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Abstract

Autonomous navigation in forestry environments presents significant challenges due
to complex, unstructured terrain with varying visibility conditions. This thesis
presents a novel sensor fusion approach integrating LiDAR and stereo camera data
for enhanced terrain mapping in forestry applications. The project develops an
uncertainty-aware fusion framework based on Kalman filtering that effectively com-
bines the high accuracy of LiDAR with the dense coverage of stereo camera data,
while properly accounting for each sensor’s unique error characteristics and uncer-
tainties. Additionally, a dynamic voxel-based representation is implemented that
adapts map resolution to terrain complexity, optimizing memory usage while main-
taining high fidelity in regions of interest. Experimental results demonstrate measur-
able improvements in various dimensions: the dynamic voxelization reduced memory
usage by 31.65% and improved map update time by 44.27% compared to traditional
fixed-size voxel grids, while maintaining mapping quality. Testing on real-world au-
tonomous navigation routes showed that the proposed approach enables more com-
plete trajectory following compared to the previous single-sensor approach, achiev-
ing path lengths significantly closer to the planned trajectory - for instance, 38.99 m
compared to 18.99 m in one test. This work demonstrates that intelligent fusion of
complementary sensors, combined with adaptive mapping techniques, can signifi-
cantly improve terrain perception for autonomous vehicles operating in challenging
off-road environments.

Keywords: sensor fusion, LiDAR, stereo camera, terrain mapping, forestry, voxel,
Kalman filter, dynamic resolution, autonomous navigation, uncertainty.
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1

Introduction

In 2020, Sodra Skogsdgarna started a project named BraSatt to develop a new way
of scarification and planting saplings to ensure their survival. Currently, Sodra’s
survival rate for planted saplings after 3 years is 70 — 75% [1]. The BraSatt project
proposes optimizing and effectivizing forest regeneration by the development of an
autonomous machine that will calculate an accessible route through the forest, go
along the route and select optimal planting points [2], scarify the soil and then plant
the saplings.

The current prototype BraSatt 01, shown in Figure 1.1, will be operating in for-
est environments, creating unique challenges for autonomous navigation. Due to
the complex and unstructured nature of these environments, accurate environmen-
tal perception is crucial for safe and efficient operation.

Figure 1.1: The BraSatt prototype BraSatt 01 shown in a rendered picture. The
vehicle is approximately 4 m long and 2.4 m high.

1.1 Background

Modern autonomous systems rely on various sensors to perceive surroundings and
make real-time decisions [3]. Light Detection And Rangings (LiDARs) are widely
used for measuring distances and creating 3D maps [4], while Stereo Cameras (SCs)
excel at generating detailed 3D reconstructions based on vision [5]. However, each
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1. Introduction

sensor type has its limitations. LiDARs provides high-accuracy in-depth measure-
ments but captures limited detail resolution, leaving holes in the data due to sparse
scans [6]. In contrast, SCs deliver rich visual details but may struggle with depth
estimation over long distances or in low-light conditions [7].

The BraSatt prototype utilizes a front-mounted LiDAR to perceive the terrain in
front of the machine and to make decisions on optimal routes. The LiDAR can
provide great detail in perceiving 3D environments and is often used in autonomous
vehicles [8]. Many autonomous solutions using LiDAR for environment perception
are made for road use, to be used in cities, urban areas and highways [9]. For
BraSatt, the machine will be operating in forests with boulders, steep terrain, trees
and other obstacles, creating new challenges compared to the typical road use [10].
Since the LiDAR use sparse scans (16 scan lines in this case) it is prone to introduce
uncertainty in the environmental representation [11].

By introducing a SC, a camera with two sensors able to estimate depth data by
triangulation, it can help fill in the gaps where the LiDAR is not able to scan to
generate a more robust representation of reality. The richer and less uncertain repre-
sentation made through fusing the data from both sensors can help the vehicle make
better decisions in its path planning. Because of how the vehicle is constructed to
handle different terrains, it has a high turn radius. Thus it is crucial to make optimal
path decisions as early as possible to efficiently avoid obstacles and steep terrain.
Due to the complex and noisy nature of the terrain environments, data from per-
ception sensors may be noisy. Utilizing both sensors at once may therefore yield a
more accurate and robust representation.

By fusing data from these two types of sensors, it is possible to represent environ-
ments with higher accuracy and robustness, complementing the strenghts of both
sensors [12]. This kind of sensor fusion benefits applications such as autonomous
driving and robotics by removing uncertainty and noise from sensor data [13].

1.2 Purpose and Aim

The purpose of this thesis is to explore and improve environmental perception for
autonomous forestry vehicles operating in unstructured off-road environments. In
such settings, traditional single-sensor approaches often struggle with data sparsity,
occlusions, and variable terrain.

The aim is to develop a sensor fusion method that combines data from a LiDAR
and a SC to produce a robust, high-fidelity terrain representation. The approach
should effectively capture ground elevation, account for sensor uncertainties, and
introduce an adaptive level of detail based on terrain complexity. A key goal is to
ensure that the solution remains computationally efficient and suitable for real-time
implementation in embedded systems.
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1.3 Scope

This thesis focuses on designing and implementing a sensor fusion framework based
on a Kalman filter and dynamic voxelization for terrain mapping in forestry envi-
ronments. The fusion system integrates data from a Velodyne VLP-16 LiDAR and
a ZED 2i stereo camera, mounted on the BraSatt 01 prototype.

The work includes:

Designing a world representation which captures terrain complexity and is
computationally efficient.

Modeling measurement uncertainty for both LIDAR and stereo camera inputs.
Implementing a Kalman filter-based height estimation per voxel.

Evaluating the system using pre-recorded sensor data in ROS2.

Comparing results against single-sensor and fixed-grid baselines.

1.4 Limitations

The limitations of the project are defined as follows:

This project will not investigate different methods of SC triangulation. The
stereo camera used, ZED2i, already has onboard software for computing a
point cloud from two images.

