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1. Introduction

To help robots know our world better, we need to introduce 3D vision and teach computer how to
process point cloud data. The main goal of this article is to explain how we process point cloud data
and gain a good result in point cloud registration with the help of PCL (point cloud library) and
Open3D (library for 3D data processing).

2. Problem description

In order to achieve SLAM, first we need to get the information of the environment, here we use 3d
camera to generate PCD files in unity (find more in appendix). Then we want to match two 3d
pictures come from the same environment with a different shooting angle and get the transformation,
which is the main task of our work.

3. Implementation

There are 2 routes in general when it comes to point cloud registration: local pipelines and global
pipelines (specific procedures shown in Figure 1).

Local pipeline : Global pipeline :
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Figure 1. implementation flow charts of 2 pipelines


https://pointclouds.org/
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The main difference between them is the way they describe the point cloud, as a result, there are
local descriptors and global descriptors. Local descriptors are computed for individual points that
we give as input. They have no notion of what an object is, they just describe how the local geometry
is around that point. Local descriptors are used for object recognition and registration. Global
descriptors encode object geometry. They are not computed for individual points, but for a whole
cluster that represents an object. Global descriptors are used for object recognition and classification,
geometric analysis (object type, shape...), and pose estimation. Considering the scenarios in SLAM,
for simplicity, we choose local pipelines (shown in Figure 2). Now we explain how we register point
cloud step by step.
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Figure 2. Local pipelines we implement

3.1 Preprocess

Before we implement those complex algorithms, it’s necessary to preprocess the input point cloud
data. Usually, we get the point cloud data from the real world, we need to deal with the noise. The
most important part here is to denoise. We can use filters to remove outliers or set a specific
remove condition (many filters you can choose, up to you), if the data in point cloud is too much,
down-sampling is helpful. In order to get a more compact and clean point cloud, removing NaN
(not a number) is a wise move. (You can find many other methods to preprocess a point cloud in
PCL and Open3D, choose the one you need).

3.2 Keypoint detection

In this step, we choose 2 frequently-used methods: ISS (Intrinsic Shape Signatures) and SIFT
(Scale-invariant feature transform). Other methods like Harris3d, NARF are not employed due to
the lack of time.



3.21 SIFT3D (Scale-invariant feature transform)

This method includes a 3D interest point detector that is based on SURF, and a 3D descriptor that
extends SIFT, which means a 3D version of the Hessian is used to find keypoints. [1]

3.22 1SS3D (Intrinsic Shape Signatures)

Keypoints determined by ISS are those that have large 3D point variations in their neighborhood,
then implement PCA (Principal Component Analysis), the smallest eigenvalue of the covariance
matrix should be large. [2]
1. compute scatter matrix in radius R, and get the eigenvalue 44, 1,, A5 in decreasing
magnitude.

2. ifj—1 <151, % < 134, then we get initial keypoints, the threshold r is set by us.
2 3

3. Non-maximum suppression with A5, which represents the central point.
Notes: Scatter matrix is similar to covariance matrix, by definition, scatter matrix equals to
covariance matrix multiply n-1, n is the sample number.
Scatter matrix is computed as: XX T, where X is zero-centered matrix contains points.
As a result, scatter matrix is a simpler version when it comes to PCA. ISS3D ensures the detected
keypoints are those different from their neighbours in three dimensions, it also requires a clean
data source for the reason that it is sensitive to noise.

3.3 Computing descriptors

We implement 5 descriptors: FPFH, SI, SHOT, CSHOT, SIFT (both feature extraction and
descriptor), and investigate a new data-driven descriptor: 3DMatch, now let’s introduce them one
by one.

3.31 PFH (Point Feature Histogram)
FPFH comes from PFH, so we start with PFH. PFH captures information of the geometry

surrounding the point by analyzing the difference between the directions of the normals in the
vicinity (as shown in Figure 3), [3]

V=[p pJu

Figure 3: Point Feature Histogram. (a) Support region for a query point pq (b) Darboux frame

Choose k nearest neighbors of point p, for every pair of points pi and pj in the neighborhood of p,
where one point is chosen as p and the other as p;, first, a Darboux frame, which is a natural
moving frame, constructed on a surface is constructed at pg as
u=ns,v=uxM,W:uxv
[lpe — psll2


https://en.wikipedia.org/wiki/Darboux_frame
https://en.wikipedia.org/wiki/Moving_frame
https://en.wikipedia.org/wiki/Moving_frame

Then, using the frame defined above, three angular features: «, @, 6, expressing the differences
between normals n; and n,, and the distance d are computed
for each point pair in the support region.
_ _{wpe—ps) , _
a = (‘U, nt)i(p - T' 0 = arctan((w, nt)! (u' nt)): d= ||pt - psl |2
And the final PFH representation is created by binning these four features into a histogram with
div* bins, where div is the number of subdivisions along each features’ value range.

