the measured object.
The ground truth of the transformation matrix (T44) is listed in icpList.csv, which is used
to compute the errors. It is worth noting that each Ty, 4 aligns the corresponding point
cloud to scany. However, we aligned the current frame scan,, to the previous frame scan,,_1.
Hence, when calculating the errors, we need to operate the transformation matrices by
0T, = OT41T, - - - "~ 1T, such that the calculated T is consistent with the T in the ground
truth. There are a total of 45 and 31 scan frames in datasets Apartment and Stairs, respec-
tively. Their first two scans are shown in Figure 7, where those in magenta are the first
scans and those in green are the second scans.


https://projects.asl.ethz.ch/datasets/
https://projects.asl.ethz.ch/datasets/
https://www.hokuyo-aut.jp/search/single.php?serial=169download
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(a) (b)
Figure 7. Illustration of the first two scans of the datasets Apartment (a) and Stairs (b). The magenta
ones are the first scans and the green ones are the second scans.

Riegl: Two datasets obtained by Riegl VZ-400 (http://www.riegl.com/nc/products/
terrestrial-scanning/, accessed on 19 October 2022) can be found on the website of Robotic
3D Scan Repository (http:/ /kos.informatik.uni-osnabrueck.de/3Dscans/, accessed on 19
October 2022), which are referred to as ThermalMapper and ThermoLab. The raw data
also include infrared data acquired by IR (infrared) in addition to the XYZ coordinate
information used in this study. ThermalMapper is recorded as part of the ThermalMapper
project by Jacobs University Bremen, including 3D scans of the inside and outside of a
German residential home, and only the inside views are used in this study. ThermoLab
is collected in the Automation Lab at Jacobs University Bremen. There are seven and
seventeen frames of point clouds in ThermoLab and ThermalMapper, respectively, which
were collected at various poses. To generate a 360-degree scan, nine 40-degree scans are
included in each frame. The file scanXXX.frames contains the ground truth of the pose,
which is estimated by odometry data and refined by slaméd (https://slaméd.sourceforge.
io/, accessed on 19 October 2022). Their first two scans are shown in Figure 8.

(@ (b)
Figure 8. Illustration of the first two scans of the datasets Thermalmapper (a) and ThermoLab (b).
The magenta ones are the first scans and the green ones are the second scans.

For brevity, we refer to the datasets Apartment, Stairs, Thermalmapper, ThermoLab in the
following by the abbreviations DS-1, DS-2, DS-3, DS-4, respectively. Their details of them
are summarized in Table 1. “NO. of frames” represents the number of scans at various
poses, where n x 9 implies n frames of point cloud, each frame consists of nine 40° scans
(40° x 9 = 360°). “Avg. points” is the approximate number of points per frame. The
“Resolution” is determined by the average distance between each point and its nearest
neighbor, i.e., 1 — NN. “Scale” refers to the size of the global map, where “small” and
“large” are relative, rather than absolute, concepts. It is notable that the outliers (noise) are
included in “NO. of points” but removed when calculating “Resolution”.


http://www.riegl.com/nc/products/terrestrial-scanning/
http://www.riegl.com/nc/products/terrestrial-scanning/
http://kos.informatik.uni-osnabrueck.de/3Dscans/
https://slam6d.sourceforge.io/
https://slam6d.sourceforge.io/
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Table 1. Details of the datasets used in this study.
Sensor Hokuyo UTM-30LX Riegl VZ-400
Dataset DS-1 DS-2 DS-3 DS-4
NO. of frames 45 31 17 x 9 7x9
Avg. points 31 x 10° 18.5 x 10 3.3 x 10° 0.89 x 10°
Resolution(cm) 0.65 0.98 3.6 9.6
Scale small large small large
overlap 0.890% 0.956% 7.53% 3.83%

4.2. Evaluation

The common evaluation criteria of point cloud registration algorithms are the RMSE
(root-mean-square error) and the rotation/translation error (R, /t.).