It will be assumed that the vehicle moves in a static world. [.e. moving agents
in the scene will not be explicitly detected, tracked, or identified. This assump-
tion is made since moving objects will rarely be present in the environment in
question and is not the main issue at hand.

The fusion is limited to estimating the height within a 2.5D voxel-based map.
It does not model overhanging objects, vegetation classification, or semantic
understanding of the terrain.

The final system will not be tested in a real-time environment, only in a
simulated environment.

The results and methods are tailored to the specific sensor configuration of the
BraSatt vehicle, which consists of a Velodyne VLP-16 LiDAR and a ZED2i
stereo camera. The methods may not be directly applicable to other sensor
configurations without further adjustments.
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Theoretical Background

This chapter presents a theoretical background on the work presented in this thesis.
The Prototype BraSatt 01 is introduced, including its sensors and vehicle dynam-
ics. The world representation for autonomous vehicles is discussed, focusing on the
challenges of off-road navigation in forest environments. The chapter also covers the
fusion of LiDAR and stereo camera data, highlighting the use of Kalman filtering
for height estimation and terrain modeling. Finally, the chapter concludes with a
discussion on LiDAR data interpolation techniques.

2.1 Prerequisites on BraSatt 01 Prototype

The BraSatt 01 prototype is an articulated terrain vehicle whose purpose is to au-
tonomously follow a predefined route in a forest environment and plant saplings at
appropriate planting spots [2]. The vehicle is developed and built to handle forest
terrain and can drive over smaller rocks, stumps and other vegetation. It is made
up of a front and rear part connected through a coupling which can be controlled by
hydraulics to enable steering. This setup enables the vehicle to handle rougher ter-
rain but also yields a slow steering rate [14]. The vehicle has front-mounted LiDAR
and SC which will be used in this project.

2.1.1 LiDAR

LiDAR is a sensing technology that uses laser pulses to measure the Time-of-
Flight (ToF) of the reflected signal, determining distances to objects and creating
precise 3D representations of environments [4]. The accuracy of LIDAR measure-
ments depends on factors such as laser wavelength, pulse repetition rate and envi-
ronmental conditions.

There are two main types of LiDAR: mechanical and solid-state. Mechanical
LiDARs utilizes either a single emitter-receiver module or an array of such mod-
ules to achieve a full 360° Field Of View (FOV) around the sensor. In contrast,
solid-state LiDARs do not use moving parts, instead measuring in a fixed direction.
While solid-state LiDARs offer increased durability and lower failure rates, they
typically have a more limited FOV and range compared to mechanical LiDARs.

The BraSatt 01 prototype is equipped with the mechanical LiDAR sensor Velodyne
VLP-16, which features 16 laser channels and operates at a wavelength of 903 nm

5



2. Theoretical Background

[11]. The VLP-16 can capture up to ~ 600,000 points per second when running in
Dual Return Mode, distributed across its 16 beams. It provides a vertical FOV of
30° (£15° from the horizontal plane) and a full 360° horizontal FOV. Though due
to the mounting position on the vehicle, the effective horizontal FOV is reduced to
approximately 175°. The sensor’s maximum range is specified as 100 meters under
optimal conditions, with an accuracy of £3 cm.

While LiDARs provides accurate distance measurements, they also have limitations.
The sensors are sensitive to adverse weather conditions, such as heavy rain or fog,
which can scatter or absorb laser pulses, reducing measurement accuracy [15]. Ad-
ditionally, near-infrared lasers (e.g., 905 nm) can be affected by certain materials,
such as dark or highly reflective surfaces, which may absorb or misdirect the laser
pulses.

The sparsity of the VLP-16 with its 16 laser scan lines, visualized in Figure 2.1,
introduces additional challenges in capturing detailed environmental features. In
complex terrains, such as dense forests, the limited number of scan lines can result
in significant gaps in the point cloud data, especially when objects are small or lo-
cated between the beams. This sparsity makes it difficult to detect the true height
of objects and can lead to incomplete representations of the environment. Further-
more, the fixed vertical resolution of the scan lines may cause critical features, such
as steep slopes or narrow gaps, to be underrepresented, impacting the accuracy of
terrain modeling and obstacle detection [16]. These issues could be mitigated by
using a LiDAR with more scan lines, but at the expense of increased cost.

15°

P "
VLP
16

-15°

Figure 2.1: Illustration of the VLP-16 LiDAR scan lines. The sensor emits laser
pulses in a rotating pattern, capturing distance measurements from the surrounding
environment. The resulting point cloud data is used to create a 3D representation
of the terrain.

2.1.2 Stereo Camera

A SC is a type of camera with two image sensors slightly separated horizontally, en-
abling depth estimation through triangulation. By comparing the displacement of

6



2. Theoretical Background

pixels between two images taken at the same instance, it is possible to estimate the
depth of a point in 3D space, creating a 3D point cloud of a scene. This capability
is valuable for autonomous applications that require environmental perception for
navigation.

As shown in Figure 2.2, the SC captures two images from slightly different per-
spectives. The disparity between corresponding points in the two image planes is
used to calculate the distance to the object, creating a 3D point cloud representa-
tion of the scene. The triangulation process relies on the known baseline distance d
between the two cameras and intrinsic camera parameters such as the focal length
of the lenses to compute depth information.

3D point

Left plane Right plane

Left camera Right camera
d

Figure 2.2: Illustration of the triangulation process. The stereo camera captures
two images from slightly different perspectives, allowing depth estimation through
triangulation. The disparity between corresponding points in the two image planes is
used to calculate the distance to the object, creating a 3D point cloud representation
of the scene.

One of the key advantages of stereo vision is its ability to estimate depth pas-
sively, without the need for active illumination, as required by LiDAR or structured
light systems [5]. This makes SC particularly useful in outdoor environments, such
as forests, where varying lighting conditions and dense foliage can impact sensor
performance. Unlike LiDAR, which may struggle in foggy conditions due to laser
scattering, SC rely purely on ambient light and can continue functioning as long as
sufficient texture is present in the scene [5]. However, stereo vision has its limita-
tions, such as difficulty in depth estimation for textureless surfaces (e.g., uniform
tree trunks) and increased computational demands for disparity calculation.