In this case, we need to compute k(k;l) times for k neighbors.

3.32 FPFH (Fast Point Feature Histogram)

In order to reduce computational complexity, FPFH [4]

1. considers only the direct connections between the current keypoint and its neighbors, get the
SPFH (Simplified Point Feature Histogram).

2. the SPFHs of a point's neighbors are "merged" with its own, weighted according to the distance.

k
1 1
FPFH(p) = SPFP(p) +E E o *SPFH(py)
et W
i=1

Where w;, donates the distance between the query point and a neighbor in the support region.
In this case, we only need to compute k times for k neighbors when calculating the four values.
Besides, FPFH adds the neighbors’ neighbors to represent a point, doubles the search radius of
FPH.

3.33 Sl (Spin Image)

The main idea of Sl is to transform the point cloud in a certain area into a two-dimensional spin
image, then we measure the similarity between two spin images. [5]

An oriented point is defined by a coordinate p and its surface normal n. Then the spin image
attributes of each neighbor g of the feature point is defined as a pair of distances (a, 8), where
a=ng (p—q)and f =/|lp — ql|* — a? (shown in Figure 4(a)).

We generate a cylindrical coordinate system with the oriented point as the axis, set the radius R,
then set the length and width of our spin image (usually the image is a square and one width
parameter W, which represents the number of bins a row in the image, is enough), the resolution

of the image is % .
Now we need to put the 3D points into our 2D image, one way is spinning the image 360° along

the axis (oriented point) and let the points fall into the image bins, we can get the intensity of each
bins just by calculating the number of points in the bins, in fact, in order to be more robust, a point
is distributed into four pixels by bilinear interpolation, shown in Figure 4(b).
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(b). bilinear interpolation
Figure 4.
In the end, we need to measure the similarity between two spin images, according to the paper, the
similarity function C is:

2 1
c(P,Q) = (atanh(R(P, Q))) -yl (N—_3>
Where N is the number of pixels, R is:
NYpiqi—Xpi Xq

R(P,Q) =
VINEp?2—Ep))(NE g2 - X))

The value range of R is [- 1,1]. The more similar the two spin images are, the closer R is to 1.
When they are exactly the same, the value of R is 1.
The first part is the square of the value obtained by the inverse hyperbolic tangent function of C,
and the second part is a weight A multiplied by a smaller number. When two spin images are
similar, the proportion of the second part should be smaller. When they are not close, the
proportion of the second part should be larger. The function of A is to limit spin images match
when the overlap is low. In this paper, the way to select A is to list the number of non-empty pixels
in all spin images in order of size, and then take the median. This median is almost the expected
value of pixel overlap. Then, considering the low overlap, we take half of the median as A.

3.34 SHOT (Signature of Histogram of Orientation)

A combination of Signatures and Histograms. [6]

1. According to the neighborhood information of feature points, the local reference coordinate
system LRF is established, and the neighborhood of feature points is divided along the radial
direction (inner and outer spheres), longitude direction (time zone) and latitude direction (North
and south hemispheres). Generally, there are 32 small areas, which are divided into 2 in radial
direction, 8 in longitude and 2 in latitude (shown in Figure 5).

2. The distribution of cosine value of angle between normal vectors in each small area is
calculated, and the normal vectors are divided into 11 bins. The length of the final shot is: 32x11 =
352.

Figure 5. Signature structure for SHOT



3.35 CSHOT (Color Signature of Histogram of Orientation)

In order to improve the accuracy of feature matching, a variant that uses the texture information
(CIELab color space) for matching called CSHOT is proposed. The histogram is 31 levels, so the
length of color descriptor is 32x31 = 992; the SHOT descriptor with color information has 1344
dimensions. [7]