When calculating RMSE, we employ two point clouds that correspond one by one,
one of which is transformed by the ground truth transformation matrix and the other by
the transformation matrix that was estimated in this study. RMSE is the average Euclidean
distance between the corresponding points. It can also be used to judge whether the
registration is successful, i.e., if the RMSE is larger than a preset threshold, the registration
is considered to have failed. The calculation of RMSE is shown in Equation (9):

N ~ (12
I ¢zm<npi +9 (R +8)[;

S ©)

where R, t are the ground truth of the rotation matrix and translation vector, and R, tare
the estimated ones, p; is a point in the point cloud, and N is the point number. Moreover,
when there is no ground truth, the nearest neighbor point is commonly used to calculate
the RMSE.

Rotation error evaluates the rotation angle difference between the estimated and the
ground truth of the rotation matrices and is calculated using Equation (10). Translation
error evaluates the error between the ground truth and the estimated translation vectors
and is calculated using Equation (11).

trace(R,;'R) — 1
g2 ), (10)

R, = arccos(

te = [tgr — 2, (11)

where gt means “ground truth”, R is the rotation matrix, t is the translation vector, and the
R 0
C

Let the n point clouds that were acquired at different poses be denoted by Py, Py, ..., P,—1
and the reference frame be Fy, Fi, .. ., F,,_1, then " T}, represents the transformation from F;,
to Fy,. /Tj can be calculated by Ty =1 Tij +1 Tizp--- =i, By transforming all point clouds
to Fy, a 3D model of the measuring object can be created. Meanwhile, these transformation
matrices can be used to estimate the pose of the sensor.

transformation matrix consists of rotation and translation: T = [

5. Results

The following experiments were performed on a laptop running Ubuntu 20.4 LTS with
Ryzen R7 processor, 16 GB of RAM, and 512 GB SSD. All experiments were processed on
the raw data without voxelization or any other downsampling processing.

For brevity, ICP1 and ICP2 are the point-to-point and point-to-plane ICPs [7,9]. NDT
means the normal distribution transform [17]. GICP represents the Generalized-ICP [23],
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FGICP represents the fast-GICP [45], and KFPCS represents the keypoint-based 4PCS [46]
in the following figures and tables. In terms of parameter setting, the allowable variation of
the transformation matrix is set to 0.001 to decide whether or not to stop iteration for ICP1,
ICP2, and NDT, and the weight factor is set to 0.1 for KFPCS. For all fine registration, ICP2
was applied.

To demonstrate the feasibility of the method proposed in this study, a subset of about
30,000 points was selected from scang of the dataset DS-1, which are the magenta points
in Figure 9a. It was then transformed by a preset transformation matrix, which are the
green points in Figure 9a. We compared the registration with some commonly used classic
methods, i.e., ICP1, ICP2, NDT, KFPCS, GICP, and FGICP, as shown in Figure 9b-h. Then,
the metrics RMSE, R,, and t, were calculated and are listed in Table 2.

(e) (®) (8) (h)

Figure 9. The magenta points are the subsets of point cloud scang from DS-1, and the green points

are the transformed point clouds: (a) the points before alignment and (b-h) the registration results of
methods ICP1, ICP2, NDT, GICP, FGICP, KFPCS, Proposed, respectively.

Table 2. Performance comparison of different methods on the subset of point cloud scang from DS-1.
The metrics of fine registration are the same as for ICP2.

Errors
Methods Times (s)
R, (radian) t, (cm) RMSE (cm)

ICP1[7] 0.044 0.091 0.108 0.798
ICP2 [9] 5.162 x 108 4.291 x 1077 4.905 x 10~7 0.583
NDT [17] 0.041 0.026 0.045 1.387
GICP [23] 0 1.923 x 107° 6.809 x 10~ 69.447
EGICP [45] 0.007 6.226 x 107 5.895 x 107 0.183
K4PCS [46] 0.013 0.021 0.015 22.861
Coarse 0.005 0.102 x 1073 0.198 x 1073 2.524
Fine 5.162 x 1078 4291 x 1077 4.905 x 10~7 0.003

It is worth noting that the selected subset selected must guarantee at least three corner
points can be detected such that a unique matrix T can be determined when rank(Cov) >
2 [471].

