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In the field of mobile robotics, legged robots are distinguished by their capability to traverse
challenging terrain and ascend stairs. The Boston Dynamics’ Spot robot exemplifies this category.
Its navigation is based on its "auto-walk" feature, which allows it to replicate manually pre-recorded
routes. However, for truly autonomous operation not restricted to predefined routes, 3D map-
based localization is essential. Therefore, this research proposes a pipeline to perform 3D map-
based localization with the Spot robot.

Initially, to identify the most effective means of localization, the performance of multiple scan
matching techniques and libraries were compared in terms of accuracy and registration time.
The evaluation concluded that the ICP method implemented through the Libpointmatcher library,
registered the most precise point cloud registration results. In contrast, the NDT method executed
with FastGICP appeared as the most time-efficient.

Processing further, a localization pipeline was built with the map of the environment obtained
with a high-speed 3D LiDAR, TrimbleX7. The study proved the efficiency of a ray tracing tech-
nique, developed using the NanoVDB library, in extracting a local point cloud from the map. When
combined with scan matching techniques, this approach significantly improves the localization ac-
curacy. In its optimal configuration, utilizing the NDT scan matching method from the FastGICP
library, the method achieved a localization precision of 0.148 meters.

Keywords: 3D map-based localization, legged robots, mobile robots, point cloud registration, scan
matching, ray tracing, NanoVDB, LiDAR sensor, Spot robot
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1. INTRODUCTION

The eld of mobile robotics has expanded signi cantly over the past decades. Mobile

robots have become the preferred choice for various applications requiring autonomous
navigation across diverse environments such as internal logistics, inspection and mainte-
nance. They not only enhance operational ef ciency and reduce costs through automa-
tion but also enhance safety by accessing areas that might be hazardous to humans.

In this vast domain of mobile robotics, a particular type of robot has attracted signi cant
attention due to its unique capabilities. Legged robots stand out for their ability to navigate
rough, uneven terrain and effortlessly climb stairs. Their distinct design enable them
to tackle challenges that wheeled robots might nd unbeatable. One example of these
legged robots is Spot, designed by Boston Dynamics.

The Spot robot's navigation is based on its "auto-walk" functionality, which enables it to
replicate manually pre-recorded routes that originate from a starting point marked with
a ducial. However, its lack of map-based navigation constrains its operations to these
pre-recorded paths. Furthermore, its positioning accuracy may be compromised due to
potential changes in the environment or the ducial's position.

3D map-based localization is a key component to enable fully autonomous operation
that is not limited to prede ned routes. This leads to the central research question of
this thesis: How can an accurate and ef cient map-based 3D localization method be
developed for Spot mobile robots?

The localization of a mobile robot is based on its ability to estimate its position given its
motion model. However, this estimate can be imprecise due to external factors affecting
the robot's motion dynamics, emphasizing the need for a self-localization process. The
use of LIDAR sensors with the purpose of performing 3D robot localization has become a
common practice, being scan matching the key process.

When discussing scan matching or point cloud registration techniques in the context of
map-based localization, an important topic is the extraction of a local point cloud. Per-
forming the registration with the entire map of the environment would consume excessive
and unnecessary computational resources. Hence, the need to extract only a segment of
the map for an ef cient point cloud matching. For that purpose, a ray tracing module has
been developed at VTT, using the NanoVDB library.



Given this background, it becomes clear that there are several questions to address in
order to give an answer to the main research question:

Which methods are most commonly used for scan matching?

Which registration method is the best to use in terms of accuracy and ef ciency?

» How does the ray tracing module improve the ef ciency of point cloud extraction
compared to existing methods?

What are the overall performance, merits and limitations of the proposed method?

Therefore, this thesis focuses on answering the main research question through the aux-
iliary questions listed above and its structure is as follows. Chapter 2 begins with a lit-
erature review, exploring the topics of 3D localization for mobile robots, the various scan
matching methods available, and the functionality of the ray tracing module. Chapter 3
details the methodology, starting with the materials used. This includes the software,
hardware and datasets. This chapter describes the stages of the study and provides a
detailed description of the tests designed to answer the research questions. In Chapter
4, the outcomes of these tests are presented and further discussed. Lastly, Chapter 5
concludes the study by highlighting the main ndings, offering answers to the research
guestions, and suggesting avenues for improving the method developed.