3.36 3DMatch

In recent years, deep learning plays an important role in 2D image recognition. In fact, when it
comes to problems like pattern recognition, machine outperforms human with DNN (Deep Learning
Network). 3DMatch is a data-driven model that learns a local volumetric patch descriptor for
establishing correspondences between partial 3D data. It is a standard 3D ConvNet, inspired by
AlexNet. The network learns the mapping from a volumetric 3D patch to a 512-dimensional feature
representation that serves as the descriptor for that local region. Optimizing the mapping by
minimizing the [, distance between descriptors generated from corresponding interest points
(matches), and maximize the [, distance between descriptors generated from non-corresponding
interest points (non-matches). [8]
The key idea is to amass training data by leveraging correspondence labels found in existing RGB-
D scene reconstructions, which is a massive source of labeled correspondences between surfaces
points of aligned frames (shown in Figure 6).
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Figure 6. Learning 3DMatch from reconstructions. From existing RGB-D reconstructions (a), we extract local
3D patches and correspondence labels from scans of different views (b). We collect pairs of matching and
non-matching local 3D patches and convert into a volumetric representation (c) to train a 3D ConvNet-
based descriptor (d). This geometric descriptor can be used to establish correspondences for matching 3D
geometry in various applications (e) such as reconstruction, model alignment, and surface correspondence.

3.4 Coarse registration

To get a good initial state for ICP, we use SAC-IA (Sample Consensus Initial Alignment) to
register the point cloud before ICP. SAC-IA shares a similar idea with RANSAC (Random
Sample Consensus), which is widely used in registration as well (with a known model to fit). First,
we learn RANSAC.

3.41 RANSAC (Random Sample Consensus)

The RANSAC algorithm is a learning technique to estimate parameters of a model by random
sampling of observed data. Given a dataset whose data elements contain both inliers and outliers
(shown in Figure 7), RANSAC uses the voting scheme to find the optimal fitting result. Data



elements in the dataset are used to vote for one or multiple models. The implementation of this
voting scheme is based on two assumptions: that the noisy features will not vote consistently for
any single model (few outliers) and there are enough features to agree on a good model (few missing
data). The RANSAC algorithm is essentially composed of two steps that are iteratively repeated:
In the first step, a sample subset containing minimal data items is randomly selected from the input
dataset. A fitting model and the corresponding model parameters are computed using only the
elements of this sample subset. The cardinality of the sample subset is the smallest sufficient to
determine the model parameters. (find more on Wikipedia.)

In the second step, the algorithm checks which elements of the entire dataset are consistent with the
model instantiated by the estimated model parameters obtained from the first step. A data element
will be considered as an outlier if it does not fit the fitting model instantiated by the set of estimated
model parameters within some error threshold that defines the maximum deviation attributable to
the effect of noise.

The RANSAC algorithm will iteratively repeat the above two steps until the obtained consensus set
(set of inliers obtained for the fitting model) in certain iteration has enough inliers.
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Figure 7. RANSAC: Inliers and Outliers.

3.42 SAC-IA (Sample Consensus Initial Alignment)

In order to get the initial transformation, inspired by RANSAC, SAC-IA estimates the
transformation in a fast way. [9]

Instead of greedy search with a high computational complexity, SAC-IA collects a large number
of samples from candidate correspondence, finds a good transformation quickly by looking at a
large number of correspondences. This approach maintains the same geometric relations of the
correspondences without having to try all combinations of a limited set of correspondences, by
employing the following scheme:

1. pick n (n>=3) points in the source point cloud with different features (set a minimum distance
between each two points).

2. find the points in target point cloud with similar feature to the point picked in step 1, and choose
one point in random.

3. solve the rotation and displacement by SVD, calculate the loss function, iterate to get the best
transformation.

3.5 Fine registration

Finally, we use ICP for fine registration. ICP is a local register method and there are global
methods (e. g. 4PCS). There are many variations of ICP, here we take the standard point-to-point
ICP and point-to-plane ICP to show the basic idea of ICP in general.


https://en.wikipedia.org/wiki/Random_sample_consensus

3.51 ICP (Iterative Closest Point)

After SAC-IA, we get the approximate transformation matrix which gives ICP a good initial state.
ICP find the correspondence between points in a greedy way (closest point), as a result, when the
correspondence is unknow and transformation between the source point cloud and the target point
cloud is significant (far distance), ICP lost accuracy. Then we start ICP algorithm (shown in
Figure 6). [10]

1. compute correspondences between the two scans

2. compute a transformation which minimizes distance between corresponding points.

Iteratively repeating these two steps typically results in convergence to the desired transformation.
In practice, some points will not have any correspondence in the target point cloud, based on that
fact, the algorithm contains a maximum matching threshold d,,,,. In most implementations of
ICP, the choice of d,,,,, represents a trade-off between convergence and accuracy. A low value
results in bad convergence (the algorithm becomes “short sighted”); a large value causes incorrect
correspondences to pull the final alignment away from the correct value.

input : Two pointclouds: A = {a;}, B = {b;}
An initial transformation: 7j
output: The correct transformation, 7', which aligns A
and B
T « To;
while not converged do
for i — 1 to N do
m; < FindClosestPointInA(T - b;);
if ||m; —T -b;|| < dpar then
‘ w; +— 1;
else
‘ w; < 0;
end

end
T « argmin { E w;||T - b; —m;||*};
T -
T

end
Figure 6. Standard ICP
There are two ways to find the solution in ICP: SVD and non-linear optimization.

