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Panoramic 3D-camera SLAM for natural localization

A performance comparison with 2D-LiDAR in an industrial environment
André Ido[ssbn & Stefan Larsson

Department of Electrical Engineering

Chalmers University of Technology

Abstract

A necessary component for the navigation of an Automated Guided Vehicle (AGV) is to
accurately estimate where the vehicle is located in its current environment. It may also
be beneficial for the AGV to have visual data of its environment to be able to perform
tasks such as object identification and object avoidance. One sensor that is capable of all
these tasks is the 3D-camera. However, it has been shown that the data provided by a
single 3D-camera is insu Lcieht for accurate localization.

This thesis presents a system for natural 2D-localization using multiple 3D-cameras ar-
ranged in a panoramic setup. The performance of the system is compared on both po-
sitional accuracy and repeatability against a conventional 2D-LiDAR localization sys-
tem, where both systems achieve localization by Simultaneous Localization And Mapping
(SLAM) using the Cartographer library. To optimize the localization performance of the
panoramic system, several filters are applied to the point cloud data generated by the
3D-cameras. Evaluation of both systems are done on multiple data sets, captured in
two dilerknt environments and sampled in parallel to give optimal comparability. The
first environment is in a warehouse and is used to show the performance of a real world
implementation. The second environment is from a lab-room equipped with a highly
accurate positioning system, which is used as a reference to quantitatively evaluate the
performance of both the panoramic camera system and LiDAR system.

The proposed system is shown to successfully achieve continuous localization in all tested
environments.

Keywords: SLAM, Natural localization, RGBD, 3D-Camera, LiDAR, Point cloud filter-
ing.
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Introduction

Autonomous transportation using an Automated Guided Vehicle (AGV) is a rapidly
adopted means of transportation adopted by many industries [1], with the main moti-
vation of reducing labor costs and increasing productivity [2]. As of 2019, the global
AGV market was a 3.0 billion USD industry and have an estimated Compound Annual
Growth Rate (CAGR) of 14.1% from 2020 to 2027 [2]. This indicates a signi cant and
continuous interest in the development and improvement of AGV implementations.

From the name Automated Guided Vehicle is it apparent that this is a vehicle that is
guided in an autonomous way. As described by Sabattini, Digani, Seccht, al. [3] AGVs

are generally controlled by some external supervisory system, usually referred to as a
Warehouse Management System (WMS). The role of the WMS is to manage a eet of
AGVs inside the warehouse and assign them tasks. However, Sabattini, Digani, Secchi,
et al. [3] also state that, even though the WMS supervise the eet, each AGV still have
to be able to independently localize itself in it's environment.

A common navigation method used for AGVs to achieve reliable behavior is to follow a
physical marker on the oor [4]. This marker can, as an example, be a line of a specic
color, or a magnetic tape [5], and thus de nes a static path along which the AGV can
travel. This static path gives a predictable behavior as the AGV is not supposed to oper-
ate outside of this de ned path unless manual control is obtained. One major drawback
of this static path is that the AGV is then unable to circumvent any obstacle that may
appear along the de ned path.

A more adaptive method of navigation would be a general 2D localization method. By
letting the AGV know where in the environment it is positioned, it is given the possibility

of navigating around obstacles throughout some non-obstructed path in a 2D-space. A
2D localization system requires sensors that can capture a 2D-representation of the envi-
ronment. This is commonly achieved by a scanning 2D-LIDAR [5] where LIDAR is the
abbreviation for Light Detection and Ranging [6], which is a laser-based range detecting
sensor. However, it is only able to capture information in a 2D-plane. This makes it
impossible for the sensor to detect objects outside of the sensor plane. Any overhanging
or protruding obstacles can thus be a major safety risk for the AGV.

One way to solve this inherent problem of 2D-navigation would be to instead consider
a 3D approach. This of course require that data can be captured in three dimensions,
which is an exponential increase in data per localization area that needs to be processed
in comparison to 2D. In addition, due to the increased complexity of capturing 3D data
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1. Introduction

as well as processing it, the price of a 3D sensor is often signi cantly higher than its 2D
counterpart. An example of this is the scanning 3D-LIiDAR as its technique is commonly
just an extension of the 2D-LIDAR [7]. According to Tran, Becker, and Grzechca [8] is
the 3D-LIDAR more expensive when compared to it's 2D counter part.

One 3D sensor technology that has shown recent improvement in both cost and perfor-
mance is that of the RGB-D camera [9]. These cameras o er in addition to 3D space
information also color data. By acquiring color data in addition to depth data, tasks that
normally would require separate sensors for color and depth can now be achieved by one.

It may be argued that safety is one of the most important aspects when autonomously
navigating a vehicle, especially when moving in the proximity of people. It is therefore
important for the AGVs navigation system to have a good understanding of its environ-
ment. One way to improve safety is to use object detection as described by Bostelman,
Hong, and Madhavan [10] where objects such as people are tracked live in 3D. By partially
knowing the environment, speci cally, that of the expected travel path of the AGV and
any obstacles therein, an alternate path without collision, or if a full stop is required, can
be determined, as shown by Pratama, Trong Hai, Kimet al. [11].

1.1 Related work

This thesis is inspired by a previous master thesis "Investigating simultaneous localiza-
tion and mapping for an automated ground vehicle" [12], which compares 2D-LIDAR to a
3D-Camera for the application of Simultaneous Localization and Mapping (SLAM) [13].
The conclusion from the thesis was that a single 3D-Camera has a hard time replicating
the precision and robustness of a 2D-LIDAR. It was argued whether this was due to a
narrow Field of View (FoV), insu cient detection range, or a combination of both. This
theory is supported by Debeunne and Vivet [9], which also state that a lack of range is a
major issue by 3D-cameras performing SLAM.

