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LiDAR based Graph-SLAM for Autonomous operation in Solar Parks
Nima Salmanpour
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Autonomous vegetation control in solar parks is becoming an increasingly impor-
tant and relevant field as the number of parks increase with the accelerating need
to transition to renewable sources. These parks are characterized by long feature-
less structures, tall, dense vegetation and poor Global Navigation Satellite System
(GNSS) reception. Extensive research has been made into autonomous control in
vehicle and industry settings while the challenges involved in adapting these to solar
parks remain mostly unknown. The purpose of this work is to utilize a Simultane-
ous Localization and Mapping (SLAM) algorithm to accurately localize a Husqvarna
mower equipped with a LiDAR sensor in the solar park while also creating a map of
said park. The implementation should be unaffected by tall vegetation, have minimal
drift, create maps of high quality and should not depend on GNSS to achieve this.
The SLAM of choice is the cartographer implementation which is a graph-SLAM
variant. Furthermore a custom pre-filter, which mainly utilizes RANSAC to detect
certain features in the LiDAR data, is designed to improve the localization and
mapping results. The proposed solution manages to localize in both high and low
vegetation but the accuracy is somewhat subpar with noticeable translational and
rotational drift present. The pre-filter manages to improve the quality of the maps
by successfully removing the majority of the vegetation, thus reducing the clutter
in the generated maps, while the drift remains mostly unimproved. Currently the
most efficient way to counter and correct this drift is with the use of GNSS, however
this is not a perfect solution due to the aforementioned problems with reception
and ideally an alternate solution should be developed. With improvements done in
these areas this implementation shows great promise in achieving robust and reliable
autonomous control in solar parks and environments of similar characteristics.

Keywords: SLAM, Cartographer, LiDAR, Renewable, Solar Park, Autonomous,
Robot, RANSAC
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1
Introduction

As the need for fossil free electricity production has increased solar energy has
emerged as one of foremost alternatives with prices coming down and production
increasing every year. According to [1] a yearly growth of 25% is needed until 2030
in order to reach net zero emissions by 2050. Husqvarna AB seeks to electrify and
automate the lawn mowing process of these parks in order to replace fossil powered
and manually operated machinery which are currently in use [2]. The proposed so-
lution is to utilize an autonomous and fully electric mower which navigates between
the panels and cuts the vegetation.

The mower uses an array of sensors, including a LiDAR (Light Detection and Rang-
ing) range sensor, for localization and navigation through heavy vegetation without
hitting or damaging the solar panels. The LiDAR is currently mainly used for lo-
calization by detecting di�erent known parts of the solar panels such as the poles
or panel edges. This is needed in order for the mower to follow a programmed path
since Global Navigation Satellite System (GNSS) reception is periodically poor and
must be complemented with other data. In order for the aforementioned path to be
correctly determined so that the mower cuts all the vegetation without hitting any
obstacles and for it to be able to localize correctly during GNSS outages, Husqvarna
requires a decent ground truth map during the initialization of the site. These are
rarely available and thus other alternatives must be considered.

One alternative way is to utilize high resolution areal photos or even blueprints
from the construction of each solar park to determine the position of panels and
obstacles at each site. This however is not an ideal process as it is limited by the
quality and resolution of the images and the accuracy of the construction compared
to the blueprints. Furthermore the process requires a signi�cant amount of e�ort
and manual work, especially for larger solar parks. An alternative way to achieve
both a high quality map and localize the mower within the map is to utilize the
LiDAR sensor already installed on the mower and a Simultaneous Localization and
Mapping (SLAM) algorithm to localize and map in the solar park. The implemen-
tation is made more di�cult by the very high level of vegetation present in solar
parks. This vegetation can vary in density, height and even sway with the wind and
thus it must also be dealt with.
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1. Introduction

1.1 Purpose

The Purpose of this project is implement a SLAM algorithm using data from the
LiDAR sensor to localize a robot and map a solar park. Furthermore a RANSAC
(RANdom SAmple Consensus) based algorithm should be implemented as a pre-
�lter with the purpose of removing any vegetation from the LiDAR data in order to
further improve the accuracy and performance of the mapping and localization.

1.1.1 Objectives

To ful�ll the purpose as de�ned above, the following research questions will be
investigated:

ˆ How well does a current SLAM solution manage to map and localize in this
terrain using the LiDAR sensor on the Husqvarna mower? Are there any issues
or best practices to consider when recording the data?

ˆ Does the vegetation a�ect the map generation or the aforementioned accuracy
of the map? Is it possible to compensate for any loss of accuracy caused by
this? Is it possible to improve the results of by implementing a pre�lter which
�lters out the vegetation. What drawbacks does this have?

ˆ Do long GNSS blackouts a�ect the accuracy of the map and if so at what point
does it become problematic with regards to accuracy? Is the algorithm robust
enough to maintain accuracy even at prolonged blackouts?

2



2
Theory

In order to fully understand the methods and proposed solutions, some theory is
necessary and will be presented and explained in the following section. The section
will start with a general explanation of SLAM, the sensors used and di�erent al-
gorithms available. Then a section with a more detailed explanation of the inner
workings of a speci�c SLAM and �nally a section about the theory for the pre�lters.