1. SVD-based method:
Given: P = {p;}, Q ={q:}
Optimization target: ; = %ZieQ,jeP (@ —ug)(@ —up)"
Algorithm
For i in range(iterations):
* Centering datasets
1 1
U =5 Zanec A Up =jglanec P
Q' ={ai—ut={a} P ={pj—w}=1{p3
*  Find correlative pairs for each P = {p;} in Q = {q;} (nearest neighbors)
* Calculate cross-covariance along all pairs with kernel
Weight = kernel(pj, q;)



Z = % z @)@ = [cov(py, ax) cov(py, ay) cov(py, qx) cov(py, qy) |
ieqQ’,jep’
* Do SVD decomposition and get Roto.&Trans. Matrix
U, S, VT = SVD(Z))
R, =UVT t; = ug — Riuy
* Use Roto.&Trans. transform P to match Q
Py = {Ripi + t} = (P}

2. Non-linear Least-squares based method:
Given: P = {p;}, Q = {q:}
Optimization target: E = )}, [Rgpi +t— qj]2 - min
Algorithm
Initialize rotation matrix Ry and its derivative of rotation matrix Rg
Initialize rot-translation pose x = {t, O,0:}7 = {X¢, Ve, Orot}T
For i in range(iterations):
*  Find correlative pairs for each P = {p;} in Q = {q;} (nearest neighbors)
Formin (Q ={q;}, P ={p:}):
* Calc single pair error, update Loss function and Calc it's weight
eq,jn(x) = hi(x) — q; = Rep; +t — q;
Weight = kernel(pj, q;)
¢ Calc Jacobian matrix
de;j(x) 0h;(x) Oh;(x) dh;(x) Oh;(x) .
I == = o« =( ax ' ay ' 06 )Z(I'Rep")
= [1 0 —sinp/sin@ —cos piycos 0 01pj coscos —sin piysin 6 ]
* (Calc Hessian matrix and update it
H < H+Hy =H+TE5Ta
* Calc Gradient of single pair error and update Gradient of loss function
9<9+9ap=9+T0peun
* Do Least-square solver to get the increment Ax = LeastSquare(H,—g)
* Update pose: x « x + Ax = x + {Ax, Ay, A8 }T
* Use Roto.&Trans. transform P to match Q: Py = {R;ip; + t} = {Pmij}

3.52 Point to plane ICP

Instead of minimizing Y. [IT - b; — m;||?, the point-to-plane algorithm minimizes error along

the surface normal (the projection of (T - b; —m;) onto the sub-space spanned by the surface
normal). [11]



4. Comparison and analysis of our pipelines

To compare these different feature descriptors, we uniformly use SIFT to detect the key points

from the source and target point clouds.

Then, we computed different feature descriptors (SI, FPFH, SHOT, CSHOT, SIFT) for the same

detected key points of each pair of source and target point clouds.

Finally, we uniformly use RANSAC for coarse registration and ICP for fine registration for each

pair of source and target with different computed feature descriptors.

Implementation of pipelines:

1)
2

4
5

~ e~~~
w

)
)
)
)

SIFT3D + RANSAC + ICP

SIFT3D + Spin Image + RANSAC + ICP
SIFT3D + FPFH + RANSAC + ICP
SIFT3D + SHOT + RANSAC + ICP
SIFT3D + CSHOT + RANSAC + ICP

Dependencies:

Point Cloud Library
C++
Visual Studio 2019
Unity

4.1 Final delivery

(1) v7.3_ReleasedTookKit_MiroRGB3DCamera.zip

Released_MiroRGB3DCameraV7.3: final version camera in Unity
Setup Manual_MiroRGB3DCameraV7.3: Unity setup tutorial
pcdVisualizer.py: Python visualizer

pcd2fig: MATLAB visualizer

Apartment: demo prefab

Japanese Torii: demo prefab

Miaomiao: demo prefab

(2) Pipelines+Manual-PointCloud_Registration.zip

PCL_Setup Manual_PCL1.11.1+Windows+VS2019_x64: PCL setup tutorial
f_pipeline_setup.h: header file that includes all parameters for pipelines
fpip_ISS3D+CSHOT+RANSAC+ICP.cpp
fpip_SIFT+FPFH+RANSAC+ICP.cpp
fpip_SIFT+RANSAC+ICP.cpp
fpip_SIFT+SHOT+RANSAC+ICP.cpp

fpip_SIFT+SI+RANSAC+ICP.cpp



4.2 Performance

The number of registered point pairs between source and target point clouds can reflect the
registration performance of these descriptors.