2. BACKGROUND

2.1 Mobile robots

Mobile robotics is a eld on expansion in the recent years due to the possible applications
in surveillance, planetary exploration, emergency rescue operations, industrial automa-
tion and so on. Mobile robots are those who can move autonomously in an environment
without external assistance. Additionally, they can be classi ed depending on their loco-
motion, perception, cognition and navigation [1].

According to their locomotion, there are three main categories of mobile robots: land-
based, air-based and water-based. Of course, given the possible applications, the land-
based robots have been the more explored ones and therefore there are many types
in this category such as wheeled, legged, tracked slip and hybrids. Wheeled mobile
robots are very popular due to their straightforward design, simpler programming, and
lower costs. However, they encounter several drawbacks when navigating over obstacles,
uneven surfaces, or low-friction areas. In contrast, legged robots offer bene ts in terms of
versatility and ef ciency. They can traverse uneven surfaces more easily, provide better
stability, and exert less impact on the ground. Furthermore, they handle obstacles more
effectively and are capable of ascending and descending stairs [1].

Perception refers to the type of sensors that the robot uses to perform its tasks. Some
of the most common sensors used in robotics are: encoders, infrared sensors, ultrasonic
sensors, sonar, active beacons, inertial measurement units, laser range nders, vision-
based sensors and depth sensors. Regarding cognition, robots can also be classi ed
according to the control system that they implement to process the information received
by their sensors and make respective decisions.

Finally, concerning navigation, the goal of a mobile robot is to transition from one location
to another, utilizing sensor data to effectively reach its intended destination. For a mo-
bile robot to effectively navigate, it must possess suf cient information about its current
location. Hence, localization techniques play a crucial role in the navigation process [1].



2.2 3D Localization of mobile robots

The most crucial problem to solve in mobile robotics is the localization problem. In or-
der to perform any useful action with a mobile robot, it is essential that it can navigate a
given space ef ciently and know its real-time position. There are many factors that de-
ne how to approach this problem including the environment, type of robot, whether the
environment is known or not, the sensors or measurements available, etc. Nonetheless,
the principle of the localization problem does not change. While traversing a known envi-
ronment, a mobile robot utilizes its position estimation to monitor its motion. This position
estimation, known as odometry, can be calculated from its motion model, from motion
sensors or from cameras attached to the robot. The simplest forms of odometry calcu-
lations are those based on the motion model of the robot, in the case of wheeled robots
the rotations of its wheels, or in the case of legged robots the movement of the robot's
legs. Other methods have also been proposed such as Visual Odometry that estimates
the egomotion of a robot using the input of the cameras attached to it [2]. However, due
to odometry uncertainty, the robot's current position can become ambiguous. Hence, the
robot requires a process of self-localization with respect to the map of its environment [3].

Knowing the many ways to classify the localization problem, in this work the focus is
on these general categories: 2D (2-dimensional) and 3D (3-dimensional). Whether the
problem is approached with 2D or 3D localization will depend on the terrain the robot
is navigating, the tasks that the robot will perform and the capabilities of movement and
sensing of the robot itself. For example, if the robot is equipped with range sensors, its
sensing capabilities are limited to a 2D horizontal plane. This implies that the scan will
not capture objects that fall outside the measurement plane, such as the opening of a
descending staircase [4]. However, this limitation might not impose a problem for certain
scenarios. For instance, if we take a wheeled cleaning robot operating on the oor of an
apartment or a single oor house with no stairs, having a 2D map of the environment will
usually be enough for localizing the robot in the space and for it to perform its cleaning
task successfully.