For the BraSatt 01 prototype a ZED 2i stereo camera is used. The ZED 2i has its
own Software Development Kit (SDK) which features prebuilt triangulation func-
tionality, allowing real-time depth estimation without manual calibration or external
computation [17]. This capability simplifies integration with autonomous systems
and provides robust depth perception in complex environments.
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Compared to LiDARs, SCs provide dense depth information across the entire image,
rather than discrete point measurements [5]. However, stereo depth estimation is
less accurate at long distances, where disparity differences become minimal. Each
sensor has their own pros and cons, which can be seen in Table 2.1. By combining
stereo vision with LiDAR data, it is possible to improve overall robustness, lever-
aging the strengths of both sensing modalities for enhanced perception in forest
environments.

Feature LiDAR Stereo Camera

Accuracy High for distance measurements | Moderate, depends on texture
Range Long (up to 100m) Limited, lower accuracy at distances
FOV 360°(H) x 30°(V) 110°(H) x 70°(V)

Weather Affected by rain, fog Less affected, works in ambient light
Resolution Sparse point clouds Dense point clouds

Computation | Low for processing point clouds | High for disparity calculation

Table 2.1: Comparison of LiDAR and Stereo Camera: Pros and Cons

2.1.2.1 Filtering of Stereo Camera Data

Due to the nature of triangulated point clouds from a SC, the data can be noisy [7].
Thus, it is often important to filter the data before using it for further processing.
One such approach is to use Hidden Point Removal (HPR), described by [18]. HPR
determines visible points in a point cloud as viewed from a given viewpoint without
reconstructing a surface or estimating normals. The algorithm transforms the point
cloud through spherical flipping inversion, then computes the convex hull of the set
containing the viewpoint and the transformed points. Points on this convex hull
are considered visible. This approach is particularly valuable for filtering occluded
points in dense environments like forests, where vegetation can create numerous
false readings.

Another approach is also the Radius Outlier Filtering (ROF) which filters outliers
based on the number of neighbors within a specified radius [19]. For each point,
if the count of neighbouring points within a defined radius falls below a threshold,
the point is considered an outlier and is removed from the point cloud. This sim-
ple yet effective method helps remove isolated points that often represent noise or
measurement errors.

2.1.3 Vehicle Dynamics

While this thesis does not investigate the vehicle dynamics in detail, it is important
to understand as a background to why a robust terrain estimation, especially at a
distance, is crucial for safe navigation in rough terrain.

The BraSatt 01 prototype is an articulated vehicle, meaning it consists of two seg-

ments connected by a coupling joint which steers the vehicle, as shown in Figure 2.3.
This design allows for greater maneuverability and flexibility in navigating rough
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terrain [14]. The vehicle’s steering system is controlled by hydraulics, enabling pre-
cise control over the angle of the front and rear segments. The steering angle can be
adjusted to optimize the vehicle’s trajectory and stability while traversing uneven
surfaces.

While the articulated design provides advantages in terms of maneuverability in
terrain, it also introduces challenges in vehicle dynamics. The steering system cre-
ates a delay in the vehicle’s response to steering commands, which can affect its
ability to navigate tight turns or obstacles. Additionally, the coupling joint between
the two segments creates a large turn radius, making it difficult to navigate tight
spaces. This creates a greater demand for a well planned path and an accurate world
representation to ensure the vehicle can navigate safely.

Front Segment

A

Figure 2.3: Articulated vehicle model showing the coupling joint and steering angle
0 between front and rear segments from a top-down view.

Rear Segment

2.1.4 Path Planning Algorithm

The path planning algorithm is a crucial component of the autonomous vehicle sys-
tem, enabling it to navigate through complex environments while avoiding obstacles
and adhering to safety constraints. The algorithm is designed to generate a smooth
and efficient trajectory for the vehicle based on a predefined route. To make correct
choices and avoid obstacles, the algorithm relies on a world representation that ac-
curately captures the terrain and obstacles in the environment.

In each timestep, the path planning algorithm generates a multitude of possible
path segment from its current position and evaluates the drivability of each path
segment based on the current world representation in form of an elevation map. It
then evaluates which path is the best pick by a cost function. The cost function
takes into account various factors, including the distance to the planned route, the
tilt of the vehicle, the terrain slope and obstables. The path segment with the lowest
cost is selected and used to update the vehicle’s trajectory.

An efficient and precise world representation is crucial to correctly evaluate the
drivability of a path. The algorithm relies on accurate terrain information to make
informed decisions about where it is possible to drive and which path is the best
choice.
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2.2 World Representation for Autonomous Vehi-
cles

Once data is collected from perception sensors, it must be structured into a model
that represents the environment in a way that supports autonomous driving decision-
making. In road-based autonomous driving, world representation models are often
highly detailed and structured, incorporating lane markings, traffic signs, dynamic
agents and other road-specific features [20]. However, in off-road and forest envi-
ronments, the challenges differ significantly. Instead of structured lanes and traffic
elements, key factors such as ground elevation, vegetation, rocks and slopes become
critical for ensuring safe and efficient navigation.

In such environments, terrain modeling plays a crucial role in path planning and
evaluating drivable routes. Various representations exist, ranging from raw point
clouds, where the terrain is represented by points in 3D space, or voxel grids where
the terrain is represented by discrete cubic units, to more compact and structured
models such as elevation maps, which provide a dense and efficient encoding of
terrain height variations [9]. These representations are essential for enabling au-
tonomous vehicles to navigate complex environments, identify obstacles and slopes,
and make informed decisions about traversable paths.