Figure 1 presents the number of registered points of each pipeline using different feature
descriptors with increasing the noises of the point cloud from 0 (0%) to 4.0(100%) in our
experiment. It can be clearly seen that first, S| descriptor has a relatively better performance
with increasing noises. In contrast, SIFT descriptor that is the key points themselves detected
by SIFT has the lowest performance. Moreover, when other geometry-based descriptors have
lower performance, CSHOT descriptor that use color information has a better performance
than others.

Registration Points Comparison

—8—SIFT

Spin Image

Number of Registered Points

SHOT

—8—CSHOT

Figl: Number of registered point pairs using different feature descriptors with increasing
noises

4.3 Efficiency

During the experiments, we also recorded the computational cost of these descriptors. Figure
2 presents the running time of calculating descriptors for source and target key points with
increasing noises of the point cloud from 0 (0%) to 4.0(100%). We can clearly see that Sl
descriptor is the most efficient descriptor. In contrast, SHOT and CSHOT become the most
computationally expensive descriptors under current radius. However, if we increase the
searching radius, the efficiency of these descriptors will decrease by different degree.



Computation Time Comparison

sl SIFT

Spin Image

== FPFH

Time(s)

SHOT

___.—._______,_.-o_.___ o = CSHOT
.____-____———o—-—"_.——_-_*__—-_

Fig2: Computation time required to generate the descriptor for the key points using different
feature descriptors with increasing noises

4.4 Conclusion and future work

Overall, SI performs the best among these descriptors. Sl has a good balance between
performance and efficiency. Particularly, Sl is suitable for real-time applications.

However, the performance and efficiency of these descriptors highly depends on the
parameters setting. For instance, during the experiments, we found that the efficiency of
FPFH decreased dramatically with increasing searching radius. If we set a larger searching
radius for FPFH descriptor, it will become very slow, while other descriptors are not very
sensitive to the increasing searching radius. In order to obtain a clearer and comprehensive
understanding of these feature descriptors, we should carry out more experiments in tuning
the parameters setting in the future.

Besides, in the current experiment, we used sparse point cloud data (object only), which is
simple and has many NaN values. In the future, we will use the dense point cloud data like
in the real world, having complex scene, as the experiment data.

The last but most interesting thing, although CSHOT is the only descriptor that takes into
account the color information, it didn't perform better in the experiment. However, in some
cases, CSHOT outperformed other descriptors. Therefore, in future work, we need to make
more comparisons under different conditions and scenarios to find the most suitable
application for CSHOT.



Appendix A

Miro RGB-D Camera v7.3 Setup

Build Platform

e Game Engine: Unity 2019.4.11f1 LTS
IDE: Visual Studio 2019

Package Commissioning Steps

Opening Unity and enabling ‘unsafe programming

To use the Miro RGB-D Camera v7.3, you need to enable “Allow ‘unsafe’ code” in Unity,
because we need to do casting in C#.
(1) Opening Unity and creating a new project(or open your project)
(2) Enabling “Allow ‘unsafe’ code” model by “Edit U Project Settings U Player O tick “Allow
‘unsafe’ code”

Otherwise, there will be a warning in Unity after you import the Miro RGB-D Camera v7.3
package like shown below:

ode may only appear if compiling with Junsafe. Enable "Allow ‘unsafe' code" in Player Settings to fix this efror.

Importing packages

After downloading the released toolkit, you might have five tools:
Released_MiroRGB3DCameraV7.3.unitypackage: Miro RGB-D Camera v7.3
Apartment.unitypackage: example prefab

JapaneseTorii. unitypackage: example prefab

Miaomiao. unitypackage: example prefab

pcd2fig.m: MATLAB PCD file visualizer

pcdVisualizer.py: Python PCD file visualizer

In order to use these tools, steps as below:
(1) Uncompress “ReleasedToolKit_MiroRGB3DCameraV7.3"
(2) Import three unity package by “Assets U Import Package 0 Custom Package ...
... Released_MiroRGB3DCameraV7.3.unitypackage”

e ‘.. Miaomiao.unitypackage”
e " JapaneseTorii. unitypackage”
e " Apartment.unitypackage”
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Drag “RGB3DCameraV6” prefab inside the scene
Drag “Torii” prefab inside the scene

Drag “cat” prefab inside the scene

Save the scene
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~ o~ o~
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How to setup your 3D object