On the other hand, if the robot has the capability to sense a 3D environment and also
to move in three different axes, it makes sense to try and exploit the possibilities of 3D
localization. Nowadays, the use of 3D Light Detection and Ranging sensors (LIDARS) in
mobile robots is very common. These sensors emit pulsed light waves that bounce off
surrounding objects and return to the sensor, then they use the returning time to calcu-
late the distance from the sensor to the object [5]. After repeating the process millions
of times per second, a 3D map of the environment, known as a point cloud (Figure 2.1),
is created. This technology has extended the detection capacity of mobile robots and
allowed the development of 3D localization methods.



Figure 2.1. Example point cloud collected with the OS0-128 LiDAR outside of a building
and next to a forest.

Takahashi et al. [6] made a performance comparison of robot localization using 2D and
3D point clouds. It was noted that 2D point cloud data achieves better matching in the
case of objects and the processing time was six times less than for 3D point cloud data.
Nonetheless, in areas lacking distinctive landmarks or with minimal details, a 3D point
cloud data can facilitate simpler self-localization by capturing extra points from the en-
vironment. Following further tests and evaluations, the study determined that 3D point
cloud data offers better self-localization precision compared to its 2D counterpart. In
other studies, researchers have aimed to adapt 2D localization methods for the use of 3D
point cloud data to achieve higher precision, especially in unstructured environments [7]

[8].

Therefore, it is not a surprise that 3D localization for mobile robots has been extensively
studied from multiple perspectives in the last decade. From a general point of view of
the hardware and methods used for solving this problem, one can refer to Sesyuk et al.
[9] who carried out a survey providing a critical review of the current state of the art of
3D indoor localization. They discussed techniques such as sensor fusion and geometric
approaches, as well as technologies including cellular networks, Wi-Fi and sound-based
technologies. Another review on this topic was carried out by Panigrahi and Bisoy [3],
in which they discussed the principles of position updating and key techniques for robot
localization, encompassing probabilistic strategies, autonomous map creation, and the
use of radio frequency identi cation.

Further, there are studies focusing on very speci ¢ scenarios determined by the envi-
ronment of the robot, the type of robot or the algorithms studied. One common case of
study is localization in unstructured environments. In [10] Yekkehfallah et al. propose an
approach to solving the limitations that fast motion and low-texture environments present



to localization based on visual landmarks with an extended Kalman lIter (EKF), achiev-
ing fast and accurate localization that does not require any global re ective landmark.
To accomplish 3D localization for wheeled robots in an unstructured environment, Rosa-
Cervantes and Lee used the Monte Carlo algorithm in conjunction with an occupancy
map and 2D features which allowed real-time localization [11]. Real-time localization is
another problem that has been studied in the eld, in which the data storage space and
the computing time required to obtain the position are the key. In [12] a LIiDAR local-
ization system was introduced that utilizes a pre-constructed Extended QuadTree (EQT)
map combined with the Bursa linearized model for the algorithm'’s iterative process. This
approach resulted in excellent storage optimization and effective querying for real-time
localization using scan-to-map matching.

Between the different technologies and approaches to perform the localization of mobile
robots, a common factor is the important role played by scan matching. By comparing
the current robot scan with the reference map, scan matching is used to determine the
best alignment between the two, thereby estimating the robot's position and orientation
(i.e. the robot's pose). These pose updates are typically integrated with other sensor
data, such as odometry or inertial measurement unit (IMU) measurements to improve the
overall accuracy and robustness of the localization. Hence, being scan matching such
an important topic on its own, the technique is discussed in more detail in the following
section.

2.3  Scan matching

Scan matching is a technique used to nd the transformation needed to translate and
rotate an input scan around its center to match a reference scan [12]. With scans be-
ing represented as point clouds, we could thus nd this transformation by implementing
point cloud registration algorithms. This technology plays a critical role in the domains
of computer vision and robotics [13][14]. In the case of robotics, this method presents a
solution for locating an agent within a 3D environment. Point cloud registration can pro-
vide a high-precision localization service by matching a current real-time 3D scan to its
belonging environment [14].