2.1 SLAM

Simultaneous Localization and Mapping (SLAM) is a family of algorithms used in
robotics and autonomous systems with the purpose of building a map of an unknown
environment while simultaneously keeping track of the robot's location within it, in
particular in places where GNSS or external positioning systems are not available.
While there are many algorithms they mostly �t the same conceptual description.
According to [3] these steps are the following

ˆ Generation of the Initial Environmental Map: The SLAM process begins with
the initial data acquisition phase. During this stage, the robot's sensors ac-
tively collect data to construct a rudimentary map of the environment. This
foundational map is not yet complete but o�ers a starting point for the robot
by providing essential information about the immediate surroundings. Various
sensors, such as LiDAR for precise distance measurement or cameras for visual
cues, contribute to creating this initial spatial understanding.

ˆ Establishment of the Robot's Starting Position and Landmark Computation:
Once the initial environmental sketch is obtained, the robot must establish
its position within this nascent map. Determining the starting position is
crucial as it serves as a reference point for all subsequent navigation and map-
ping. At this juncture, the algorithm also computes and extracts identi�able
landmarks from the initial data. These landmarks are features of the envi-
ronment�distinctive and recognizable elements like edges, corners, or speci�c
objects�that the robot uses to triangulate its position. The recognition and
computation of these landmarks are derived from the data collected and the
initial map, setting the stage for the robot to start its journey.

ˆ Concurrent Mapping and Localization During Movement: As the robot moves
through the environment, it doesn't merely passively traverse space but en-
gages in an ongoing process of remapping and self-localization. The SLAM
algorithm operates in a recursive manner, continually incorporating new sen-
sory data to re�ne the map. This re�nement is an iterative enhancement,

3



2. Theory

where each new piece of information contributes to a more detailed and com-
prehensive map. The updated map includes new environmental features and
obstacles, thereby enriching the robot's "knowledge" and understanding of the
space it inhabits.

ˆ Map Creation and Update: As the robot moves, it continues to gather data and
identify new features. It uses this information to update its map of the envi-
ronment, adding new features and re�ning the positions of previously identi�ed
ones. This process is iterative and continues throughout the robot's operation,
allowing the map to become more detailed and accurate over time.

ˆ Association of Landmarks and Re�nement of the Robot's Position: A critical
aspect of SLAM is the ability to not only discover new landmarks but to also
understand them in the context of those previously identi�ed. The robot as-
sociates new landmarks with existing ones, a method that helps in correcting
any positional drift that might have occurred. By drawing these associations
and reconciling the new data with the old, the robot can update and cor-
rect its estimated location within the map, thereby enhancing its navigational
accuracy.

ˆ Navigation and Dynamic Planning: The robot navigates through the environ-
ment, dynamically adjusting its path planning in response to the continuous
in�ux of updated information from its sensors.

A �ow chart of this process can be seen in �gure 2.1.

Figure 2.1: A �owchart from [4] which describes a general SLAM process.

Next, a more mathematical formulation of the SLAM problem will be given. This
will be based on the description in [3]. Consider a mobile robot moving through an
environment taking relative observations of a number of unknown landmarks using
a sensor located on the robot as shown in Figure 2.2. At timek we de�ne

ˆ xk : The state vector of the robot.
ˆ uk : The odometry of the robot at time k.
ˆ mi : A vector of the coordinates of thei th landmark
ˆ zk : Measurements between the robot and landmarks.

4



2. Theory

ˆ X k : The path of the robot.
ˆ Uk : Sequence of robot odometry.

After gathering and de�ning all of the necessary information, the subsequent stages
involve constructing a map view of the environment and predicting the location.
The SLAM technique employs a probabilistic approach that utilizes a probability
distribution to estimate the positions of the robot and landmarks based on the map
created. This probability distribution, denoted as P, is de�ned as

P(xk ; mjZk ; Uk)

This section is interpreted as calculating the probability of the robot's position at
time k and the map, based on the historical measurements and odometry data.
Furthermore, this calculation necessitates an additional component, known as the
motion model. The motion model establishes the correlation between the robot's
position, denoted asxk , and the odometry data,uk , and is de�ned accordingly.

P(xk jxk� 1; uk)

Next we introduce the observation model. It is de�ned as the relationship between
sensory measurementszk , map environmentm and robot positionxk which is de�ned
as

P(zk jxk ; m)

In a typical environment, a robot is capable of discerning the distance to a land-
mark, the direction relative to itself, and the unique identity of that landmark. This
capability forms the foundation for developing a measurement model. Essentially,
this model leverages the robot's ability to identify and locate landmarks to under-
stand its surroundings better. By incorporating a probability distribution into the
measurement model, it becomes possible to account for uncertainties and variations
in the robot's perceptions and measurements. This probabilistic approach allows
for a more accurate representation of the environment by acknowledging the inher-
ent inaccuracies in sensor data. Therefore, the measurement model, enriched with
probabilistic reasoning, serves as a mathematical framework to predict the robot's
location relative to identi�ed landmarks with a de�ned degree of con�dence. It is
de�ned as