A similar problem of precision was also mentioned in a study by Dai, Yan, Liwet al.
[14]. In the study the authors tried to achieve SLAM with 3D-LiDAR. It was stated that
for many applications the performance of the 3D-LIDAR would be insu cient without
Itering of data. For this, the authors were able to show great improvements in the form
of oine precision optimization. As the mentioned optimization methods were applied
to generic 3D data, which should not necessarily only apply to data acquired with a 3D-
LiDAR, we argue that similar methods may apply to data procured by 3D-cameras.

The authors Ji, Qin, Shan,et al. [15] compare the e ects of di erent FoVs in visual SLAM.
Standard camera FoV were compared to panoramic FoV and also a sheye camera were
compared. The conclusion from this report was that both the panoramic camera and
sheye camera exhibited higher robustness. One reason for this were that some algorithms
did not successfully nish the data set tested with a standard eld of view. This indicates
that the previous thesis [12] might have been on the right track but with the limitation

of not achieving a FoV large enough for the application.
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1. Introduction

1.2 Objective

The objective of this thesis is to develop and evaluate whether a panoramic multi 3D-
camera system can achieve 2D positioning accuracy, trueness and repeatability compara-
ble to existing 2D-LIDAR methods for industrial AGV localization.

1.2.1 Research question

This thesis aims to compare a panoramic 3D-camera setup to a 2D-LIDAR for localizing
an AGV in industrial environments.
More precisely, it will attempt to answer the two following questions:
Is it possible to localize an AGV in 2D with the help of a panoramic 3D-camera
setup as input?
How does the localization in 2D with a panoramic 3D-camera compare to a 2D-
LiDAR setup in accuracy, trueness, and repeatability?

1.2.2 Limitations

The systems developed in this project will not be designed for navigation, only for local-
ization. To verify a robust localization for an industrial application the proposed method
will be tested in a static environment. That is, no movement of natural landmarks and
no changing of lighting settings. However, multiple and diverse static environments will
be tested.

The systems will be implemented on preexisting hardware in the form of an AGV. This
will restrict the possibilities of sensor mounting location in a way as to not restrict the
intended usage of the AGV.

The implemented localization methods for both systems must be comparable and it is

regarded as of higher importance than absolute precision. The precision of both systems
shall thus not be regarded as their optimal, but shall instead be evaluated in comparison

to each other and when possible, towards a ground truth reference. The evaluation of
both systems will be constrained to the 2D-space of the LIiDAR system.

The implemented systems will not strive to achieve real-time localization as this may
require sacri ces in accuracy based on the computational constraints of the implemented
system.

While safety is of great importance when developing and using AGVSs, it will not be of
focus in the developed camera solution and will instead rely on preexisting safety systems
of the provided AGV.
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1.3 Thesis outline

This thesis is divided into seven chapters. It starts with this introductory chapter, followed
by Chapter 2, where theory prerequisites are presented. Next, Chapter 3 presents the
implementation of the systems while Chapter 4 goes over the evaluation methodology
related to this thesis work. Chapter 5 presents the data from the tests and analyses the
outcome of the implementations presented. Second to last in Chapter 6, are the results
and choices discussed before nally in Chapter 7 ending with a summary of the project
outcome based on the research questions as presented in Section 1.2.1.
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Theory

This chapter aims to help the reader understand the concepts and methods in this thesis.
It is divided into three distinct areas. First is a section about sensors and sensor data
which intends to explain what sensors techniques are used and discussed. Then a section
about the lIters used to improve data passed to the system as well as on internal data
streams. Lastly a short section about localization to give an understanding of the usage
of these methods and what is required for their implementation.

2.1 Sensors and sensor data

This section focuses on a few sensor techniques for acquiring depth measurements that
are relevant to this thesis and the data produced by these sensors.

2.1.1 LIiDAR

LiDAR is used for detecting objects with the use of light in the form of pulsed laser
beams. The distance to an object is obtained by measuring the time it takes for the beam
to travel to the object, re ect, and then travel back to the sensor [16]. This is shown in
Equation (2.1) where the distanced is obtained as the timet from the emission of the
beam to detection times the speed of light in aic. The time is halved to only get the
time of the beam traveling in one direction.

t
d=c (2.1)

A single static laser beam will only measure a distance in 1D [7]. These measurements can
be extended into 2D by applying a known motion to the sensor [7]. A 3D-measurement
can then be achieved by both applying a motion, as in 2D, and also second pivoting
motion [7], or stacking multiple beams at known angles [7].



2. Theory

2.1.1.1 2D-LIiDAR

2D-LIiDAR normally only uses one laser beam to measure distances [16], but can also use
multiple beams to achieve a faster sample rate by dividing the total FoV per beam instead
of one beam for the entire view [7]. When using a laser beam with the sensor rotating
around some de ned axis, usually de ned as the sensor's z-axis. For each rotation, the
sensor will return several distance measurementsspaced evenly at some de ned angle

throughout the rotation, as seen in Figure 2.1. Note that some sensors have a FoV
throughout the whole rotation and other does not [17]. This may be due to obstructions
in the view of the sensor due to its construction.

The number of data points a 2D-LIDAR can achieve per revolution is then dependent on
the sample rate, its FoV, and rotation speed [7]. In the common case where the LiDAR
rotates around its z-axis the data points will span over the xy-plane of the sensor [17]. As
the distance and angle for each measurement are known, the coordinate to each detection
point can be represented by a polar coordinate.