Over the last two decades, many algorithms have been developed to obtain accurate
and ef cient solutions to the registration problem [15]. All of these solutions can be
classi ed according to the amount of input data, the accuracy performance, the theory
implemented, etc. Within each solution we can specify different transformation functions,
data lters, association solvers and error minimization approaches. Therefore, it would be
fair to conclude that the number of possibilities regarding the matching of scans is quite
extensive. There is no absolutely perfect method that ts all scenarios, which makes it
dif cult for anyone working in this eld to select the best approach for their application.



Fortunately, a lot of research has been done around this topic in recent years so it is pos-
sible to nd literature that describes and compares these approaches in detail suggesting
metrics for the said comparisons. In his comprehensive survey on point cloud registra-
tion, Huang et al.[14] categorize these methods into three groups: optimization-based,
feature-learning-based and end-to-end-learning. The rst group refers to the approaches
that use optimization strategies based on mathematical theories, and the following groups
involve machine learning techniques to either facilitate the computation of the optimization
strategy or as the framework to estimate the nal solution respectively. Li et al. [13] wrote
a review article that discusses the principle, classi cation, comparison and challenges of
different point cloud registration methods. A similar classi cation was made according to
the theoretical solution behind each approach leading to four categories: Iterative Closest
Point (ICP), feature-based, learning-based and probabilistic methods. Additionally, a spe-
ci c comparison of one of these categories was made by Pormerleau [15]. In his book,
he compares different con gurations of the ICP method applied in four use cases: search
and rescue, power plant inspection, shoreline monitoring and autonomous driving.

For the purpose of this thesis, the scan matching techniques have been classi ed into
four categories, based on the description given by Li et al. in [13]: iterative, feature-
based, learning-based and probabilistic. The rst category mainly covers the Iterative
Closest Point  (ICP) method. Introduced as one of the earliest approaches to match two
scans, ICP has experienced numerous modi cations to optimize its performance. Mean-
while, feature-based methods focus on extracting geometrical descriptors to establish
correspondences the transformation estimation. About the learning-based methods,
they incorporate machine learning techniques to offer more robust matching by gener-
ating invariant features. Finally, the probabilistic category groups all those methods that
model the input point cloud as a density function to later optimize a statistical discrepancy
between probabilistic correspondences.

Each of the categories described above has its advantages and disadvantages. The ob-
jective of the research determines which are the most important advantages and which
disadvantages can be accepted in order to achieve the desired results. The main ad-
vantage of the ICP methods is that the mathematical theory behind it guarantees con-
vergence [14]. Nevertheless, the method is very sensitive to variations such as noise,
outliers and overlap, so the initial guess has a great in uence in the nal result. The

feature-based methods deliver optimal outcomes when the data possesses distinct ge-
ometric characteristics. However, their performance is not as reliable when the scan
contains at surfaces or outliers. The advantages of including machine learning tech-
niques rely on the learning of descriptors that can provide more detailed features than
geometric characteristics, and the obvious disadvantage is that we need to add a training
stage. Lastly, for the probabilistic methods the initial location requirements are as de-
manding as those for the iterative methods. However, they offer the advantage of higher



computational speed and precision even when processing large datasets [16].

As the purpose of this work is to develop a 3D localization method for the SPOT robot, the
selection of the scan matching technique needs to be such that it can be applied in ver-
satile industrial environments such as mines, tunnels, factories and both for outdoor and
indoor use. Therefore, the feature-based and learning-based methods have been dis-
carded as they require either a well structured environment or extensive training. Those
limitations would imply that the algorithm might not provide ideal results when tested
outdoors or that an additional period of time would be required to develop the machine
learning, which limits industrial applications where it should be easy and fast to take the
robot into use. This decision leaves two categories to explore: iterative and probabilistic
approaches. Detailed descriptions of each follow in the subsequent sections.