P(zk jxk ; m) � N (h(xk ; m); Qk)

whereh=(xk ; m) is a function that represents the expected measurement value given
the robot's position xk and the mapm. N is the normal distribution and Qk is the
noise covariance.
The motion model employs a Gaussian (normal) distribution centered on the co-
variance of the kinematic motion model. The formulation of the motion model is
encapsulated by the equation:

P(xk jxk� 1; uk) = N (g(xk� 1; uk); Rk)

whereg(xk� 1; uk) represents the standard kinematic function, calculating the robot's
new positionxk based on its previous positionxk� 1 and the motion information uk
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2. Theory

obtained from odometry. Here,Rk denotes the three-dimensional covariance matrix
associated with motion noise. This function e�ectively merges the prior position
with changes dictated by odometry, projecting the updated position.
As the robot progresses, it re�nes its position estimate and landmark measurements
based on the preceding timestepk � 1, harnessing improved accuracy through data
assimilated from landmarks and its prior location at timestepk. This iterative
procedure of position updating continues throughout the robot's exploration of the
environment, enhancing the precision of robot measurements systematically.

Figure 2.2: The essential SLAM problem. [5]

Figure 2.3: A timeline of the di�erent SLAM algorithms by [6]. While Cartogra-
pher is classi�ed as a 2D SLAM, which it was at the time of launch, it has since
been updated with 3D capabilities.

6



2. Theory

2.2 ROS

According to [7] the Robot Operating System (ROS) is an open-source platform
designed for developing robot software. It o�ers libraries and tools to facilitate the
assembly and coordination of complex robotic systems. ROS is especially known for
its modular design which makes it compatible on many di�erent hardware setups
and useful for a wide variety of tasks. This modularity further streamlines the
debugging process for individual components. In ROS, software is organized into
packages, which encompass software units like nodes or libraries. A typical robotic
system operates through a network of nodes, with each node managing a speci�c
subtask of the overall system.

2.3 LiDAR

According to [8] light detection and ranging (LiDAR) is an optical sensor technol-
ogy that measures distance to a target by illuminating the target with laser light
and measuring the re�ection with a sensor. Di�erences in laser return times is then
used to make digital 3D representations of the surrounding. LiDAR sensors are
widely used in various applications, including autonomous vehicles, where they pro-
vide high-resolution maps of the vehicle's surroundings for navigation and obstacle
avoidance. In these systems, LiDAR sensors can detect the shape, distance, and
orientation of objects around them.

According to [9] LiDAR technologies are categorized into two primary types: me-
chanical (or spinning) LiDAR and solid-state LiDAR. Mechanical LiDAR operates
with either a prism or a spinning mirror to scan across a horizontal �eld of view
(FoV) of up to 360 degrees and a vertical FoV of up to 120 degrees. In contrast,
solid-state LiDAR leverages electronic mechanisms for laser beam steering and data
acquisition. Solid-state LiDAR itself encompasses three variants: �ash-based Li-
DAR, microelectromechanical systems (MEMS)-based LiDAR, and optical phased
array LiDAR. The horizontal FoV for solid-state LiDAR devices varies but it often it
is under 120 degrees and certainly less then the 360 degrees of the spinning LiDAR.

2.4 Point Cloud

Point clouds are a pivotal data structure in three-dimensional (3D) spatial analysis,
where a point cloudP is de�ned as a set of pointsP = f p1; p2; : : : ; png, with each
point pi represented as a tuple(x i ; yi ; zi ; I i ) [10]. In this representation,(x i ; yi ; zi )
denote the spatial coordinates of a point within a Cartesian coordinate system, and
I i signi�es the intensity of the returned signal, which re�ects the re�ectivity of the
surface from which the laser light is bounced back. This intensity metric can yield
insights into the material characteristics of the scanned object's surface.

Mathematically, the analysis of the points in a point cloud can be done through
various algorithms aimed at surface reconstruction, shape identi�cation, and fea-

7



2. Theory

ture detection and segmentation. Algorithms like the Random Sample Consensus
(RANSAC) are commonly applied to derive meaningful geometric structures from
the dispersed point data. Additionally, point clouds are subjected to a series of
pre-processing steps including noise reduction, gap �lling, and data enhancement to
improve the �delity of the resultant 3D models. In applications ranging from areal
mapping and urban planning to autonomous vehicle navigation, point clouds serve
as a direct digital representation of the physical world, capturing its geometry and
surface properties with high precision.

2.5 Cartographer

Cartographer is a system that employs SLAM (Simultaneous Localization and Map-
ping) technology tailored for various sensor setups. It is a graph-based SLAM which
was released in 2016, as can be seen in Figure 2.3. It is divided into two distinct
subsystems. The �rst is local SLAM, where each new scan is aligned with a segment
of the environment known as submap N. This submap is made up of only a few
scans and gradually develops a bias error. To correct this drift, the second sub-
system, global SLAM, is used. Global SLAM works with multiple stored submaps
and searches for recurring patterns among them to link them e�ectively. Cartogra-
pher identi�es structural features like wall shapes and attempts to align the current
submap with the con�gurations of a previous one. By recognizing familiar land-
marks, such as a corner of a wall, Cartographer can triangulate its position using
past data and connect various submaps.