Figure 2.1: lllustration of 2D-LIDAR measurement with a single laser beam at two time
stepstg ! t1. r¢ denotes the distance for which the laser beam travels at timte
denotes the angle from the x-axis to the laser beam at time The polar coordinate of
the detection point is thus denoted asr; g.
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2.1.1.2 3D-LIDAR

3D-LiDARs are similar to 2D-LIDAR in that it uses pulsing laser beams while rotating
around its z-axis. In addition to rotating around one axis it will now also pivot the beam
or use multiple stacked laser beams in the third dimension [7]. The pivoted or stacked
laser beams are spread at some known prede ned anglg16], as illustrated in Figure
2.2. This will lead to a collection of multiple horizontal distance measurements. These
will now instead sweep cones as compared to before with 2D-LIDAR which only obtained
one horizontal plane. Since each beam is sent at two known angles,and , spherical
coordinates are obtained to the objects.

Figure 2.2: lllustration of 3D-LIDAR measurement with 2 pivoted or stacked laser
beams.r denotes the distance for which the laser beam travels at tinteand for some
angle' . Note that * correlates with the height of the detection point. denotes the
angle from the x-axis to the laser beam at timé. The polar coordinate of the detection
point is thus denoted asfr; ; ' g.
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2.1.2 3D-camera

3D-cameras, also known as range imaging sensors, are cameras that in addition to cap-
turing 2D images also produce depth data. There exists many techniques in which a
3D-camera can estimate depth, Stereo triangulation [18] and Structured light [19] are
some of them.

2.1.2.1 Stereo triangulation

Stereo triangulation is achieved with two or more cameras that are placed in di erent
viewing angles, in order to obtain depth from the di erence of pixel position for a feature

in each image [20]. Figure 2.3 illustrates the elementary form of stereo triangulation where
two cameras are placed in parallel [21]. The image sensors of the cameras are placed at
a known distance from each other, this distance is known as tlimaselineof the stereo
camera [22].

Figure 2.3: lllustration of two cameras parallel to each other detecting a feature. The
depth from the cameras to the feature is obtained by triangulation.

To obtain depth from the camera images, rst, unique features visible in both cameras are
identi ed, which can be achieved by methods such as scale Invariant Feature Transforma-
tion (SIFT), Speeded-Up Robust Features (SURF) and Histogram of Oriented Gradient
(HOG) [23]. Then the depth of each feature match between both views is calculated using
triangulation [22].
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Triangulation as seen in Figure 2.4, is done using a stereo camera with two perfectly
aligned sensors separated by a known baseline distai®an meters and a known focal
length f in pixels that is equal for both sensors [24]. Her2 is the depth in meters [24]
to the features from the cameras calculated with

B
as described by Jain, Kasturi, and Schunck [25] wepe and x° are the pixel position of
the two matched features andx x9 is known as theirdisparity [21].

Figure 2.4: lllustration of a Stereo triangulation from two parallel image sensors cap-
turing two features.

Due to the inherent principle of stereo triangulation relying on the known alignment
between the cameras for precision is often calibration needed. There exist many di erent
calibration schemes but from the authors, Abu Hassan, Hussain, Md Saaat,al.[26] it is
apparent that even with calibration the depth accuracy will be far inferior to the accuracy
in width and height. The authors were able to gain sub-pixel precision in width and height
while the depth produced a mean error df:72% standard deviation of1:6%in their test
scenario. They were also not able to obtain depth data over 5.5m [26].
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2.1.2.2 Structured light

Structured light is used to measure the distance to objects in three dimensions by pro-
jecting a pattern onto objects in front of a camera. Infrared light is commonly used in
the projection to minimize the e ects of sunlight disturbances [19]. The distance to the
object in front of the camera is obtained by evaluating the distortion of the projected
pattern [27]. The projected pattern can be seen as an arti cial feature and is created to
aid the triangulation process.

One camera is enough for extracting depth information from a scene, but it has been shown
that occlusions are minimized when using cameras on opposite sides of the projector [28].
This can be seen from the illustration in Figure 2.5 where Camera 1 would only detect
the left and the front face of the object. The right side is occluded by the object itself for
Camera 1 but not from the projector. When instead using two cameras, both sides and
the front face would be detected by the system.

Figure 2.5: lllustration of Structured light sensor with Stereo vision. Each side is
occluded from the camera in opposite direction, when combined is occlusion minimized.

10



2. Theory

2.1.3 Point cloud

A point cloud is a collection of points in 3D space [29] and is one way of describing the
data acquired from LIDARs and 3D-cameras. Each point must have a coordinate, and
depending on the application, also color or an illumination value [30]. The point can also
be associated with the normal vector of the surface on which the point is detected [31]. The
normal is useful for surface segmentation and reconstruction [32] and can be obtained by
e.g. Principal Component Analysis (PCA) on a point and its closest neighbouring points
[33]. A typical point cloud generated by 3D-cameras can be seen in Figure 2.6. The
normal vectors of each point are illustrated by a black line.

Figure 2.6: lllustration of point cloud generated by a 3D-camera (downsampled). The
normal vector of each point is illustrated by a black line. The point cloud is captured
while traveling down a warehouse corridor (green arrow direction).

The indexing of point cloud data can be constructed as a 1D- or 2D-vector. The 1D
format is known as an unordered point cloud and is usually produced by a LiDAR [34].
The 2D format is instead known as an ordered point cloud and the data is then split into
rows and columns. According to the authors, Rbrusu, Sprickerhof, Brindeir@t al.[34]
both stereo cameras and Time Of Flight cameras can usually produce data in this format.
The ordered point cloud format resembles the structure of a 2D-cameras where the data
is ordered in rows and columns based on the points x and y coordinate [34]. The advan-
tages of ordered point clouds are the known relationship between neighboring points in
operations such as nearest neighbor search which will then be much more e cient [34].