2.2.1 Elevation Map

Elevation maps are particularly useful for rough terrain navigation, as they enable
the identification of traversable and non-traversable regions while maintaining com-
putational efficiency [9]. These maps represent the terrain’s height variations in a
grid format, where each cell contains the elevation value of the corresponding area.
This structured representation allows for efficient path planning and obstacle avoid-
ance algorithms to be applied.

In the context of autonomous vehicles, elevation maps can be generated using data
from various sensors, such as LiDAR and stereo cameras [6]. The raw point cloud
data from these sensors is processed to create a dense elevation map, which can then
be used to identify obstacles, slopes and other terrain features that may impact nav-
igation.

This representation is great for terrain which can be highly variable and cluttered
with vegetation. By providing a detailed representation of the ground surface, el-
evation maps enable autonomous vehicles to navigate complex environments more
effectively, ensuring safe and efficient operation [10].

Most elevation map implementations employ uniform grid resolutions across the
entire map. Sten et al. [21] demonstrated this approach by constructing a grid-
based elevation map that fused interpolated VLP-16 LiDAR data with ZED 2i SC
measurements. Their system utilized Kalman filtering to combine sparse LiDAR
points (interpolated in one dimension to form a reference ground plane) with denser
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SC data, producing a comprehensive terrain model for static environments.

However, uniform grid resolutions present inherent limitations in heterogeneous ter-
rain. A fixed-resolution approach must compromise between computational effi-
ciency and representational accuracy: high-resolution grids capture terrain details
accurately but consume excessive computational resources and memory, while low-
resolution grids are efficient but may miss critical terrain features. Additionally,
uniform resolutions allocate the same computational resources to flat, homogeneous
regions as they do to complex, variable terrain — an inefficient use of system re-
sources. To overcome these limitations, it is possible to use more dynamic ap-
proaches to terrain representation, such as dynamic voxel-based mapping, which
can adapt the resolution of the map based on local terrain characteristics. This
allows for a more efficient representation of the environment while maintaining the
ability to capture important features and details.

2.2.2 Voxel-based Terrain Representation

Voxel-based mapping is a technique used for representing 3D environments, i.a. in
autonomous navigation [22]. By discretizing 3D space into cubic or grid-based units,
voxels provide an efficient way to store and process spatial data. Unlike raw point
cloud data which is often unordered and computationally expensive to process in
real-time, voxel-based representations enable structured storage and efficient query-
ing of height information. While similar to a grid-based elevation map, the dynamic
voxel representation employs content-aware grid resolution to be able to capture
detailed data while avoiding unnecessary computations and data storing.

2.2.2.1 Dynamic Voxelization

To efficiently model the terrain for autonomous navigation in forests, this thesis
presents a novel method to dynamically update the size of the voxels which will
adjust the resolution of the map based on local terrain characteristics. This approach
is inspired by [23] but differs in implementation and usage. The key aspects of this
method are as follows:

o Adaptive Resolution: The terrain is represented using voxels whose resolu-
tion adapts based on local terrain variability. Areas with low height variance
are modeled with larger voxels, while regions with high complexity are refined
into smaller voxels to capture more details.

« Efficient Data Representation: Voxels are only created where sensor mea-
surements exist, resulting in a memory-efficient and scalable map that reflects
the observed environment.

o Hierarchical Structure: The voxel grid supports recursive subdivision, en-
abling selective refinement of complex terrain features without increasing com-
putational load in homogeneous areas.

e Support for Sensor Fusion: The approach accommodates integration of
heterogeneous sensor data, such as LiDAR and stereo camera measurements,
to improve terrain estimation robustness.
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2.3 LiDAR and Stereo Camera Fusion

In most autonomous vehicle applications, fusing the data from multiple perception
sensors is a common way to create a richer and more robust perception, allowing
the system to overcome independent limitations for each sensor [3]. As previously
mentioned, LiDARs capture sparse but precise data. By combining data from a
LiDAR with data from a SC, which captures depth data across the entire image, the
advantages of both sensors are used to create a richer and less uncertain measurement
of an environment.

2.3.1 Neural Networks

Neural networks, particularly deep learning models, have become increasingly pop-
ular for sensor fusion in autonomous systems due to their ability to learn com-
plex, non-linear relationships from data. Unlike traditional fusion methods such as
Kalman filters, which require explicit models of sensor noise and dynamics, neural
networks can implicitly learn how to combine inputs from different sensors through
supervised or self-supervised training.

In the context of fusing LiDAR and SC data, neural networks can be used to en-
hance spatial reasoning and semantic understanding. For example, convolutional
neural networks (CNNs) can process image-like data such as stereo disparity maps
or LiDAR depth images, while more advanced architectures such as PointNet or
voxel-based 3D CNNs can directly operate on raw point cloud data [24]. These mod-
els can be designed to estimate depth, classify terrain types, or even infer full scene
reconstructions by leveraging the complementary strengths of each sensor modality.

Some approaches use early fusion, where raw sensor inputs are combined and fed
into a single network, while others adopt late fusion, where features are extracted
independently from each sensor before being merged at a higher level [13]. Addi-
tionally, attention mechanisms and transformer-based models have recently been
applied to dynamically weigh the importance of each sensor input depending on
environmental context [25].

While neural network-based fusion can yield high performance and generalization,
it often requires large amounts of annotated training data, something we haven’t
found for this project, and careful validation to avoid overfitting or brittleness in
unseen conditions. These methods also tend to be more computationally intensive
than traditional filters, which may limit their deployment on resource-constrained
platforms. Creating an annotated dataset for the purpose of this thesis is unfeasible
in the given time frame. Thus, neural network approaches will not be investigated
further.
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2.3.2 Kalman Filter

The Kalman Filter (KF) is a mathematical approach for estimating the state of a
system by filtering noisy sensor measurements. Developed by Kalman and Bucy in
1960 [26, 27], it is widely used in real-time applications such as aerospace naviga-
tion and robotics. The filter operates by recursively updating state estimates based
on a predictive model and incoming measurements, minimizing the impact of noise
through a least-mean-square optimization approach. It is used for linear systems
where sensor inputs can be mapped to internal states. A strength of KF is that it
can combine inputs from multiple sensors into a vector of internal states represent-
ing the parameters of interest, provided the relationship between inputs and system
states remains linear [12].