8



2. Theory

Figure 2.4: A high level overview of the Cartographer algorithm from [11].

Below a general explanation of the algorithm based on [[12], [13]] will be given. A
high level overview of the algorithm can be viewed in �gure 2.4. Here the input
odometry pose and IMU are the relative robot odometryu and the range dataz
is the distance data from the LiDAR or depth cameras. The IMU measures the
linear accelerationa and angular velocity ! which the pose extrapolator in Figure
2.4 integrates to obtain an estimation of the pose. The IMU acceleration dataa is
then transformed from local to global coordinates according to

â = T _a

T =

"
cos(� ) � sin(� )
sin(� ) cos(� )

#

where� is the rotation in the z-axis between the global and local coordinate frame.
Thus it can be estimated using the IMU by integrating! z

� t =
Z t

t � 1
! zdt + � t � 1

where � t � 1 is the previous rotation estimated in the scan matching block in fFgure
2.4. Similarly the position p is given by

pt =
Z t

t � 1
ât

_dt + pt � 1

Thus the pose extrapolator block outputs the pose in the global frame.
The scan matching block in Figure 2.4 takes in LiDAR range dataz and a pose

9



2. Theory

estimate from the previously described block and outputs a pose observation. This
is done by comparing di�erent LiDAR scans and �nding similar geometry in them.
If the scans do not align, the rotational and translational discrepancy between them
can be calculated, which yields an estimation of how the robot moved between those
two scans. The pose estimates from both the scan matcher and the pose extrapolator
function block are compared. If the scan matcher con�rms that it has recognized
the same geometrical features in di�erent scans we can be con�dent in the pose
estimation.

2.6 RANSAC

This section on the Random Sample Consensus (RANSAC) is based on [14]. The
RANSAC algorithm is a general parameter estimation approach designed to identify
and model the underlying structure of data points that are contaminated with a
signi�cant amount of noise and outliers. RANSAC has it's roots within the computer
vision community, which is unusual as most robust estimation techniques come from
the statistics sciences. At its core, RANSAC operates by iteratively selecting a
random subset of the original data points and using these points to �t a model.
It then assesses this model by calculating how many of the remaining points �t
well with it, where a point is considered a "�t" if its residual is below a prede�ned
threshold. These well-�tting points are labeled as inliers, while those that do not �t
the model are deemed outliers. This process is repeated for a speci�ed number of
iterations, and the model with the highest number of inliers is selected as the best
representation of the underlying data structure. The following is a more structured
description:

Algorithm 1 RANSAC Algorithm

1: Randomly select minimal points to �t a model.
2: Estimate model parameters.
3: Count inliers within tolerance � .
4: if inliers ratio > � then
5: Re�t model using all inliers and stop.
6: else
7: Repeat up toN iterations.
8: end if

The number of iterations N , is determined to be su�ciently large to achieve a
probability p that at least one sample set randomly chosen does not contain any
outliers. The probability of selecting an inlier is denotedu while v = 1 � u is the
likelihood of picking an outlier. The formula to determine the required number of
iterations N for the algorithm to achieve the desired con�dence levelp, iterating
over a minimal set of points denoted bym, is given by:

1 � p = (1 � um )N :
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Through algebraic manipulation, this can be reformulated to expressN as:

N =
log(1 � p)

log(1 � (1 � v)m )
:

This formulation calculates the necessary iterations to ensure the model's reliability
by e�ectively excluding outliers and focusing on inliers within the dataset.
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3
Implementation

This chapter will explain the hardware and software implementation of this thesis
in more detail. All hardware was provided by Husqvarna and is based on a highly
modi�ed version of the Raymo electric mower. Furthermore some very critical details
regarding the testing and evaluation will be explained.

3.1 Hardware

Figure 3.1: The basis of the robot used in the project from [15]. Note that this
image does not include the many sensors and components that have been added to
enable autonoumous operation.

The hardware used was a modi�ed Raymo electric mower as seen in Figure 3.1,
with a computer and various sensors added to enable autonomous operation. The
robot is equipped with a wide range of sensors, but for this project the main sensors
used were LiDAR and IMU. The LiDAR was a Oyster OS-1-64 which according to
[16] have a vertical resolution of 64 channels and a horizontal resolution of 1024.
Furthermore the accuracy is at most� 3 cm at 90 m distance according to the man-
ufacturer. The LiDAR is sampled at a frequency of10 Hzand each scan is gathered
as onePointCloud2 message in ROS.

In addition to this the robot was equipped with the ublox ZED-F9P RTK-GNSS
chipset which according to [17] supports all the current GNSS constallations (GPS,
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GLONASS, BEIDOU, GALILEO) and is capable of a sub1 cm accuracy when cor-
rected with RTK. In reality, internal testing showed that this is closer to3 cm with
the real number varying depending on the distance to the RTK ground station, but
it is still low enough in our case so that it can be omitted.