The proposed method was evaluated on two indoor datasets of different scale, DS-1
and DS-2, and compared with the aforementioned algorithms on the basis of errors and
time consumption, as shown in Figure 10. As described in Table 1, these two datasets
have high overlap and low resolution. The dataset DS-1 and registration results of the
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corresponding method are shown in Figure 10a. It can be seen that NDT fails to align the
two point clouds. The dataset DS-2 and registration results of the corresponding method
are shown in Figure 10b. It can be seen that the results of NDT are still the worst. The errors
and time consumption are listed in Table 3.

Dataset ICP1 1cr2 NDT GIcp FGICP KFPCS Coarse

Dataset ICP1 1CP2 NDT * GICP 'FGICP 'KFPCS Coarse

(b)
Figure 10. Registration results of different methods on the datasets DS-1 (a) and DS-2 (b), where
scangy and scany are colored in magenta and green, respectively.

Table 3. Performance comparison of aligning scan; to scang from DS-1 and DS-2 using the aforemen-
tioned methods. DS1 and DS2 represent the datasets DS-1 and DS-2, respectively. The metrics of fine
registration are the same as for ICP2. The optimal and suboptimal evaluation indicators are written
in bold and italics, respectively.

Errors
Times (s)
Methods R, (radian) t, (cm) RMSE (cm)
DS1 DS2 DS1 DS2 DS1 DS2 DS1 DS2

ICP1 0.053 0.048 0.167 0.14 0.147  0.125 35.112 5.328
ICP2 0.011  0.007 0.031 0.013 0.026 0.021 8.874 6.349
NDT X 0.067 X 0.328 X 0.347 X 6.142
GICP 0.003  0.003 0.001 0.003 0.003 0.008 379.595  254.665
FGICP 0.003  0.003 0.001 0.003 0.178  0.008 1.959 1.179
KFPCS 0.086 0.152 0.191 0323 0178 0325 214517  128.030
Coarse 0.032  0.018 0.064 0.07 0.055  0.064 3.847 4.988
Fine 0.002 0.004 0.004 0.002 0.013 0.004 0.008 0.014

To demonstrate the superiority of the proposed method, two datasets with high
resolution but low overlap were used, which are datasets acquired by Riegl. Riegl can
acquire 3D point clouds with good accuracy up to 800 m. For this dataset, both the
aforementioned algorithms were unable to align the point clouds due to the minimal
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overlap. The registration results of the proposed method are shown in Figure 11. Figure 11a
shows the coarse and fine registration of the dataset DS-3, and Figure 11b shows the coarse
and fine registration of the dataset DS-4. The metrics of the proposed method are shown in
Table 4, where ICP2 was used for fine registration. In Table 4, the denotation of “a/b” is the
metrics of coarse () and fine (b) registration.

Dataset Coarse registration Fine registration

Dataset Coarse registration Fine registration

(b)

Figure 11. The registration results of the proposed method conducted on datasets DS-3 (a) and DS-4
(b). Those in magenta are the first frames and those in green are the second frames. The first frame
consists of scan000 to scan008 and the second consists of scan009 to scan017. ICP2 is used for fine
registration.

Table 4. Performance of the method proposed in this study to aligning frame; to framey from DS-3
and DS-4. The first frame consists of scan000 to scan008 and the second consists of scan009 to scan017.