To capture the XYZ information and color information of the texture of your 3D object in
Unity, you should setup your object properly:
(1) Adding “Mesh Collider” component to your 3D object and assign the corresponding
“Mesh” to it, like:

Select “cat/cat” in the scene
Add Mesh Collider in Inspector
Find the mesh for the ‘cat’ object in
“ProjectURGB_Test_MiaomiaolModelsUcatlcat”, and drag it into the ‘cat’
objects in the scene U Inspector 0 Mesh Collider 0 Mesh

(2) Adding “texture” component to your 3D object and enabling the texture can be
read/write by ticking the “Read/Write Enable” in “Import Settings 0 Advanced O
Read/Write Enable” of your texture. This is a compulsory step if you want to capture
the color(RGB) information from you object.

Default
2D

Input Texture Alpha

ToMearest

How to capture and save pointcloud as ‘.pcd’ file

To simply capture point cloud of your object with XYZ information and color information(if
you want), you can refer the following steps:

(1) Run the game

(2) Select ‘RGB3DCameraV7' in the ‘Hierarchy’

v Mesh Collider

catl

(3) Tick the RGB Enabler(if you want to add RGB info in your point cloud) on the
‘Inspector’



(4) Tune the ‘noise setting’(if you want to add different noises in you point cloud)) on
the ‘Inspector’

(5) Click on ‘Capture Points’ on the ‘Inspector’

(6) Click on ‘Save Last Captured Points’ on the ‘Inspector’ to save the point cloud into
".pcd’ format

Besides, you definitely can design your own Unity project and play with the camera
automatically by directly calling the functions or setting parameters in your code.

How to visualizer point cloud

In the toolkit, we also provide you with two simple point cloud visualizer.

Option 1: Python + open3d library(http://www.open3d.org/docs/release/introduction.html)
e  Open the Python file ‘pcdVisualizer.py’

Change the path of the “.pcd’ file with yours

Save the changed Python file

Run the Python file ‘pcdVisualizer.py’ in the way you like

P.S.. With this visualizer, you can also calculate the normal of your point cloud

surface and visualize the normals

Option 2: Matlab
e  Open the Matlab file ‘pcd2fig.m’
e (Change the path of the ".pcd’ file with yours
e  Run the script


http://www.open3d.org/docs/release/introduction.html

Example 1

Unity interface

Draw point cloud in Unity



Visualize point cloud normals



Example 2

Unity interface

Camera viewpoint



Draw extrema and point cloud in Unity

Visualize point cloud with XYZ information only and noises



Visualize point cloud with color information and noises

W

Visualize point cloud with color information, no noises



Appendix B

Point Cloud Library Setup

Introduction

The Point Cloud Library (PCL) is a standalone, large scale, open project for 2D/3D image and
point cloud processing. PCL is released under the terms of the BSD license, and thus free for
commercial and research use.

Continuous integration

Build Platform Status

#F Ubuntu 18.04 GCC succeeded

Ubuntu #F Ubuntu 20.04 Clang |succeeded

# Ubuntu 20.10 GCC failed

# Windows VS2017 x86 succeeded

Windows
# Wwindows V52017 x64 'succeeded

# macOS Mojave 10.14 [succeeded

macOS
# macos Catalina 10.15 succeeded

Compiling

Linux: https://pcl-tutorials.readthedocs.io/en/latest/compiling_pcl_posix.html
Mac OS X: https://pcl-tutorials.readthedocs.io/en/latest/compiling_pcl_posix.ntml
Microsoft Windows: https://pcl-
tutorials.readthedocs.io/en/latest/compiling_pcl windows.html

PCL setup example

Below is a detailed tutorial about how to setup PCL 1.11.1 and its environments on Windows
with VS2019 X64.

e  Build platform: Windows V52019 X64


https://pcl-tutorials.readthedocs.io/en/latest/compiling_pcl_posix.html
https://pcl-tutorials.readthedocs.io/en/latest/compiling_pcl_posix.html
https://pcl-tutorials.readthedocs.io/en/latest/compiling_pcl_windows.html
https://pcl-tutorials.readthedocs.io/en/latest/compiling_pcl_windows.html

e PCL version: PCL 1.11.1

Downloading PCL

Accessing PCL from Github releases:
https://github.com/PointCloudLibrary/pcl/releases/tag/pcl-1.11.1
Then, downloading “PCL-1.11.1-AlllInOne-msvc2019-win64.exe”

Installing PCL

Double click “PCL-1.11.1-AlllnOne-msvc2019-win64.exe” to start install.
(1) Click “next” until below figure, and then choose “Add PCL to the system PATH for all
users”