3.2 Software

3.2.1 SLAM

While there are many SLAM algorithms and implementations to chose from, for this
thesis it was decided that Cartographer was the most suitable. This was done for
several reasons. Primarily the graph based approach which according to [18] is suited
for mapping large sites, the native ROS support, the native GNSS support and the
somewhat decent documentation. Furthermore according to [[19],[20],[21]] it has
performed well in other challenging scenarios. It is capable of running completely
o�ine and o�er �exibility in terms of con�guration with wide support for various
sensors. Cartographer's ability to perform o�ine is particularly advantageous for in
scenarios where testing is done at di�cult to reach locations such as in this thesis.

3.2.2 Pre-�lter

In order to better deal with the unique setting and more speci�cally the dense
vegetation which often varies greatly in one and the same park, di�erent pre-�lters
were implemented and tested. They are of various complexity but principally all
work by removing vegetation from the LiDAR data. Functionally they were also
coded in a similar way, a python script would load the rosbag which contains the
recorded data, iterate over each LiDAR scan, implement the �lter algorithm and
�nally save the edited data to a new rosbag. The most important factor that needed
to be considered was that the timestamps of the data was left absolutely identical
in the original and edited data. The pseudocode which achieves this process can be
seen in algorithm 2.

3.2.2.1 Minimum Height Filtering

The most trivial algorithm was simply a height restriction on the point clouds,
meaning all points under a heighth = 0:5m would be immediately omitted. This
would inevitably remove some of the panel poles and any static structure even if it
is not vegetation, due to the indiscriminate nature of the condition. It is understood
that this is not an ideal implementation and it is only meant as a rudimentary, fast
and easy to implement, alternative to use as comparison for the more complex and
computationally intensive �lters.

3.2.2.2 RANSAC Ground Segmentation

The second �lter that was introduced aimed at implementing ground detection by
conceptualizing the ground surface as a planar structure. The foundation of this
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Algorithm 2 General structure of an algorithm for processing data from the rosbags
and saving them with an unchanged timestamp

Open inputPath for reading andoutputPath for writing
for eachtopic, msg, t in input bag messagesdo

if topic matches speci�c conditionthen
if message requires modi�cationthen

modif iedMsg  modify message based on condition
Write modif iedMsg to output bag with topic and t

else
Write msg to output bag with topic and t

end if
else

Write msg to output bag with topic and t
end if

end for
Close input and output bags

approach was based on the RANSAC algorithm which attempts to �t a plane char-
acterized by the equationax + by+ cz + d = 0 to a random subset of three points
in the point cloud. The plane was then evaluated for all points and the number
of inliers was calculated, i.e. the number of points which are within a set distance
from the estimated plane. For each iteration a new subset of points was considered
until �nally the iteration with the highest number of inliers was selected as the best
model, and the plane from this model was considered to represent the ground. The
RANSAC implementation was based on the open3D functionsegment_planewhich
according to [22] utilizes the RANSAC algorithm and o�ers good Python integra-
tion. In order to prevent it from detecting the solar panels, since besides the ground
they are the largest planar surfaces present in the data, a �lter was set in place to
ensure that only points below0:7 m would be included.

3.2.2.3 RANSAC Panel and Pole Segmentation

Finally our last �ler used RANSAC similar to the previous one, but this time was
speci�cally con�gured to detect and segment the panel and poles, e�ectively remov-
ing all other points from the point cloud. This adaptation of the RANSAC algorithm
focused on the unique shapes and sizes of the panel and poles, distinguishing them
from other elements in the data. The process involves picking a RANSAC model
which does not mislabel vegetation as poles and implementing sectioning the data
to ensure that the most prominent shape was the panel or poles. This ensured
that only relevant data is retained for further analysis. While the algorithm itself
isn't overly complex, its e�ectiveness lies in the precise targeting of speci�c features
within the point cloud and RANSACs robustness to outliers of which we predicted
there would be many in the more challenging dataset. Below, an outline of the steps
in the �lter is presented.

ˆ The panel detection is similar to the ground detection in that it used the same
segmant_plane function as before. To prevent it from detecting the ground
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plane all points below a height ofh = 1 m were removed from the data before
the RANSAC loop.

ˆ When the panel has been detected, the coordinates of the points corresponding
to the panels perimeter is considered and the area beneath them is segmented
in 1x1 m blocks. We are not concerned about the height since there are no
points above the panel.

ˆ A custom RANSAC algorithm is run in each of these created blocks. The
RANSAC attempts to �nd a line, de�ned by two points, which contains the
most amount of inliers in each block. We assume the poles are the most
prominent vertical lines and thus we add a constraint to our RANSAC line
model which dictates that every randomly created line must be within a few
degrees of vertical. If the randomly selected points do not ful�ll this new
points are chosen.

ˆ Any resulting inliers will be considered a panel pole.
ˆ The points detected by our RANSACs as panels or poles are saved while all

other points are removed.
This �lter was implemented in Python and while computationally heavy was, sim-
ilarly to the previous �lters, implemented in a way to run completely o�ine which
negated the need for optimization. It should also be noted that this �lter is not able
to detect the diagonal bars that sometimes are present in the substructure of solar
panels.