11



2. Theory

2.2 Data ltering

Data Itering is an important tool used to reduce and improve data passed through the
system. By ltering raw sensor data, noise and other unwanted outlier data can be re-
duced. Inlier data can also be optimized to t a selected purpose. This can be geometry
identi cation such as planes, edges, and obstacles. The inlier data can then be modi ed
to more accurately represent the true geometry of the real-world surface. E.g. any noise
in captured data that is matched to a planar surface can be removed by projecting the
point onto the plane corresponding to the planar surface.

It may not always be possible to directly match captured data to a geometry without
rst applying some prior lters. Captured point clouds may also be unnecessary dense
and thus computationally heavy if a fast application is required. In these casesdawn-
sampling Iter may be applied. This type of Iter e ciently reduces the total number

of points by either combining or discarding points to a de ned number or a percentage
of original points. The points being combined or discarded can either be selected uni-
formly throughout the point cloud or be selected based on some Iter-speci c criteria, as
explained in the following two sections.

2.2.1 Pass-through lter

A Pass-trough lter for the application on point clouds refers to the ltering of points that
either is within or beyond some de ned boundaries [35]. It can also be used to remove
non- nite points [35]. The range can be either the radial distance to a point such as a
camera origin, or a Cartesian distance constraint in the camera frame. For the second
type, either one or multiple dimensions can be constrained, such as the height, width, or
depth of the point cloud. An example of Cartesian constraints is illustrated in Figure 2.7.

Figure 2.7: Pass-trough lter illustration. Inlier and outlier points are represented
in blue and red respectively. The box shows the Iter boundaries. The point cloud is
captured by a 3D-camera when driving down a warehouse corridor (green arrow direction).
Note that the cluster of points close to the camera (placed at origin) is due to the self-
detection of the AGV. The red points in the center of the corridor are detection of the
ground.

12



2. Theory

The pass-through Iter can be used to e ciently reduce the number of points in a point
cloud as few calculations per point are required. A simple low-pass, high-pass, band-pass,
or band-stop lter is applied for the coordinate value or radius that is Itered. If one
coordinate value breaks the constraint, the entire point is deemed invalid and is removed.

The Iter can also be used to target a specic volume that is either to be discarded or
extracted. A volume that may be of sole interest e.g. for object avoidance can be that
which is: below the maximum possible height of a loaded AGV and not below the height
of the ground plane. A common volume to be removed is that which corresponds to the
volume of the AGYV itself. This is done to e ciently remove any self-detected points that
may occur if the sensor is partially obscured by the AGV. Due to the inherent principle
of stereo triangulation used by some 3D-cameras, as described in the Stereo triangulation
section, the precision is often far greater in width and height than in-depth. Thus a
specialized pass-through Iter may be applied which limits the depth of the point cloud
more than width and height.

2.2.2 Decimation lter

A decimation lter is one type of downsampling lter that is applied to the 2D stereo-
images produced by the cameras. The downsampling is achieved by combining the pixels
of 2D-stereo images uniformly to a de ned rate, and therefore results in fewer 3D-points
generated by the images [36]. The lter reduces the size of the images by applying a kernel
matrix which averages the data of pixels contained by the kernel. The kernel is passed
throughout the entire image either column- or row-wise and in a moving window fashion
[37]. The rate at which the kernel is moved is de ned as the Iter stride. The stride is
equal to the number of pixels the kernel is moved at each time. A kernel is usually square
and can be designed to di erent sizes depending on how much downsampling is desired.
The kernel matrix can be tuned for speci ¢ applications but two simple implementations
are to use the median or mean of the kernel patch [37]. Figure 2.8 illustrates an example
of a decimation lter that uses an averaging kernel with the size of two by two pixels and

a stride of two pixels. This will cause the original four pixels to be merged into one.

Figure 2.8: lllustration of decimation Iter with an averaging kernel matrix of size two
by two with a stride of two.

13



2. Theory

When using a kernel size of two by two and a stride of two the image size will be one-
quarter of the original image size. Kernel size of three by three with a stride of three the
image size will be one-ninth of the original. It is also possible to have a smaller stride
than the size of the kernel. This will cause a smaller reduction in resolution but with a

larger number of pixels being merged than with equal size and stride.

2.2.3 \Voxel lter

A Voxel Iter downsamples a point cloud by rst sorting all points, based on their co-
ordinate, into a 3D-grid of cubes. These cubes are called voxels and have a de ned size
[38]. The voxels are aligned to a 3D-grid, called voxel-grid, spanning from the lowest
coordinate values of the point cloud to the highest, as to contain all points. These points
de ne the upper and lower bounds of the voxel-grid as can be seen in Figure 2.9.

Figure 2.9: Voxel grid containing all points in the point cloud. The voxel grid origin
is aligned to the lowest independent coordinate values of all points in the Itered point
cloud and the grid spans to contain all points in the point cloud.

All points that are within the same voxel will be merged into one based on a de ned

criteria, e.g. mean coordinate value. This point is called the centroid. The points can

also be merged by their median coordinate. The color and normal vectors of the points
are also averaged by their mean or median value.

14



2. Theory

In Figure 2.10 are four di erent illustrations of a voxel. The one in the lower right corner
shows a voxel that only contains one point and thus the centroid is placed at the same
coordinate. The upper right voxel contains two points and a centroid in between the two
points. The upper left voxel illustrates a scenario where you have a set of multiple points
inside the voxel that all a ect the location of the centroid. The last voxel illustrates an
edge case where each corner of the voxel contains a point and thus will the centroid be in
the center of the cube.

Figure 2.10: The lower right Voxel shows only one point an therefore the centroid
lies in the same place. The upper right Voxel shows two points and the centroid in

between. The upper left voxel shows a random set of points and the resulting centroid.