By default PCL 1.11.0 does not add i1ts directorv to the system FPATH

Do not add PCL to the system PATH
Add PCL to the system PATH for all users |
Add PCL to the system PATH for current user

[ JCreate PCL Desktop Icon

(2) Choose target file path(recommend to choose “C:\Program Files\PCL 1.11.1", since you
can fully refer this tutorial)
(3) Click “next” until installation complete

Setup system environments

(1) Copy and paste “pcl-1.11.1-pdb-msvc2019-win64” file that you extracted from the
PCL 1.11.1 releases file to “C:\PCL\1.11.1\bin" folder.

(2) Setup system environment variables: right click ‘This PC’' 0 ‘Properties’ U ‘Advanced
system settings’ 0 ‘Advanced’ O ‘Environment Variables' O ‘User variables for name’ [
‘Path’ O ‘Edit’


https://github.com/PointCloudLibrary/pcl/releases/tag/pcl-1.11.1

Control Panel > System and Security > System

Control Panel Home . L .
View basic information about your computer
) Device Manager Windows edition
& Remote settings. m Propert
System protection
@ sytemp ComputerName  Hardware  Advanced | System Protection Remote
& Advanced system settings

Uservariables for mingx

You onas an Administrator
Perfomance
Visual effects. processor scheduing, memory usage. and viftual memory

Settings.
User Profiles
Desktop settings related to your signn

Setiings.
Startup and Recovery
System startup. system failre, and debugging information

Setiings.

Environment Variables.

See also
oK Cancel Aoty
Security and Maintenance

AWindows activation

(3) Add the four below

Variable Value
OneDrive C:\Users\mingx\OneDrive

OneDriveConsumer C:\Users\mingx\OneDrive

Edit environment variable

LIUMINGKUAN LM

Path c

PyCharm Community Edition ~ C:\Program Fles\JetBrains\PyCharm Community Edition 2020.3.1\b Datall 9
TEMP C:\Users\mingx\AppData\LocahTemp Data\L &l
™P C:\Users\mingx\AppData\LocahTemp Data\L

New. Edit.. Delete

System variables

CAUsers\mingx\.dotnetitools
CA\Users\mingx\AppData\Localatornbin
USERPROFILE%\.dotnetitools

c DataLoc

Variable Value
ComSpec C:\Windows\system32\cmd.exe
DriverData C:AWindows\System32\Drivers\DriverData
GTK_BASEPATH C:\Program Files (x36)\GtiSharp2.12\
NUMBER OF PROCESSORS 16

OPENNIZ_INCLUDES4 C:AProgram Files\OpenNI2\includel
OPENNI2_LIBS4 C:\Program Files\OpenNI2\Lib\

OPENNI2 REDISTEL CAProaram Files\O

%PyCharm Community Edition%

Code\bin

TPCTROOT TPERTTTCDT
%RCL_ROOT\3rdParty\VTK bin
%OPENNI2_REDIST64%
C\Program Files\PCL 1.11.1\bin

New. Edit.. Delete

oK Cancel

%PCL_ROOT%\3rdParty\FLANN\bin
%PCL_ROOT%\3rdParty\VTK\bin
%OPENNI2_REDIST64%

C:\Program Files\PCL 1.11.1\bin

(4) Reboot your PC

Setup Visual Studio 2019 environments

(1) Start your Visual Studio 2019
(2) Create a new project

Create a new project

Recent project templates

& tm

=

Al project types

Empty Project

N

Console
terminal. Prints

Console

Console  Desktop Library

plica

Desktop

or sl en mull
Android i0! Lint
Mobile uwp

Windows
Games Library

(3) Change solution configuration to ‘Debug’ + ‘x64’

Console

Desktop

New

Edit

Browse..

Delete

Move Up

Move Down

Edit text..

Cancel



Debug

(4) Create a new C++ source file

Add New Item - Projectd

Visual C++
e containing C++ source code

Graphics

b Online

Name:

Location:

(5) Right click your ‘Project name’, opening the ‘properties’
(6) Click ‘Configuration Properties’ 0 ‘Debugging’ 0 ‘Environment’ 0 ‘Edit’
(7) Adding the four below in your ‘Environment’

(8) Click ‘C/C++' 0 ‘Language’ 0 ‘Conformance mode’ 0 choose ‘NO’
(9) Click ‘C/C++' 0 ‘General’ 0 'SDL checks’ U choose ‘NO’

(10) Click ‘Apply’ and ‘OK’

(11) Click ‘Property Manager’ section

(12) Right click ‘Debug | x64" and ‘Add New Project Property Sheet’

F
4 %] Projectd
t- Bl Debug | Win32

Add Mew Project Property Sheet...