Algorithm 3 RANSAC Panel and Pole detecting �lter

elevatedPoints f ilter _ points_ above_ height(pointCloud; 1)
panel  segment_ plane(elevatedPoints)
blocks segment_ area_ beneath_ panel(panel;1)
for eachblock in blocksdo

while TRUE do
line  select_ two_ random_ points(block)
if is_ almost_ vertical (line) then

inliers  f ind _ inliers (block; line)
if inliers:count > threshold then

poles:append(inliers )
end if

end if
end while

end for
resultPoints  union(poles)
pointCloud  f ilter _ pointCloud(pointCloud; resultPoints )

3.3 Evaluation

In order to properly test the implementation it is crucial to have an evaluation
methodology which takes into consideration the limitations of this project. The
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most important factor which will need to be de�ned is how the localization and map
can and should be evaluated. One way would be to consider a ground truth point
cloud or map of the environment which is tested. This would make it possible to
take the generated point cloud of the world which is created by the SLAM, based on
the LiDAR data of course, and utilize an algorithm such as ICP to match the points
and then determine the Root Mean Square Error (RMSE). This however makes two
rather large assumptions. Firstly that there exists a ground truth map or point
cloud of the test site and secondly that this ground truth is of a signi�cantly higher
accuracy that the generated map will have. Since in our case none of these are
ful�lled we can not use this method.

A di�erent alternative would be to use the GNSS data which is recorded during
testing and compare this to the estimated path of the SLAM. This assumes or
GNSS is of su�cient accuracy so it can be used as an estimation of the ground
truth path. Since in our case, the GNSS chip is capable of a low accuracy this was
deemed to be an acceptable estimation of the SLAM trajectory. While this method
will not speci�cally validate the mapping of the SLAM, in principle, it should not
matter since they are closely linked, as cartographer uses the estimated trajectory
to correctly place the LiDAR scans and create the map. The estimated trajectory
from Cartographer was exported and under the assumption that the starting pose
was known, it was compared to the GNSS trajectory. Both the total global error
and translational error per second was computed.
Finally in the case that there is no or poor GNSS reception and thus the GNSS data
can not be trusted, areal photos can be used to visually compare the generated map
SLAM to those photos. This assumes that there exists areal photos of the solar park
and that those are of high enough quality and accuracy to use as a reference. Unlike
the previous method where the trajectory was compared to a GNSS reference, this
method will also evaluate the mapping of the SLAM, but as previously mentioned,
these are linked together and should not di�er. Furthermore due to the way the
photos are taken, only the edges of the panels and other features visible from above
will be visible. This di�ers signi�cantly from the map generated from the LiDAR
point of view as it will manage to capture details such as the substructure and poles
of the solar panels which is valuable information for example when planning a route.
Therefore this method is mainly suitable as a quick and simple way to visually check
the solution and make sure that it does not signi�cantly di�er from the areal photos,
but in the context of this report

3.4 Work Area and Testing Methodology

The solar park setting presents some unique challenges that needed to be addressed,
primarily the lack of robust and consistent GNSS connectivity. The internal testing,
done by Husqvarna, has shown that the reception which is given to us as a status
between 0 and 5 where 4 and above is good connection, is spotty to non existent
when traversing underneath the solar panels due to them blocking the antennas
view to the sky and thus the GNSS signals. However while the reception is poor
underneath the panels, the reception is better in the corridors between two panel
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rows and at the ends of the panels where the sky more visible. This will of course
vary depending on the construction of each solar park and the exact behaviour will
be determined by factors such as the distance between the panels, the width and
height of the panels or the positioning of the satellites at a given time however an
approximate visualization of the reception can be seen in Figure 3.3. Testing has
shown that a GNSS status above 4 for at least 2 seconds can be considered good,
thus it was deemed that periodically entering the areas in Figure 3.3 was not enough
to obtain the aforementioned GNSS trajectory reference. Instead the robot stayed
in those areas for the entire duration of the test run and the GNSS reception in the
datasets were veri�ed with a simple script which ensured the condition was ful�lled.

While most solar parks can be described as being built up by long, straight and
monotone rows of panels, which traditionally is a especially challenging environ-
ment for SLAM, they do vary in certain aspects. The construction of the panels can
vary signi�cantly. Both in terms of the construction of the substructure, but also
whether they are stationary or rotate to follow the position of the sun. Thus any
solution must be either robust enough to handle these di�erences, or custom made
for each park. In this case, due to limitations on the data, the thesis focused on
creating a solution which was robust to changes in thesamepark.

Figure 3.2: A satellite image from [23] showing the tested parts from the Ibstock
solar park. The yellow line corresponds to the row which contained low vegetation
while the red line corresponds to high vegetation. Note the short distance between
these rows, which further implies the organic nature of solar plants.