The lower left voxel shows a set of points in each corner and a calculated centroid in the

center of the voxel.
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One voxel will not necessarily contain the same number of points at all times and will
thus downsample di erently in di erent point clouds. A point cloud with many points
which are near will have a large reduction per volume of points, whereas a sparse cloud
may only have a small reduction. Hence, as the voxel size is de ned and constant, the
maximum resolution of the cloud can be controlled. Practically this means that points
unnecessarily densely packed to e.g. a basic geometry such as a plane can be signi cantly
reduced. As the output of each voxel is one point, the highest density of a point cloud
on average is that of the voxel size, or less. Because of this, the voxel size is naturally
de ned as the desired resolution of the Itered point cloud. A well-selected voxel size
shall, for high reduction, give enough resolution to not miss important features but still
remove as many points as necessary. The voxel downsampling lter as implemented in
[39], is described in Algorithm 1.

Algorithm 1: Voxel downsampling lter
Input: Input point cloud P, Voxel sizer
Output: Downsampled point cloudPys

1 Xmin = min(Pyy) 5 Il Voxel-grid lower bound point
2 lyox =" /I Voxel index list
3 Pgs ="
4 for u2 P do

— Ux) Xmin
5 Xref — Xf ] K
6 | vox Ivox H  Xref

7 f& V2|V0Xd0

8 X 1= Vy /I Mean coordinate
9 n:= vy /I Mean normal
10 C:= V¢ /I Mean color
11 | Pgs  Pgs+[X; n;d’

The voxel lter is given an input point cloud P and the desired voxel size, de ned in
meters. Thus ar-value of 0.05 will give a voxel cube & 5 5 cm. The lower bound
of the voxel grid is then calculated asnin (Py) % where min (Py,) is the lowest X, y
and z-value of all points independently.rE Is subtracted to ensure that the rst point is
placed inside a voxel. A voxel index list] yox and an output point cloud Pys is initiated.
Then, for each pointuy) a reference coordinatexes is obtained asw. The
reference point is constructed to place the point in its corresponding voxel in the voxel-
grid coordinate system. Each voxel is indexed by its 3D-coordinate in the voxel grid. The
voxel-grid coordinate system spans from zero to the number of voxels in width, height,
and depth necessary to contain all points. The oor-value of the reference coordinate
is then appended to the voxel-list, which means that the point is now assigned to that
corresponding voxel. It is expected that multiple points are appended to the same list
entry, which means that they coexist in the same voxel. Finally, for each non-empty
voxel, the mean value of point coordinates, normal vectors, and colors are obtained and
appended to the output point cloudPgs. The number of points has then been reduced
from the original number of points to the number of non-empty voxels.
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2.2.4 Spatial edge-preserving lter

A spatial edge-preserving lIter is used to average data while still preserving edges and
corners [36]. This is done by applying a high dimension transform that will result in an im-
age in the transform domain with a low complexity instead of the original high dimension
complexity as it would be if the Iter were to be applied in the original transform space
[40]. The image in the transform domain will then be Itered through a space invariant
Iter before being turned back into the original domain. Moving the image into the trans-
form domain will not only reduce the complexity but will also preserve the sharp lines
that exist in the image while smoothing the image. For an application on 3D-cameras,
speci cally, cameras which obtain depth from the triangulation through disparity images,
a spatial edge-preserving lter may be bene cial as it can be used to remove noise from
the disparity image while still preserving edges [41].

As implemented by the Intel Realsense stereo cameras [41], one way to achieve a spatial
edge-preserving lter is by rst raster-scanning the depth-image produced by the sensor,
in x-direction, y-direction and then back, creating four consecutive passes, resulting in the

is then applied on each depth value based on the trailing neighboring value. If an edge
is detected throughout the scan, no averaging is applied. This will cause an artifact de-
pending on the value of the trailing neighbor, and therefore each axis is scanned in both
directions to compensate.

The averaging coe cient is determined by an exponential moving average (EMA) [41],
where the speci ¢ recursive function is de ned as:

8
521; t=1

St:SZt"‘(l )St 15 t> 17 = S St 1)< thresh (2.3)
VA t> 1" = S St 1> thresh

and whereZ; is the depth value andS; 1 is the EMA at some time instancet. Edge
preserving is achieved by evaluating the magnitude of discontinuity= jS; St 3j. If

the magnitude is larger than a de ned threshold esh @n edge is detected and the Iter
Is temporarily inactivated, i.e. S; = Z;.

per pixel according to the reverted order of the raster-scanning and averaged. This gives
the nal ltered depth-image back in 2D. An illustration of a simulated case of the lter
were the dept-image is projected as 3D points can be seen in Figure 2.11.
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Figure 2.11: Point cloud simulation of a camera capturing a box protruding from a wall.
Red illustrates noisy data and blue the data Itered by a spatial edge-preserving lter.

Figure 2.12 shows a 2D zx-slice in the center of the point cloud in Figure 2.11. In auditing
to the noisy and ltered data, the true reference data as well as a Gaussian-blur [42] Itered
data is also shown. The Gaussian Iter is added to illustrate the downsides of using a
simpler averaging lter.

Figure 2.12: zx-slice in center of the point cloud in Figure 2.11.

The benet of the spatial edge-preserving lter is well apparent when compered to the
Gaussian-blur Iter in Figure 2.12. The edges are deliberately preserved whereas the
Gaussian curve is heavily rounded. Note that some smoothing, but no over-smoothing, of
the edges are seen in the spatial curve as well. This is due to the y-scan still smoothing
the sample as it is scanned parallel to the edge but does not pass it.
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2.2.5 Temporal averaging lter

A temporal averaging Iter utilizes knowledge from prior data acquisitions to improve
new data [43]. This is done by averaging the position of a particle in 3D-space based on
its prior positions which will reduce or lter random noise generated by the data capture
[44]. However, as the lter incorporates prior data, unconsidered disturbances such as
sensor motion can negatively impact the data [43]. To mitigate this e ect, we present a
method where the senor motion is measured. By including the knowledge of the sensor
motion and transforming prior data based on this motion, new data can more accurately
merge the prior data. The prior data is transformed from the frame it is captured in i.e.
the center of the camera frame, back to the position where it was captured. This can
be visualized as the camera moving in the world frame but the prior point cloud staying
stationary. This is illustrated in Figure 2.13 as the transition of a camera framg through

the time stepty ! tg+1.