The KF is built on the premise that we can model a system described by two
linear equations. The first is a state-space prediction equation:

X, = Ap_1Xp—1 + Wi—1, W1 ~ N (0, Qp_1), (2.1a)

where x is the system state, A is the process model and w is process noise, Gaussian
distributed with zero-mean and covariance Q. The second equation is the measure-

ment equation:
Z, = Hka + 7Ty, Tp~ N(O, Rk), (2.1b)

where z is the measurement from a sensor, x is the true state, H is the measure-
ment model matrix and r is the sensor measurement noise, Gaussian distributed
with zero-mean and covariance R.

The KF operates recursively by computing predictions and updates based on the
system equations. These steps allow it to estimate the system state while min-
imizing the effect of noise. The prediction step estimates the system’s next state
based on the previous state and a mathematical model of the system dynamics. The
prediction step

Kiofk—1 = Ap_ 1% 1)6—1, (2.2a)

Prp—1 = Ak—1Pk71|k71A£_1 + Qk-1, (2.2b)

computes the state prediction Xy, and the uncertainty, described by the covariance
Pjr—1, in the state prediction. The update step corrects the predicted state by using
the new measurements z;. The state estimate X and covariance matrix Py is
computed as

)A(k“g = )/ik“g,l + Kka, (23&)

P = Pip—1 — KiSi K[ (2.3b)

where the Kalman gain Ky, Innovation v, and Innovation covariance Sy are defined
as

K. =Py HL S, (2.3ca)
Vi = Zp — Hk)A(k|k_1, (23Cb)
Si = HyPyp—1Hi + Ry. (2.3cc)
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The variable K;, determines how much the new measurement should influence the
state update and is used in Equation (2.3a) as a correction term based on the differ-
ence (innovation vy) between the actual measurement and the predicted state. The
covariance matrix in Equation (2.3b) is updated to reflect the new uncertainty after
incorporating the measurement.

Perception sensors such as LiDARs and SCs are subject to noise from vegetation,
sensor limitations and dynamic environmental factors. Individual measurements
may not always accurately reflect the true ground height due to outliers and uncer-
tainties. To address these challenges and improve the reliability of height estimation,
statistical filtering methods such as the KF are used to estimate the heights within
each voxel of the world representation. The KF framework enables the handling of
noisy measurements, the fusion of multiple sensor inputs over time and the quan-
tification of uncertainty in the estimated heights.

2.3.3 LiDAR Data Interpolation

Because LiDARs acquire data through discrete scan lines, the resulting point clouds
are often sparse. This sparsity can limit the accuracy of downstream processing and
environmental interpretation. To address this issue and produce a more continuous
representation of the environment, various data interpolation techniques can be ap-
plied.

A straightforward approach is linear interpolation, where values such as distance
or elevation are estimated between two neighboring points, either along the same
scan line or between adjacent lines. While this method is computationally efficient
and simple to implement, it performs best in relatively smooth environments where
changes are gradual. More advanced techniques include bilinear and bicubic inter-
polation, which use multiple surrounding points in two dimensions to estimate new
values. These methods yield smoother results but require additional computational
resources.

When working with irregularly distributions point clouds, interpolation using Triangulated
Irregular Networkss (TINs) is a common solution. TIN-based methods rely on De-
launay triangulation [28] to construct triangles from nearby points, enabling inter-
polation within those triangles. They are widely used in geospatial applications and
digital terrain modeling [29]. Deluanay triangulation is used to divide the convex

hull of the LiDAR points into triangles such that the circumcircle of each triangle

does not contain any of the other points. For each triangle formed by the triangu-
lation, linear interpolation using barycentric coordinates is applied to estimate the
height of a predefined grid of interpolated points within the triangle. This process

is repeated for all triangles and is illustrated in Figure. 2.4.
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Predefined interpolation grid

Figure 2.4: Illustration of Delaunay triangulation applied to a set of LIDAR points
(blue). A predefined interpolation grid (gray) overlays the point cloud. One triangle
is highlighted and a sample interpolated point P (red) within the triangle is shown,
along with its barycentric coordinates \;, Ay and A3 used for linear interpolation.

In summary, this chapter presents the theoretical background used to build this
thesis. It covers the perception sensors used in the BraSatt 01 prototype, including
LiDARs and stereo cameras, and their respective advantages and limitations. The
chapter also discusses the vehicle dynamics of the BraSatt 01 prototype, highlighting
the challenges posed by its articulated design. The challenges of representing the
world for autonomous navigation in rough terrain are addressed, with a focus on
elevation maps and voxel-based terrain representation. Finally, the chapter explores
the fusion of sensor data using Kalman filtering techniques to create a robust world
representation for autonomous vehicles.
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Methodology

This chapter describes the methods used to create the terrain mapping system.
The system is designed to efficiently process and fuse data from multiple sensors,
including a LiDAR and a SC, to create an accurate elevation map of the terrain.
The methods are divided into several sections, each focusing on a specific aspect of
the system.

3.1 System Overview

This thesis presents a terrain mapping system that fuses data from multiple sensors
to create an accurate elevation map for off-road navigation. The system architecture
consists of three main components: data acquisition, data preprocessing and terrain
estimation (see Figure 3.1).

Data Processing

/[ \ LiDAR data
Data Aquisition
Process LIDAR
VLP16 Measurements
Terrain Estimation

Record to oy Replay _ Process Voxels: Kalman Fuse
Rosbag Rosbag U::’e:g Split/Merge Voxel Data

(_ zo2 ) e
\ AN /

Figure 3.1: System architecture overview. Raw sensor data is preprocessed, trans-
formed to global coordinates and fused using a voxel-based Kalman filter to create
a terrain elevation map.