At the time of testing Husqvarna was running tests at multiple sites across the world
however in this project the data is recorded at a solar park in Ibstock, England. The
park, which generates a peak power of nearly5 MW, was commissioned in 2020 and
according to [24] the panels are placed in rows going from west-east at a distance of
4-5 m and with a length of over 100m, which can be viewed in the satellite image in
Figure 3.2. The data was recorded as the robot was manually driven at a velocity of
slightly under 1 m=s between two rows of panels until the end was reached. Ideally
in order to properly evaluate the e�ect of vegetation the same row should have
been cut, followed by the recording of a second run with no vegetation present.
Unfortunately due to time constraints, two di�erent rows were chosen. The �rst
featured very tall vegetation with certain parts reaching over one meter in height,
which is substantially taller than the mower. The second row instead features very
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low vegetation and certainly not taller than the mower. While ideally the same
exact row for both test cases would have been used, it should be noted that the
construction of the solar panels, length of the row, machine used for testing and
time were all identical or similar in both cases. This should help mitigate any
external factors, even if it is not ideal. The result of the data collection in the low
vegetation case can be seen in Figure 3.4 which shows one of the LiDAR point clouds
as the robot is driving between two panels. The point cloud when driving through
high vegetation can be seen in Figure 3.5.

Figure 3.3: Satellite image from [23] where the areas within the red box have no
GNSS reception.

It should also be noted that while there were more datasets from other solar parks
available, these all lacked either good GNSS reception which would make the evalua-
tion problematic, or variations in the vegetation. Thus rather then use them during
the testing they mainly aided in verifying the SLAM and troubleshoot discrepancies
during the tuning.
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Figure 3.4: The point cloud that was recorded by the LiDAR between two panel
rows where vegetation was low. We note the relative �atness of the ground and the
that the panels on the far side is detected better due to it being nearly perpendicular
to the light sent out by the LiDAR.

Figure 3.5: The point cloud that was recorded by the LiDAR between two panel
rows where vegetation was high. We note the dense point cloud around the robot
which is the vegetation, and the lack of points behind it. This is due to the vegetation
blocking the view of the LiDAR.
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In this section the results will be presented both with and without the pre-�lter.
The generated maps from the low vegetation and high vegetation datasets will be
compared and the accuracy of each respective solution will be presented. Further-
more the point clouds will be inspected and compared to evaluate the performance
of the �lters. Finally although it was not a focus for this thesis, some observation
regarding the computational loads and performance will be presented.

4.1 SLAM without pre-�lter

To get a baseline result, we �rst look at the maps generated by the raw input data.
This data can be seen in Figure 3.4 3.5 and this will serve as a comparison to visually
evaluate the di�erent pre-�lters. Thus they are omitted from this section as they will
be identical since no �ltering was done. From Figure 4.1, which shows the intensity
map when the point cloud that is generated by the SLAM is projected onto the
z-plane. This allows us to see a 'top-down' view of the panels while simultaneously
observe any structure underneath them which would otherwise be hidden by the
panels. We clearly see that there is an observable rotational drift in the map which
was created with the low vegetation dataset. This drift is also present in the high
vegetation case but to a much smaller degree. Furthermore the e�ects of vegetation
in the input data is clearly visible and shows up as the darker areas close to the
trajectory of the robot. The vegetation seems to clear up signi�cantly under the
panels, this could be for several reasons. Partly the fact that there is less sunlight
reaching those areas which may a�ect the growth of the vegetation. A more likely
scenario is that due to the LiDAR light not being able to penetrate surfaces, the
vegetation closest to the sensor is blocking the view of the LiDAR causing it not to
spot any from further behind.
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(a) In the low vegetation case we can clearly see the poles and panel outlines. While
vegetation was low, it is still visible as a relatively constant gray noise. The darker
line running parallel to the trajectory for the �rst quarter of the run is caused by
an operator following the robot and then stopping.

(b) In the high vegetation case, while the panels and poles are still visible, we also
note a substantial amount of vegetation which in this case is represented by the dark
clutter around the blue trajectory.

Figure 4.1: The generated intensity map when the point cloud is projected onto
the z-plane without any pre-�ltering for both low (a) and high (b) vegetation. The
blue line is the trajectory as estimated by the SLAM where the green dot is the
starting point and the red dot is the �nish. We note that they both su�er from
some level of rotational drift, although it is slightly less when vegetation is high.

When investigating the drift, or deviation from the reference GNSS trajectory, the
estimated trajectory in both the low vegetation dataset, which can be seen in Figure
4.2, and the high vegetation dataset, which can be seen in Figure 4.3, it is evident
that they are both increasing. This means that the SLAM is drifting away from
the true trajectory throughout the run. Furthermore we can also see that, while
very close, the dataset with high vegetation performs slightly better in this regard.
This is unexpected as the LiDAR has a much better view of the static structures in
the low vegetation datasets and not blocked by the stochastic and non-stationary
vegetation. Thus we expect it to be more accurate but our numbers would indicate
otherwise. From the previous Figure 4.1 we concluded that the rotational drift was
larger in the dataset with low vegetation and this can also be seen in Figure 4.3
and 4.2 as the translational error per second in the y direction (perpendicular to
the panel which is where the e�ect of rotational drift will be the greatest) is also
1 cm less. Finally it was noted that the computational load was greater with the
high vegetation dataset, although both managed to run at real-time speeds on a
commercial computer.
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(a) We can see that we have a mean total error of1:048 m
and a total error at the end of the run at just over2 m.
This means that after traversing approximately130 mthe
�nal position will deviate just over 2 m from the reference.

(b) We note a relatively constant error of similar size in the
x and y direction and a total RMSE of0:034 mper second.