Figure 2.13: Temporal lter illustrated by merging points from camera framesFy into
Fy+1 through time stepty ! ty+1. Fo denotes the static world frame.

It is important to note that the quality of the transformation of prior data is directly
dependent on the motion estimation. Therefore the precision of the transformation can
not be better than the underlying location estimation on which the motion estimation is
based. To further improve on the transform estimation Iterative Closest Point (ICP) can
be applied. ICP is the method of optimizing a registration between two 3D geometries as
described by Besl and McKay [45].

If a prior point cloud is the result of additional Itering and thus considered as inliers, and

if these points can match with new points, these may also be considered as inliers. The
matched point does then not need to be Itered. However, it is important to note that, as
prior points which have been evaluated as inliers may have been so within some de ned
range of margin, and as it may be necessary to add some margin to match new point to
the prior, additional margin is now added to the previous. Thus, it is necessary to keep
the criteria for assigning both Itered, as well as matched points as inliers, small enough
such that drift due to accumulated error is kept to an acceptable level. Speci cally, the
combined error margin for inlier evaluation and temporal matching shall be less or equal
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to the total acceptable error. An illustration of ill-de ned error margins causing an invalid
match can be seen in Figure 2.14. The potential drift can also be reduced by weighting
the position of a new point higher when merging with its prior. A higher weight on the
position of new points will however also give a higher emphasis on any newly introduced
noise, in comparison to the already Itered position of prior points.

Figure 2.14: lllustration of a temporal Iter with an ill-de ned error constrain allowing
the matching of an invalid point. The expected point is the point that equals the optimal
inlier by some prior Iter. The maximal inlier error is the proximity to the expected point
in which the prior point must be within to still be evaluated as an inlier by the prior
Iter. The maximal temporal matching error is the proximity in which a new point must
be to the prior point to be matched. The illustrated case shows a de ned error margin in
inlier- and matching-error causing a match of a point that is not within the maximal total
error. Note that only inlier and matching errors are checked by the lters and that the
invalid matched point exceeding total error would not be detected. Therefore inlier and
matching error combined shall be de ned as less or equal to the total acceptable error.

Another benet of the temporal ler is that attributes assumed to be constant in time,
such as an accurate estimation of a surface normal, can also be kept throughout iterations,
instead of being recalculated. This can greatly reduce the total computational burden of
each point cloud Itering. By also assuming that any optimization has been applied to the
prior point, such as normal realignment of points corresponding to a known surface, then
the resulting merged point is more optimal than if no temporal Itering had been applied.
Computationally heavy identi cation operations such as point cloud segmentation [46]
can also be signi cantly accelerated by storing identi ers, i.e. labels, of already identi ed
geometries throughout temporal iterations.
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2.2.6 Plane-tting lter

A plane- tting Iter is used to segment and t, points corresponding to planar surfaces
into perfect planes. This is done in an sequential process as described in Algorithm 2 and
which is based on the concepts by Bondemark [47], Salas-Moreno, Glocken, Kedlyal.
[48] and Trevor, Gedikli, Rusu,et al. [49], but were we present a version with the ability
to handle unordered point clouds. The goal of the lter is to improve the registration of
points that correspond to planar surfaces, such as panels, walls, and oors, by projecting
them onto perfect planes. An illustration of the projection can be seen in Figure 2.15.

Figure 2.15: Points of a noisy measurement projected onto a perfect plane. Projection
vectors are illustrated by the black lines.

Algorithm 2 illustrates the key sequential stages in a plane-tting Iter. The lter is
designed to work on unordered point clouds and with no temporal knowledge. However,
great improvement in throughput speed has been achieved by passing labeling information
through the earlier mentioned temporal Iter and is further explained in Section 2.2.6.4
Plane labeling.
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Algorithm 2:  Plane- tting algorithm
Input: Input point cloud P, number of nearest neighbourgy,, distance limit
coe cient , angle limit };;, and minimum points in plane
Output: Inliers projected to planesP , Inlier map L, Average projection errord

1l search_knn(P; Kknn) I/l Search kp, for each point in P
2 N estimate_normals (P; 1)
/I Estimate normals for each point in P
3 for u2 P do
4 L D Q S(u; up) /[ Build discontinuity map
un2l (u)
5 L label_plane (P; D; I; )
6 for | 2 L do
7 estimate_plane_model (P[I])
8 LP;d project_points_to_plane ( ; PJl])

2.2.6.1 Nearest neighbour search

To determine if a point is part of a plane, rst, ky, nearest neighbors for each point
in point cloud P is obtained by a search algorithm such as Fast Approximate Nearest
Neighbor Search Library (FLANN) [50]. The number of neighbors necessary is dependent
on subsequent a ected stages such as normal estimation and discontinuity mapping. For
normal estimation kn, depends on the desired quality. A larger number of neighbors will
give a more accurate normal estimation but with the cost of a decrease in computational
performance, as shown by Klasing, Altho , Wollherr,et al. [31]. For discontinuity evalua-
tion the number of neighbour evaluated is implementation speci ¢ and can be considered
a tuning variable and where a larger number results in a harder constraint.