The data acquisition component collects measurements from two primary sensors:
o A LiDAR sensor providing sparse but accurate 3D point clouds
o A SC generating dense 3D point clouds by triangulating stereo images

In the data preprocessing stage, the raw sensor data undergoes several transforma-
tions:
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» Coordinate transformation to align sensor data in a global reference frame
e Qutlier removal and noise filtering

o LiDAR data interpolation to support SC data

« Variance calculation for each measurement and interpolation

The terrain estimation component uses a dynamic hierarchical voxel-based structure
where each voxel maintains a Kalman filter to estimate the height of the voxel. The
system:

e Maps new measurements to voxels

o Dynamically subdivides the voxels based on measured terrain complexity

o Fuses all new measurements in voxels with Kalman to get height estimate

o Maintains uncertainty estimates for each height measurement

The final output is a probabilistic elevation map that represents the terrain height
and associated uncertainty, suitable for autonomous navigation planning.

3.2 Sensor Setup and Data Collection

The sensor setup has both the LIDAR and the SC mounted on the front of the vehicle
platform. There are two different sensor mounting setups used in the project. In
sensor setup 1 the LIDAR and the SC are tilted down 20° on the BraSatt 01. This is
done to ensure the LiIDAR is used to better capture the terrain closest to the vehicle.
The LiDAR is mounted at a height of approximately h; = 1.28 m above ground and
the SC 5 cm above the LiDAR. Since the LiDARs vertical field of view is limited to
+15°, the furthest the LIDAR can measure in the viewing direction is calculated by
the equation

2(y) = hy — tan(6, — 15)y (3.1)

where 6, is the mounting angle, z is the height of the top LiDAR scan line dependent
on the distance to the LiDAR y. Setting z = 0 and finding y gives y = 14.63 m.
This tilt makes the LiDAR capture the terrain in front of the vehicle well, but also
means that effective range is limited greatly, shown in Figure 3.2.

1
1.828 14.63

Figure 3.2: Sensor setup 1: The downward tilted angle of the LiDAR makes the
maximum visible distance in the viewing direction 14.63 m, with worsening height
capturing up to that distance. The cylindrical object shows how the tilt of the
LiDAR makes it only capture the height of the green part, while the remaining
height of the red part is not captured.
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Worth noting is that as an effect of the LiDAR’s circular scanning pattern, mea-
surements not directly in the viewing direction will be better captured. As the scan
continues in the circular pattern, the tilt will enable it able to measure higher and
higher. Thus, the measurements closer to the viewing direction will be very affected
by this tilt while measurements further to the sides will accurately capture height.
To mitigate these incomplete captures, the behavior is modeled as an uncertainty of
the LiIDAR (see Section 3.5.1), which can be utilized when fusing the measurements.

The SC is unaffected by this behavior, as the stereo triangulation is not limited
by the same angle. The SC can thus be used to capture the terrain further away
from the vehicle, but with a lower sensor accuracy than the LiDAR.

In the last stages of the project, in an attempt to utilize the LiDAR better, sensor
setup 2 was implemented. The LiDAR and SC were tilted up to a total downward
tilt of 15°. This would effectively give the LiDAR unlimited range in the forward
direction, with only a small loss of information closest to the vehicle, shown in Fig-
ure 3.3. This trade-off is deemed okay, since the terrain directly in front of the
vehicle is already well measured and estimated at that point. This change enables
us to be more certain of height measurements at a distance with the LiDAR.

C

Figure 3.3: Sensor setup 2: The new downward tilted angle of the LIDAR makes
the maximum visible distance in the viewing direction theoretically infinite. The
cylindrical object shows how the LiDAR with sensor setup 2 is able to capture
heights up to its own mounting height, making the red non-captured height much
smaller compared to with sensor setup 1.

I
2.217

3.2.1 Data Acquisition

The system operates within the Robot Operation System 2 (ROS2) framework for
data collection and processing [30]. Using ROS2, data from the LiDAR and SC are
recorded as point clouds to a ROSbag as well as pose data from the vehicle. This
ROSbag can later be replayed to simulate the vehicle’s operation from the time
recorded.

Proper alignment of sensor data is achieved through a combination of hardware and
software synchronization mechanisms. Hardware-triggered synchronization ensures
precise timing between sensor captures, while ROS2 message timestamps enable
temporal alignment of data streams in software. The Real Time Kinematic (RTK)-
GPS integration provides consistent alignment with the global reference frame.
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3.3 Data Preprocessing

For both the LiDAR and SC, raw point cloud data is published containing local
3D point coordinates. These points are transformed into a global reference frame
using pose data recorded as a transformation matrix using Equation (3.2). After the
points are transformed, they are appended to separate lists which later is accessed
when running the fusion algorithm and reset after the fusion is done.

Tglobal Tocal
Yglobal Ylocal
& - Tsensor (32)
Zglobal Zlocal
1 1

where Tyeneor is the 4 X 4 transformation matrix to global coordinates and rota-
tion created by a pre-built state estimator utilizing fusion of two RTK-GPS devices
mounted on the vehicle and the onboard Inertial Measurement Unit (IMU), provid-
ing accurate positioning and orientation information.

3.3.1 Stereo Camera Data

The SC system publishes a dense point cloud, P, and RGB images. Since the point
cloud contains a great amount of points, it is downsampled by voxel-downsampling.
The goal with the downsampling is to preserve the overall structure of the point
cloud while reducing its density by aggregating nearby points.

The method partitions the 3D space into a regular grid of voxels of size v, where v is
a parameter that controls the resolution of the output. This parameter, v = 0.2m,
is empirically chosen so that the number of points from the SC are at a manageable
size for computation. Each point p; € P is assigned to a voxel based on its spatial
coordinates and for each voxel, the center of all contained points is computed. Only
this center is retained in the downsampled output.