2.3.1 lterative methods

Out of all the point cloud registration techniques, the ICP algorithm has been distinguished
for its simplicity and ef ciency [13]. In principle, the algorithm constructs a rigid transfor-
mation matrix by identifying the point-to-point matches between two point clouds and
iterates until it nds an accurate alignment of the data-sets [17]. However, the original al-
gorithm provides these accurate and ef cient results only in ideal scenarios. Otherwise, it
can involve a slow convergence time due to the high computational complexity or it could
converge to a local optimum depending on the initial guess. For this reason, hundreds of
variations of this method have been proposed during the last two decades to nd solu-
tions for different cases [15]. Every variation focuses on optimizing an speci ¢ part of the
classic algorithm which consists of the following steps [18]:

Locate the closest point in the target cloud for each point in the source point cloud.
Establish point to point correspondence.
Generate a rigid transformation matrix based on the previous correspondence.

Transform the source point cloud into a new point cloud using the generated matrix.

a M W bdh ok

Check if the Root-Mean-Square (RMS) error falls below a threshold; if it exceeds
this, repeat from the rst step until convergence is achieved.

The modi cations can be classi ed according to the step of the algorithm that they focus
on improving. For example, some crucial ways of making improvements are: reducing the
amount of points of the compared point clouds, enhancing the nearest neighbor search
speed, improving the accuracy of point matching, or decreasing the iteration count [17].
Part of these modi cations are listed below [17]:

Down sampling methods: a reduction in the number of points can be achieved
by sampling methods such as uniform, random, or feature-based sampling.



Nearest neighbour search:  a higher speed in this process can be attained by
reorganizing the way the data is structured. Some popular methods are KD-tree
and octree.

Number of iterations:  the iterations can be reduced by increasing the accuracy
of the correspondence criteria, which could be either the classical point-to-point, or
the newer point-to-line and point-to-plane approches.

Calculation of the transformation matrix: the precision optimization of the al-
gorithm depends on the solution method used to obtain the transformation matrix.
Aside from the original least squares method, the following methods have been
proposed: total least squares, weighted least squares, and robust weight total least
squares.

Of the previous modi cations, it is worth exploring the methods used for reducing the num-
ber of iterations in more detail. For example, the point-to-plane approach has been highly
discussed and implemented in recent research. The point-to-plane error minimization
method searches the intersection on the surface of the target point cloud from the normal
vector of the input point cloud. This method demonstrates stronger robustness to outliers
and noise and has a faster convergence compared to the classic point-to-point approach
[13]. In [19] a generalization of the ICP (GICP) algorithm was proposed, which considers
the local planar characteristics of both scans using a probabilistic approach. The itera-
tive computation of the transformation is modi ed using Maximum Likelihood Estimation
(MLE). This approach is considered as a combination of point-to-point and point-to-plane
modi cations. It maintains the simplicity and speed of ICP, while improving performance
and minimizing the impact of the choice of the maximum distance parameter.

The impact of these modi cations is closely related to the type of data represented by
the point cloud. For example, feature-based sampling might not make a big difference to
the ef ciency of the algorithm in the case of environments with low geometric information
such as highways, but it does reduce the number of iterations for urban environments
with many buildings and clearly structured features [20]. Therefore, every application
requires a different combination of methods and the parameters selected will probably
need to be adjusted every time the environment changes. The ideal goal would be to
have a robust algorithm that provides an ef cient solution without the need for major
modi cations independently of the environment.

Consequently, when developing a scan matching solution it is essential to have a tool that
provides the option to modify most of the algorithm steps and that is easy to customize.
As mentioned in [13], open-source projects and libraries to facilitate the implementation
of the ICP methods and the process of 3D data such as Open3D [21], Point Cloud Library
(PCL) [22], and Libpointmatcher [23] have been developed. These libraries will be studied
and described in more detail in the third chapter.
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2.3.2 Probabilistic methods

The probabilistic methods use a density function, such as a Gaussian mixture model or a
normal distribution, to represent the input point cloud. Then, they calculate the statistical
discrepancy between the probabilistic correspondences to nd the optimal transformation
[13]. The bene ts of these methods is that there is ho need to identify a matching point,
because instead of treating each point as an individual it takes a holistic approach by
describing the point cloud through the density function [24]. Therefore, this approach can
be more ef cient than searching individual point-to-point correspondences.