2.2.6.2 Normal estimation

For each pointu 2 P the corresponding surface normal 2 N is estimated by a Principal
Component Analysis (PCA) on the coordinate covariance matrixC 2 R¥3 of the point
and its neighboursxy 2 | [u]. Cis de ned as:

1 kg +1
G = P, xi x) xi x)T; X 2 [Xus Xiq s 005 Xknn | (2.4)

nn =1
and the normal estimation is then obtained as the eigenvector corresponding to the small-
est eigenvalue ofC, [51]. However, as there is no mathematical way to determine the
correct sign ofn via PCA [51], an additional evaluation is required. By assuming that
all points are acquired from the same sensors and which itself is assumed to only acquire
points in its view, i.e. of non-occluded geometries, all points detected must be of surfaces
that normal is pointed in some parts toward the camera. That is, the component of the
normal corresponding to the depth-axis of the capturing sensor must be negative. As a
result, all estimated normals with a positive depth-component shall be inverted [51].
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2.2.6.3 Discontinuity map

A Discontinuity map D is a binary list with one entry corresponding to each point irP
and where a one indicates that the point is continuous. A point is continuous if it is part of
local plane and is evaluated toward itk,, nearest neighboursi, 2 | [u]. The evaluation,
as seen in Equation (2.5), consists of an angle criterion and a distance criterion that both
must be met for all neighbors to the point.

8
31 if jjP(a) N(@ P() N(j P@f " ,\l(a) N(bz COS(lim}
@ } ’
S(a;h = distance criterion angle criterion
- 0 otherwise

(2.5)

The distance criterion of Equation (2.5) assert that the perpendicular distance component
of the two points a and b is within a de ned threshold [49]. The angle criterion constrain
the maximal angle deviation of the points normal in reference to its neighbors, i.e. the
curvature of the surface [49]. The tuning parameter shall correspond to the depth
precision of the input data and j,, the maximum acceptable angle deviation between
the normal vectors.

2.2.6.4 Plane labeling

Plane labeling refers to the labeling of points corresponding to the same plane. For an
ordered point cloud, continuous points i.e. points corresponding to a local plane [48], can
be labeled by a Connected Component Labeling-algorithm (CCL) as described by Salas-
Moreno, Glocken, Kelly, et al. [48]. However, CCL is not applicable for an unordered
point cloud as no positional information can be obtained by its indexing. A proposed
method for labeling unordered points by instead cluster points with all continuous neigh-
bors is described in Algorithm 3. The algorithm is given an unordered point cloud,

a discontinuity map D and a neighbor listl . The algorithm then returns a label map

L. An optional variable may be passed which de nes the minimum number of points
required for a plane label to be stored, otherwise, it is discarded.
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Algorithm 3:  Plane labeling
Input: point cloud P, discontinuity map D, nearest neighbours list , min
cluster size
Output: Cluster map L

1 Useed (= ramlnlor’r(u 2 P | D[ul=1) [/ first point to grow label-set from
N

2 L= [Useed I/l append seed to first label
3 D[Useed :=0 /I indicate that the seed is labeled
4 Unew .= Useed

5 while D6 0 do

/I get neighbours of new points
6 Uneigh := | [Unew]
/I get unique neighbours which are to be sorted
7 Unew := Unique (U 2 UneighjD[u] = 1)
8 if Upew =" then
/I no new points, make new cluster
9 Useed := randonfu 2 P | DJu] =1)
/I append seed as new cluster
10 & [ Useed
11 D[ugeed :=0
12 | Unew = Useed
13 else
14 D[Unew] :=0
/I append new points to last cluster
15 | Ii\(last) K\(Iast) * Unew

/I only return cluster greater or equal to min cluster size
16 L 8 121j12N"n

A signi cant speedup in plane labeling can be achieved by incorporating labels from prior
matching. This by including the plane label of each matched point in the prior point
set, used by a temporal lter, see Section 2.2.5. By assuming that a new point has been
successfully matched to a prior point by a temporal Iter and where the prior had a valid
plane label, then the new point shall also attain the same plane label. The speedup can
thus be achieved by rst evaluating each pre-existing plane label from the prior points,
as these are known to be part of a valid plane. Speci cally by, as seen in Algorithm 3 on
line 1 and 9, instead of seeding with a random point 2 P | D[u] = 1, seed with all valid
points from a prior plane label. That is, all points from a prior plane label that satis es

U 2 Pprior | D[u] = 1; 8Pprior 2 Lprior - By this implementation, a new plane label is
rst initiated as all valid prior points to the same plane. Then, similar to the original
algorithm, any valid points not labeled are evaluated. Note that, new points that are
not corresponding to a prior plane label can still be matched to the same plane by the
algorithm. This is correct as parts of a plane that previously may have been obstructed
can now have come into view and shall thus be appended to the same plane.
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2.2.6.5 Point to plane projection

For each labell 2 L a plane model in general form [52] is estimated:

ax+ by+ cz+d=0 (2.6)

The model is estimated by a Random sample consensus (RANSAC)-algorithm. The
algorithm iteratively tries to nd the plane model which minimizes the total projection
error for each pointu 2 I. It does this by randomly selecting three points from the label
set and then produces a plane satisfying Equation (2.6). The plane estimation is then
evaluated on all points and with the goal of obtaining as many inliers as possible. A
point is determined to be an inlier if its distance to the plane is within a de ned margin.
Only the model with an increasing number of inliers is kept till the next iteration. The
algorithm iterates either until a de ned number of iterations are reached, or if the mean
distance error for all points to the optimal plane estimation falls below a desired threshold.
Finally, all valid points are projected to planes based on their corresponding plane model:

n=[a; b; 4" (2.7)
3 d
PP Er @ 29
D=n x+p (2.9)
err = Dn (2.10)
X=X err (2.112)

whereD is the point to plane distance [52]. Additionally, the mean projection errod for
each plane is obtained.