Formally, the steps are as follows:
1. Each point p; is assigned to a voxel with index v; = {%J, where || denotes
the floor operation applied element-wise.
2. All points sharing the same voxel index are grouped together.
3. For each group, the arithmetic mean (centroid) is computed and used as the
representative point for that voxel.
This is also visualized in Figure 3.4. This approach preserves geometric features
while drastically reducing the number of points, especially in regions with high
point density.

To ensure the quality of the SC point cloud data, a noise filtering process is ap-
plied to remove outliers and unwanted noise. The filtering algorithm uses the HPR
algorithm described by [18]. The algorithm takes as input the current camera center
C and the radius parameter R which is defined as

R = ||bmax — bumin|| - @, (3.3)
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where by, and by, are the maximum and minimum bounds of the point cloud P,
respectively, ||-|| denotes the euclidean norm and o = 150 is a scalar scaling factor
empirically chosen to ensure sufficient radius for point visibility estimation.

o : “s : A e
A IS i 4

Figure 3.4: Voxel-downsampling of a point cloud. The original point cloud is
represented by the blue points and the downsampled points are shown in red.

Following the visibility filtering, a ROF step is applied. Each point retained by the
HPR filtering is evaluated based on its local neighborhood: a k-d tree is constructed
from the filtered point cloud and for each point, the number of neighboring points
within a radius r = 0.3 is counted. Points with fewer than N,;, = 7 neighbors within
this radius are considered noise and are removed. Both r and N,,;, are empirically
chosen.
The complete filtering pipeline can thus be summarized in two stages:
1. Visibility Filtering: Using the HPR algorithm with camera center C' and
radius R to remove occluded or non-visible points.
2. ROF Removing remaining outliers by retaining only points with at least
Nnin = 7 neighbors within a local radius » = 0.3.

After these processes, the downsampled and filtered SC point cloud is transformed
with the transformation matrix mapping all points to the global frame. The effect
of processing on the SC data is shown in Figure 3.5.
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(a) Downsampled point cloud before fil- (b) Downsampled point cloud after filter-
tering. ing.

Figure 3.5: Side-view showing the effect of filtering the SC data. Figure 3.5a
shows the point cloud before filtering, while Figure 3.5b shows the filtered point
cloud. The red dot represents the vehicle position.
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3.3.2 Interpolation of Lidar data

The interpolation, shown in Figure 3.6, is created by linearly interpolating between
LiDAR scans using a TIN. It is used to support the data collected from the SC,
which is inherently more uncertain compared to the LiDAR. The process involves
projecting the sparse LiDAR points onto a regular 2D grid to create a continuous
height surface that can be sampled at arbitrary locations.

Let the LiDAR point cloud be denoted as a set of N points:
P = {(zi, 4, 2:) 1, € RV, (3.4)

The 2D grid is constructed over the spatial extent of the LiDAR data, with bound-
aries defined as:

MRS [xmin, xmax] ) Yy € [ymin; ymax] . (35)

The grid is then expressed as:

G = {(zs,y:) 10 (3.6)

with M=192 points in each dimension, creating a regular grid with M? total points.

(a) LiDAR point cloud. (b) Interpolated point cloud.

Figure 3.6: Top-down view showing the effect of interpolating the LiDAR point
cloud. Figure 3.6a shows the LiDAR point cloud, while Figure 3.6b shows the
interpolated point cloud.

3.4 Voxel-based Terrain Representation

A dynamic voxel-based representation of the world is used to create an elevation
map. What this means is that the world representation is built as a quad-tree
grid, where grid cells are called voxels and contains the height estimation of the
area covered by the respective voxel. The size of the top-level, i.e. the maximum
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size, voxels are empirically chosen as 1 X 1 m. This choice is made both to simplify
calculations, since the global coordinates used are in meters and since it captures
sufficiently large spaces without over-simplifying areas. The top-level voxels can
contain multiple sub-voxels. A global coordinate (z,y,z) can be deterministically
mapped to a corresponding top-level voxel index by

(xvoxela yvoxel) = (IJCCJ ) Lyj) (37)

Since the coordinates (x, y) are in meters, this indexation maps all global coordinates
to a metric grid. The top-level voxels are saved in a lookup table, where the voxel
index is used as a key and the voxel data is the value.

3.4.1 Voxel Data Structure

The voxel-based representation is implemented using a hierarchical data structure
resembling a quad-tree, where each parent voxel can be recursively subdivided into
sub-voxels down to the minimum size of 0.125 x 0.125 m, which is empirically chosen
inspired by the old fixed size. It is deemed small enough to capture complexity
well for the path planning algorithm and big enough to not create unnecessary
computations. This structure efficiently represents terrain at varying levels of detail,
with fine-grained representation only where needed. Each voxel contains:

o A list of LIDAR measurements within its bounds

o A list of SC measurements within its bounds

o A list of interpolated LiDAR data points within its bounds
o The Kalman filter state and covariance

» References to any sub-voxels (if they exist)

e The voxel’s size and center coordinates

This data structure provides memory efficiency, as detailed height information is
only stored where terrain complexity requires it. Flat areas are represented with
larger voxels, while complex terrain areas utilize smaller, more granular voxels. This
quad-tree structure of voxels is shown in Figure 3.7.
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Figure 3.7: Voxel quad-tree structure showing the hierarchical representation of
terrain. The top-level voxel is subdivided into four sub-voxels, which can further
be subdivided into smaller sub-sub-voxels. Each leaf-voxel contains measurements
from LiDAR, stereo camera and interpolated data, along with Kalman filter states
and covariances.

3.4.2 Recursive Voxel Management

The recursive nature of the voxel splitting and merging allows the system to adapt
to changing terrain conditions in real-time. As new measurements are added, voxels
may split into smaller sub-voxels to capture increased terrain complexity, shown in
Figure 3.8. Conversely, if the Kalman estimated height in previously split voxels
become more uniform (possibly due to improved estimation over time), sub-voxels
may be merged back into their parent voxel to optimize computational resources,
shown in Figure 3.9.