Add Existing Property Sheet...

Remowve
Rename

Properties Alt+Enter

(13) Name your property sheet as ‘PCL1.11.1.props’ for future use and then ‘Add’



Add New ltem

4 |nstalled Sort by: Default

Add New Property Sheet ;’ o

b Online

Cancel

(14) Double click the new property sheet you just added
(15) Click ‘VC++ Directories’ I ‘Include Directories’ U ‘Edit’
(16) Add the seven below paths to your ‘Include Directories’

Include Directories

Ch\Program Files\PCL 1.11.1"\3rdParty’\Boost\include\boost-1_74
CProgram Files\PCL 1.11.17\3rdParby Qhulltincludelibghullcpp
CA\Program Files\PCL 1.11.1%3rdParty FLAMMAInclude
Ch\Program Files\PCL 1.11.1\3rdParty’\Eigen'eigen3

Ch\Program Files\PCL 1.11.1%3rdPartA\VTE includelwtk- 8.2
C\Program Files\OpenNI2\Include

CA\Program Files\PCL 1.11. hinclude\pel-1.11

(17) Click ‘VC++ Directories’ 0 ‘Library Directories’ U ‘Edit’
(18) Add the six paths below to your ‘Library Directories’
Library Directories

CA\Program Files\PCL 1.11.1%3rdParty\Boost\lib
C:\Program Files\PCL 1.11.1%3rdParty’CQhull\lib
CA\Program Files\PCL 1.11. 1% 3rdParty\ FLANN\lib
Ch\Program Files\PCL 1.11.1%3rdParby\ VT ib
CA\Program Files\OpenNIZ\Lib

Ch\Program Files\PCL 1.11.74ik

(19) Click ‘C/C++' 0 ‘Preprocessor’ U ‘Preprocessor Definitions’ O ‘Edit’
(20) Add the five definitions below to your ‘Preprocessor Definitions’

Preprocessor Definitions

BOOST_USE_WINDOWS_H
NOMINMAX

_CRT_SECURE_NO_DEPRECATE
_SCL_SECURE_NO_WARNINGS
_CRT_SECURE_NO_WARNINGS

(21) Click ‘Linker’ O ‘Input’ 0 ‘Additional Dependencies’ 0 'Edit’



PCL1.11.1 Property Pages ? x
Configuration:  [NAA S| Platform:  [NGA ~ Configuration Manager...
4 Common Properties [l Additional Dependencies pd_commond.lib;pd_featuresd.lib;pd_filtersd.lib;pcl_iod.lib|
General
e ditional Dependencies
WC++ Directories
pel_command.lib -
b C/Css pel_featuresd.lib
4 Linker pel filtersd.lib
General pel_iod.lib
Input pel_io_plyd.lib
Manifest File pcl_kdtreed.lib
pel_keypointsd.lib
Debugging pel_mid.lib
System pel_octreed lib
Optimization pcl_outofcared.lib
Embedded IDL pel_peopled.lib
Windows Metadata pelrecognitiond.lib v
Advanced
All Options Evaluated value:
Command Line
Manifest Tool pcl_commend.lib ~
[ CiEniees pcl_featuresd.lib
P Librarian pel_filtersd.lib
b Resources ||| pelicd.lib
b MIDL 7| pel_io_plyd.lib
pel_kdtreed lib
I> XML Document Genera G e
= 2 | || pel_mld.lib
pcl_octreed.lib
pel_outofcored.lib
pel_peapled.lib
_ Al i

(22) Add the dependencies below to your ‘Additional Dependencies’ (you can simply copy
and paste below dependencies, but please double check the version of all
dependencies)










(23) Click ‘Apply’ and ‘OK’

(24) Save as the Property sheet as ‘PCL1.11.1.props’. When you want to create a new
project, you can just simply import this ‘Property sheet’ to your new project rather
than setup again.

4 @] Debug | x64

e A4 aa 4
Add Mew Project Prope

Add Existing Property 5

Save PCL1.11.1

Remove

Rename

Properties Alt+Enter

(25) Congratulations, the PCL setup is done. Start your PCL adventure now.



Appendix C

Experimental Point Cloud Data

Unity interface

To test the general performance of different pipelines on point cloud registration with
different noises, we collected experiment data in Unity with below rotation and translation:

7= (0)

e Rotation:

Experimental data

Then, we captured point cloud data with different noises at the source viewpoint and target
viewpoint as below:
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