Finally, both the projected points P and mean projection errors are returned by the

algorithm. The projection error can then be utilized by subsequent Iters to determine if
the projected plane is viable.
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2.3 Localization

Localization is one of the more important features of complex AGVs and the ability to
accurately sense and estimate the location of a platform, lies at the heart of almost all
AGYV applications according to Durrant-Whyte, Rye, and Nebot [53]. In order to perform
localization in an environment must a map of the environment exist. For localization in
situations where the system has no prior data of the environment or where the environ-
ment does not stay the same, the system must then simultaneously create a map of its
environment and keep track of its position in that map, this is known as SLAM [54], [55].
To extend the reach of the map the position of the sensors must travel, if the sensor is
mounted to a platform and this moves so will also its location in the map.

One thing in common for 2D-LiDAR, 3D-LIDAR, and 3D-Cameras used on AGVs is that
these sensors can be used to simultaneously create a map of the environment since the
position of the sensors relative to the platform is known, the platform's position in the
environment can be estimated [56]. Many di erent algorithms are classed as SLAM-
algorithms. Some use arti cial landmarks [57], such as re ectors and AprilTags [58] to
achieve higher performance. Some algorithms rely only on natural landmarks such as
corners, pillars, and walls. The latter may be referred to as Natural Localization [59] and
no modi cations of the environment are required.

As both LiDARs and cameras use measurements based on the re ection of the surrounding
surfaces are they all sensitive to e ects that may distort these re ections. In situations
that may cause incorrect readings, such as shiny but transparent windows, additional
sensors may be used to aid in the localization. This can be an Inertial Measurement Unit
(IMU) which can sense transitional and rotational accelerations [60]. Wheel odometry
can also be used to calculate the relative motion of the AGV based on the rotation of the
wheels.

26



3

Implementation

This chapter will present the hardware and software implementations of the developed
localization system.

3.1 Test platform

An industrial AGV is used as a test platform to emulate a real-world application of the
system. The AGV allows for a rigid mounting of sensors and also predictable travel
patterns due to its di erential steering. This allows for consistent testing in di erent
environments as the physical construction of the system shall not change and therefore
any change is related to the environment, not the systems and test platform itself. The
AGYV is supplied by FlexQube and is of their eQart line of AGVs. The supplied AGV
contains its own LiDAR navigation system, this is not used in order to not disrupt its
safety system. However, the AGV can supply wheel odometry data without interference.
The AGV can be seen in Figure 3.1.

Figure 3.1: eQart supplied by FlexQube.

As shown by Silva Neto, Lima Silva, Figueredogt al. [61] from their testing of ten

di erent RGBD-cameras are Orbbec Astra Pro, Asus Xtion PRO live, and Realsense
D435 identi ed as good choices for use on mobile platforms such as robots. The D435
RGBD-camera was also used by Manhed [12] and from his testing it was argued that
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a longer range may have been needed. The Realsense D400 series have the ability to
arrange the cameras in an outward-facing con guration and synchronize the shutters
between each camera, in practice this creates a sensor arrangement that has a much
wider FoV than the single camera[62]. No other cameras on the market were found to
have this function. These factors combined made the Realsense D455 a great choice since
it is a newer generation to the D435 sensor but which have an increased range. One of
the mounted sensor can be seen in Figure 3.2.

Figure 3.2: Realsense D455 mounted on the AGV.

The hardware synchronization of the shutters in the D400 series can be done by either
utilizing one camera as master or supplying an external signal via an extra cable [62]. For
this thesis one of the cameras were used as a master, supplying the shutter signal to the
other two cameras.

The utilization of three cameras allows for extended exibility in the form of camera
placement. A natural way for a three camera setup would be to place one camera in the
driving direction, similar to Manhed [12], and then place the other cameras to extend the
total FoV as were theorized to be one of the main issues. This setup will then ensure
object avoidance in the driving direction as these are assumed to be detected by the
forward camera. The other cameras can then be placed either in a stacked or panoramic
con guration. In addition, as each camera have an oblong FoV, they can either be placed
in a portrait or landscape con guration.

(a) Maximum distance  (b) No gapsin eld of view (c) Hybrid solution

Figure 3.3: Camera FoV alternatives solutions.
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The chosen con guration uses all cameras in landscape orientation, one facing forward
and the other two translated and rotated 6% outwards in the right and left direction
respectively, this results in an FoV of 21% An illustration of the camera placements
can be seen in Figure 3.3c. Notice that the FoVs are not overlapping for any camera in
Figure 3.3a and 3.3b. This is done to ensure maximum distance and maximum coverage
respectively. The chosen solution is a hybrid of the two rst in order to ensure as wide
FoV as possible but still have a continuous eld of view.

A Hokuyo UAM-05LP 2D-LIiDAR is mounted on top of the system module. This LiDAR
was chosen as it is the same model as the one used naively by the AGV and thus is shown
to satisfy the criteria for navigating an AGV in an industrial environment. The sensor
scans a horizontal plane 431mm over the ground. The sensor has a utilized FoV 0f°216
where the center of the view is directed in the forward driving direction of the AGV i.e
the e ective FoV. The sensor measure distance by the time of ight principle and have a
speci ed angular resolution of 0.125[63].

Figure 3.4: LiDAR provided by FlexQube.

The complete implementation of the systems can be seen in Figure 3.5. The implemen-
tation consists of a test platform in the form of an AGV, a system module, and external
sensors and mounts. The system module contains one 2D-LiDAR, three 3D-cameras, and
an integrated computer. The computer is an Nvidia Jetson AGX and with an internal
extended storage of 2Tb used to record sensor data in real-time.
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