Within these methods, the Normal Distribution Transform (NDT) is commonly applied in
mobile robotics because a robot can use a range nder to measure data and obtain the
positional relation between two points [16]. The NDT method maps a point cloud to
a smooth surface and after which a collection of local probability density functions can
represent it [24]. Hence, this approach is not only useful for scan matching but also as a
simple representation of point clouds.

The NDT was proposed as a hew approach to laser scan matching by Biber and Strasser
[25], originally for 2D applications. Later on, it was extended to 3D by other authors [26].
The basic steps remain the same with the difference of how the grid is described. For
the 2D cases we talk about a grid of cells and for 3D the cells are substituted by voxels.
The key element of this algorithm lies in how it represents the reference scan, which is
achieved by dividing the scan into cells or voxels. Then a normal distribution that models
the probability of measuring a point is assigned to each cell. With this transformation, a
probability density function that is continuous and differentiable in pieces, is obtained [25].
This representation has continuous rst and second order derivatives, so it is possible
to apply common numerical optimization algorithms, such as Newton's algorithm, for its
optimization [26].

The full scan matching algorithm using NTD can be described with the following steps

[25]:

1. Systematically segment the reference point cloud into uniform-sized cells. For all
the cells containing at least three points:

(a) Collect all the points within the cell.
(b) Compute the average of these points.
(c) Determine the covariance matrix for them.
2. Initialize the estimate for the optimization parameters.

3. For every sample in the input scan, adjust the reconstructed point to align with the
reference scan's coordinate frame based on the given parameters.

4. Determine the corresponding normal distributions for each mapped point.
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5. Compute the score for the parameters by evaluating the distribution for each mapped
point and then aggregating the results.

6. Update the parameter estimate aiming to optimize the score, employing the chosen
optimization technique.

7. Return to step 3 until the de ned convergence criterion is achieved.

When using the NDT algorithm for scan registration, the goal is to identify the pose of
the present scan that maximizes the likelihood that its points align with the surface of the
reference scan. A vector can be used to encode the parameters that need to be optimized
which, in this case, include rotation and translation [26].

For the successful implementation of NDT, the crucial parameter is the size of the cell. If
a feature is much smaller than the cell size then it will be blurred by the function describ-
ing the local surface shape. On the other hand, if the cells are too small, the registration
will only succeed when the scans to be matched are close together from the beginning.
Consequently, the best cell size and con guration are determined by the shape and den-
sity of the input data [26]. Based on this variable and the distribution of the grid, several
modi cations have been proposed to improve this algorithm: xed discretisation, octree
discretisation, adaptative clustering, linked cells, variable size voxel, trilinear interpolation,
and others [24][26].

As was the case with the iterative methods, this algorithm also has multiple variables
and parameters that can be modi ed depending on the input data. Compared to the
ICP methods, there are fewer libraries that offer the possibility of implementing NDT. The
Point Cloud Library (PCL) [22] is probably the most popular library that offers tools for the
implementation of this method.

2.4 Ray tracing module

In robot localization, with an existing map of the environment, the scan matching is done
between the map and the local scan. If the robot is using LIDAR sensors, then the local
scan is the real-time point cloud obtained by the robot in the present location. Executing
the scan matching of a map with a large number of data points in every iteration of the
localization process easily overwhelms the computational capabilities of the system. That
is when having just a portion of the map as the target cloud for the registration becomes
crucial to increase the computational ef ciency.

A classic and simple approach for obtaining this "submap" is to obtain nearby points
within certain radius of the robot's current position. Nevertheless, the nearest neighbor
search needed for this process is computationally expensive. Another approach consists
of extracting the most important features of the map either via manual tuning or learning
networks. This is known as a feature-based method. Nonetheless, with this method there
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is a risk of discarding points that could have help to improve the accuracy of the matching
[27]. Different methods have been developed to overcome these challenges, such as the
one presented in [27] by Chen et al..