Figure 4.2: The total global error (a) of the estimated trajectory when compared
to the GNSS reference and the relative translational error per second (b) in the low
vegetation dataset.
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(a) We can see that we have a mean total error of0:944 m
and a total error at the end of the run at just under2 m.
This means that the �nal deviation will be just under 2 m
after traversing approximately130 m.

(b) We note a relatively constant error of similar size in the
x and y direction and a total RMSE of0:028 mper second.

Figure 4.3: The total global error (a) of the estimated trajectory when compared
to the GNSS reference and the relative translational error per second (b) in the high
vegetation dataset.

4.2 SLAM with pre-�lter

Now we will consider the results when adding a pre-�lter to the input data. The �l-
ters will be evaluated based on how well they manage to remove vegetation from the
datasets and this will be done mainly visually. Furthermore they will be evaluated
based on how the accuracy of the trajectory is a�ected by the pre-�lter. First we
will consider the most trivial �lter which was simply a minimum height restriction
on the input data. Then we will look at the RANSAC ground �lter and �nally the
RANSAC pole and panel �lter. As previously mentioned the �ltering step as well
as the SLAM was run o�ine and thus the computational load will not a�ect our
results in any way.
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4.2.1 Minimum Height Filter

When we simply look at the point cloud after the �ltering step which can be seen
in Figure 4.4 and compare it to the un�ltered case in Figure?? we can clearly see
that while it manages to remove the ground in the low vegetation data set, due
to the nondiscriminatory nature, it also remove a considerable part of the longer
poles and nearly the entire shorter pole. Furthermore it fails at removing all the
vegetation from the dataset with high vegetation due to some of it being taller than
the threshold of 50 cm. In the generated maps in Figure 4.5 this is clearly visible
with the low vegetation case having substantially less noise, even if it is also reduced
for the high vegetation case.

(a) In the low vegetation dataset while
the ground and vegetation is successfully
removed, so is a portion of panel sub-
structure, especially the shorter poles.

(b) In the high vegetation dataset we
note that while the vegetation is re-
moved, a substantial amount is left in
place due to their height being over the
threshold.

Figure 4.4: The point clouds that are inputed into the SLAM algorithm after
�ltering with a minimum height �lter for low (a) and high (b) vegetation datasets.

When investigating the accuracy for this method we get some di�ering results. On
the one hand, from Figure 4.6 which shows the drift and error from the low vegetation
case, we can see that the error is reduced compared to the non-�ltered case. While
the di�erence is not particularly large, 0:886 m of mean global error compared to
1:048 mit is measurable and matches the reduced rotational drift we see in 4.5. On
the other hand, comparing the results for the high vegetation case in plot 4.7 and
comparing it to the non �ltered approach we note that the mean error has instead
increased from0:944 m to 1:027 m. It was also noted that the computational load
of this �lter was quite low and that the performance of the SLAM improved when
the input data was �ltered.
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(a) In the low vegetation case we can clearly see the poles and panel outlines.
Furthermore the �lter manages to remove the ground from the un�ltered case. Fur-
thermore a marginally reduced rotational drift is noted.

(b) In the high vegetation case, while the panels and poles are still visible, we still
note that not all vegetation is successfully removed.

Figure 4.5: The generated intensity map when the point cloud is projected onto
the z-plane with the minimum height �lter for both low (a) and high (b) vegetation.
The blue line is the trajectory as estimated by the SLAM where the green dot is the
starting point and the red dot is the �nish.

(a) We can see that we have a mean total error of1:027 m
and a total error at the end of the run at over2 m. This is
worse compared to the non �ltered case.

(b) We note a relatively constant error of similar size in the
x and y direction and a total RMSE of0:031 mper second
which slightly worse compared to the no �lter approach.

Figure 4.7: The total global error (a) of the estimated trajectory when compared
to the GNSS reference and the relative translational error per second (b) in the high
vegetation dataset with a minimum height �lter applied.
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(a) We can see that we have a mean total error of
0:886 mand a total error at the end of the run at
just under 2 m. This is a slight improvement over
the non �ltered case.

(b) We note a relatively constant error of similar
size in the x and y direction and a total RMSE of
0:025 mper second which is an improvement over
the no �lter case.

Figure 4.6: The total global error (a) of the estimated trajectory when compared
to the GNSS reference and the relative translational error per second (b) in the low
vegetation dataset with a minimum height �lter applied.

4.2.2 RANSAC Ground Filter

If we now consider the point clouds after the RANSAC ground �ltering step, which
can be seen in Figure 4.8, and compare it to the un�ltered case in Figure?? we
can clearly see that it manages to remove a substantial amount of the ground in
the low vegetation data set while leaving most of the poles and substructure alone.
Only very few outliers are present and overall the result when evaluated visually can
be described as ideal. The high vegetation dataset proves harder for this �lter as
similarly to the previous �lter, it struggles to deal with a ground plane that varies
signi�cantly in height due to for example vegetation and thus the results are nearly
identical to the minimum height �lter. Looking at the generated maps in Figure 4.9
we note results that are very similar to Figure 4.5, excellent map with little to no
noise or clutter in the low vegetation dataset and some vegetation still present with
the high vegetation dataset.
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