R, (radian) t, (m) RMSE (m) Times (s)
DS-3 0.013/0.004 0.0081/0.0010 0.0019/0.0003 10.684/0.005
DS-4 0.021/0.008 0.0017/0.0003 0.0023/0.0043 13.324/0.015

Figure 12 shows the global maps of the four datasets and scanner poses in the map.
As described in Table 1, the four datasets (DS-1, DS-2, DS-3, DS-4) contain 45, 31, 17, 7
frames of point clouds, respectively. A global map can be obtained by aligning all of the
point clouds to the same reference frame, as shown in Figure 12a. Meanwhile, the pose
transformation is implied in the process of point cloud registration. As shown in Figure 12b,
let the point cloud acquired at poseg be Py and the one acquired at pose; be P;. After
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transforming P; to the reference frame of Py, i.e., P; = TPy, the pose transformation can
R

then be represented as {polsel} =T [polseo} , where pose; = [xi,yi,zi]T and T = [0 ﬂ , T

is the transformation matrix, R is the rotation matrix, and t is the translation vector, and

poseg is usually set to [0,0,0]7.

For the four datasets, the errors were calculated for each pose. The error is the Eu-
clidean distance between the estimated and ground truth of the pose. The proposed method
is compared to the aforementioned methods on datasets DS-1 and DS-2, as shown in
Figure 13a,b. Figure 13c shows the errors calculated only by the proposed method because
alignment failed when using the aforementioned methods.

T —
1500
DS-4

(@
pose, pose,
| /

(NN
pose, pose,

DS-1 DS-2

(b)

Figure 12. Global maps (a) of the four datasets and the scanner poses (b) during the acquisition of
each point cloud.
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RS LTS LN VTS e e e g chﬁ\, oosed L2 b P ac? \Lﬂ’diwmw—*“ DS-3 DS-4
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(a) (b) (c)

Figure 13. The pose errors of the four datasets. (a,b) show the errors of different methods on DS-1
and DS-2, respectively. (c) only shows the errors of the proposed method on DS-3 and DS-4 because
the other methods failed to align point cloud.

The proposed method was tested on the point clouds obtained by an RGB-D camera,
another popular point cloud acquisition tool, to confirm its applicability. The popularization
of RGB-D cameras, e.g., Microsoft Kinect, Asus Xtion Live, Intel RealSense, Google Tango,
and Occiptial’s Structure Sensor, makes it convenient to obtain 3D point clouds. However,
compared to the point clouds acquired by LiDAR, those acquired by these cameras are
low quality, because they are sensitive to the shininess, brightness, and transparency of
surfaces [48]. Additionally, RGB-D cameras have a limited range, e.g., 0.8-2.5 m for Kinect
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v2. The dataset is selected from Redwood [49] (Redwood: https://codeload.github.com/
isl-org/open3d_downloads/tar.gz/refs/tags /RGBD, accessed on 5 July 2021). The raw
point clouds, the coarsely and finely aligned point clouds are shown in Figure 14. Due to
the lack of ground truth, the nearest neighbor of p; is treated as its corresponding point
if the distance between them is less than a threshold 7, which is set as 0.007 in this study.
Only RMSE was calculated and written in the northeast of figures for the coarse and fine
registration in Figures 14b.

RMSE: . RMSE:
0.0052m i 0.0035m

Coarse registration Fine registration

(b)

Figure 14. Performing the proposed method on the point clouds acquired by an RGBD camera. (a)
shows the raw point cloud. (b) is the results of coarse and fine registration, where the points in
scangy ~ scany are colored in magenta, green, and blue, respectively.

6. Discussion

The results in Section 5 show that the proposed method can align point clouds with
acceptable time consumption. Although it was used for the coarse registration in this
study, its performance is close or even superior to point-to-point ICP. Moreover, it has mild
overlap constraints compared to other algorithms (at least those mentioned above).

First, a dataset containing actual one-to-one communication was used to test the
suggested method and the aforementioned methods. The target point cloud is a subset of
the first scan of DS-1, and the source point cloud is obtained by transforming the target
point cloud with manually set rotation angle and translation vector, as shown in Figure 9a.
Figure 9b-h are the registration results of the algorithms ICP1, ICP2, NDT, GICP, FGICP,
KFPCS, and the proposed method, respectively. Table 2 lists the relevant metrics of the
aforementioned methods. Due to the presence of one-to-one correspondence and high
overlap, all methods can accurately align point clouds.