Another technique that could be used for the selection of the data points to keep in the
submap is ray tracing. Ray tracing is an approach used to create realistic images by
tracing the paths of individual light rays from the viewer to their respective sources. The
fundamental idea behind any ray tracing algorithm is to effectively determine the intersec-
tions between a ray and a scene consisting of various geometric primitives [28]. There-
fore, in the scenario of a point cloud, the points selected by this algorithm would be those
being intersected by the beams of light coming from the robot's scanner at its current
position.

Figure 2.2. Ray tracing module's user interface for change detection. The upper g-
ures show the present and past pictures of the environment from the point of view of the
marker, and the detected change between both scenes.

A ray tracing module was developed at VTT Technical Research Centre of Finland as
part of a solution strategy for detecting objects and changes in industrial settings (Figure
2.2) [29]. Given the challenge involved in processing high-resolution LIDAR-generated
point clouds, this solution was devised using the open-source library, OpenVDB [30]. The
OpenVDB library employs a hierarchical data structure to ef ciently store and manage
sparse 3D grid volumetric data. VTT's proposed solution requires the transformation of
the reference point cloud into a NanoVDB [31] level set grid. NanoVDB is an addition to
the OpenVDB library designed to leverage GPU processing for handling volumetric data.
In contrast, the original design of OpenVDB focused solely on CPU-based processing.
While data values within a NanoVDB grid can be adjusted, its tree structure is immutable.
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Nonetheless, even with this constraint, NanoVDB enables signi cantly faster collision de-
tection and ray tracing compared to OpenVDB's traditional CPU-centric approach.

With this module, a NanoVDB level set grid is formed from a pre-existing 3D point cloud,
acting as the environment's reference map. Given that the autonomous robot uses the
same 3D point cloud for its localization, the position of the LIDAR scan can be employed
to generate a matching virtual LiDAR scan within the NanoVDB level set grid. The com-
putationally intensive task of generating virtual scans from the existing environment map
is executed using NanoVDB on a GPU, taking advantage of its processing capabilities.

The virtual scan generation of VTT's module is used in this work for extracting the lo-
cal map, to be used as target cloud in the scan matching process, from the previously
scanned map of the environment (Figure 2.3).

Figure 2.3. Extracted point cloud (in green) from the pre-existing map using the ray
tracing module with the origin of the rays marked in red.
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3. METHODOLOGY

3.1 Materials

To test the Spot robot's localization, it is vital to use the sensors available for the robot
and have a ground truth for result comparisons. Consequently, the hardware require-
ments depend on the chosen robot platform. Based on the literature review, several
libraries were chosen to determine the best one for the scan matching process in terms
of accuracy and ef ciency, addressing one of this thesis's secondary questions. After
selecting these libraries, datasets were chosen in line with the future applications of the
proposed localization method. These datasets aim to provide the necessary insights for
optimal localization, beginning with the scan matching and subsequently integrating the
Spot robot's hardware and the point cloud extraction technique. The speci cs of the hard-
ware, sofware and datasets utilized in this study are detailed in the subsequent sections.

3.1.1 System speci cations

All development and testing phases for this work were conducted on a system run-
ning Ubuntu 20.04 LTS. The machine was powered by a 12th Generation Intel Core
i19-12950HX processor and complemented by a sizable 128GB of RAM. Graphics tasks
were handled by an Nvidia RTX A2000 with 8GB of VRAM, utilizing CUDA version 11.7.

3.1.2 Spot robot

This work was based on the capabilities of Spot, the four-legged robot designed by Boston
Dynamics. Designed for automated sensing and inspection, Spot has the ability to tra-
verse rough terrains and climb stairs. These particular attributes are the primary reasons
VTT acquired it. The goal is to utilize its capabilities for inspection and maintenance
operations in industrial environments such as factories, mines and construction sites.

By default, Spot is equipped with ve pairs of monochrome stereo cameras placed around
its body, which facilitate localization, path planning, and obstacle avoidance. Additionally,
Boston Dynamics offers different modules, known as payloads, that can be attached to
Spot to customize it depending on the application. These can range from a gripper arm
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