Secondly, two datasets with high overlap but lacking one-to-one correspondence
were used to validate the proposed method, as shown in Figure 10. Table 3 lists the
relevant metrics of the algorithms. It can be seen that, in terms of accuracy, GICP and
FGICP demonstrate the best performance, followed by the proposed method with the
submillimeter RMSE . However, in terms of runtime, the proposed method is slightly
inferior to FGICP and much faster than GICP.


https://codeload.github.com/isl-org/open3d_downloads/tar.gz/refs/tags/RGBD
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Thirdly, two datasets with low overlap and lacking one-to-one correspondence were
used to verify the superiority of the proposed method, as shown in Figure 11. All the
aforementioned algorithms failed to align point cloud because of the low overlap. Hence,
Table 4 lists only the metrics of the proposed method. The suggested method can achieve
centimeter-level accuracy (RMSE) during the coarse registration stage and millimeter-level
accuracy after fine registration.

Finally, we built the global maps for datasets DS-1, DS-2, DS-3, and DS-4, by aligning
all their point clouds, and calculated the error at each sampling point. The global maps
are shown in Figure 12a, and the poses of the scanner in the map are shown in Figure 12b.
Meanwhile, Figure 12b indicates the sampling poses of the scanner for acquiring the four
datasets (DS-1, DS-2, DS-3, DS-4), pose; means the pose of scanner for acquiring point cloud
scan;. The errors are shown in Figure 13 in the form of a boxplot, where the top and bottom
of each box are the 75th and 25th percentiles of the errors, the red lines are the median
of errors, the whiskers extend to the upper/lower limits of errors, and red ‘+’ signs are
considered outliers.

In addition, the dataset acquired by the RGB-D camera was used to test the applicabil-
ity of the proposed method, which is of low quality due to the physical characteristics of the
sensor. Figure 14a shows the raw point clouds, and Figure 14b shows the registration results
of the proposed method. In the northeast corner of each in Figure 14b, the corresponding
value of RMSE is recorded. As seen, the RMSE value also reaches the millimeter level.

In terms of time consumption, the proposed method spends more time on coarse
registration or, more specifically, on planar detection. As shown in Tables 2—4, even when
point clouds have a scale of up to millions, our method can align them in a few tens of
seconds (at most).

In summary, the proposed method has a weak constraint regarding the overlap and is
robust to data quality. Our method is nevertheless useful when other algorithms cannot
align lowly overlapping point clouds, even though it is slightly inferior to the FGICP when
there is large overlap between point clouds. It is worth noting that for our method, there is
still the requirement that at least three corresponding corners can be detected in the point
clouds to be registered. In addition, the method is suitable for registration of 3D point
clouds acquired in structured environments, because it aligns corner points produced by
the intersection of three planes.

7. Conclusions

In this paper, we present a new method for aligning indoor 3D point clouds. Firstly,
the planes are detected and the corner points are defined as the intersection of three
planes. Secondly, a graph is constructed with the corner points as vertices and the sharing
plane as edges. The distance and angle metrics are defined and adopted to calculate the
affinity matrix. RRWM is then employed to determine the correspondence. Finally, coarse
registration was achieved through SVD, and fine registration was fulfilled by point-to-
plane ICP.

The advantages of our method are summarized in the following.

(1) Low overlap: Because it aligns the corners defined on the geometric level rather than
the real point cloud in the rough alignment stage.

(2) Fast: The number of corners is limited, so it is very fast to align them. Most of the time
is spent on plane detection.

(3) Robust: It can process various point clouds acquired by different sensors.

However, it is necessary to ensure that at least three corresponding corner points can
be detected in the point clouds to be registered. In addition, our method was tested on the
indoor datasets. When geometric information is insufficient, such as outside or in the field,
the method might not be appropriate.
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