This dynamic management strategy allows the system to:
o Optimize memory usage by maintaining only necessary voxel subdivisions
» Focus computational resources on areas with complex terrain features
o Adapt to changing environmental conditions during vehicle operation

When a voxel is split, four sub-voxels are initialized and saved in the original voxel.
The sub-voxel size is set as half the size of the parent voxel, ensuring the hierarchical
quad-tree structure. If the sub-voxels of a parent voxel is merged, the sub-voxels
are removed and the parent voxel inherits the maximum of the sub-voxels” Kalman
states to avoid height degradation by merging. The general algorithm for the voxel
management is shown in Appendix A.1.

3.4.3 Split/Merge Variance Calculation

The variance threshold of 0.01 m for voxel splitting was determined empirically to
balance computational efficiency with terrain representation accuracy. The variance
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is calculated using the standard formula:

2 = 3 ) (3.8)

split —
ni3

where z; represents the height of each measurement in the voxel from LiDAR or
SC, z is the mean height and n is the number of measurements. This statistical
measure effectively identifies voxels with significant terrain height variations that
would benefit from more detailed representation, i.e. splitting into sub-voxels.

Figure 3.8: Visualization of how a voxel can be split based on the height variance
of the measurements in the voxel.

For mergeing, the variance threshold is 0.008 m which was also determined empiri-
cally. The variance of the Kalman height estimation is calculated as

1 & - <
arzrlerge = Z Z(hk|k,z - hk|k,i)2 (39)
=1

where 4 is the number of direct sub-voxels in the voxel which is being tested for

merge. Bklk,z‘ represents the Kalman height estimation of the sub-voxel ¢ and Bk“.m
represents the mean of all sub-voxels Kalman height estimations. This ensures that
areas where we estimate low terrain complexity have higher computational efficiency.
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Figure 3.9: Visualization of how sub-voxels can be merged if the variance of the
estimated heights are below a threshold value.

3.4.4 Measurement Assignment

When measurements are collected by the sensors, they are assigned to the corre-
sponding voxel based on their global coordinates. The assignment process is as
follows:
» (Calculate the point variance, explained in Section 3.5.1
o Get the top-level voxel index from the point coordinates by utilizing Equa-
tion (3.7)
o If no entry exists for the voxel index in the lookup table, create a new voxel
and add it to the table
o If the voxel has sub-voxels, recursively search through the sub-voxels until a
leaf voxel that covers the measured point is found
e Add the measurement together with its variance to the voxel

When fusing the measurements in the voxel, the sensor uncertainty is taken into
account. LiDAR points, with their high precision, can be used standalone in the
elevation estimation. For SC data, which typically has higher uncertainty, the mea-
surements are only used in conjunction with LiDAR measurements or interpolated
LiDAR data to help support the SC data.

When running the Kalman filter on the voxel (explained in Section 3.5), all measure-
ments contained in the voxel are condensed to a lower resolution by extracting the
top 10 % highest measured z values in the voxel and taking the mean of those heights
for both sensors. This is done both as a way to smoothen out potential outliers and
also to reduce the number of computations required by the Kalman filter, reducing
it down to only one Kalman iteration per voxel per time step. The top 10 % heights
are chosen empirically to ensure that the most relevant information is used when
estimating the height. Since the voxels are recursively split dependent on the height
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variance, we can assume that the top 10 % heights are a good representation of the
terrain height in the voxel.

3.4.5 Computational Efficiency Considerations

The multi-resolution approach significantly reduces complexity and computational
load compared to using a fixed grid approach, like the one currently being used in
the system with 0.1 m squares. The variance-based splitting criteria ensures that
computational resources are allocated efficiently, with detailed analysis only occur-
ring in areas where terrain complexity warrants it. This optimization is particularly
important for real-time operation on the vehicle’s onboard computing system.

An example showing how many voxels are needed for covering different areas by
using fixed 0.125m voxels vs dynamic voxels is shown in Figure 3.10.
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Figure 3.10: Complexity comparison between fixed grid (0.125m) and dynamic
voxel representation (0.125m — 1 m). The fixed grid requires a constant number of
voxels regardless of terrain complexity, while the dynamic voxel representation can
adapt to terrain features, resulting in a range of required voxels.

Taking into account that each voxel calculates and saves the Kalman state and
variance, the amount of computation and memory needed for creating the world
representation as dynamic voxels is significantly lower than the computation and
memory needed for a fixed grid representation. The dynamic voxel representation
can adapt to terrain features, resulting in a range of required voxels.

3.5 Height Estimation using a Kalman Filter

For estimating the height of a voxel, we treat each voxel as an independent estima-
tion problem and use a Kalman filter to create an estimate of the height. Each voxel
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is checked once every second, if the voxel contains new un-fused measurements, the
Kalman filter is run. The Kalman filter is used in this project because it provides an
efficient and robust method for fusing sensor data with varying levels of uncertainty.
By recursively estimating the state (in this case, the terrain height in a voxel) based
on a series of noisy measurements, the Kalman filter ensures that the final height
estimate is both accurate and reliable.

One of the key advantages of using the Kalman filter for this application is its abil-
ity to dynamically weigh measurements based on their uncertainty. For example,
LiDAR data, which is highly accurate but sparse, can be given lower uncertainty,
while stereo camera data, which is denser but less accurate, can be incorporated
with higher uncertainty. This adaptive weighting allows the system to make the
best use of all available data, even in challenging environments where sensor perfor-
mance may vary.

By maintaining an estimate of the uncertainty (variance) alongside the height esti-
mate, the Kalman filter also provides a measure of confidence in the terrain model.
This is critical for autonomous navigation, as it allows the system to identify ar-
eas of the map that may require further exploration or caution during path planning.

For the basis of deriving our Kalman equations, we assume a static world, which
means that at a given coordinate in the world, the height (h) will remain (close to)
constant across all timesteps

hy = hg_1. (3.10)
Modelling the world with this assumption makes sense for our purpose, since we
can safely assume the vehicle will be operating in an enclosed environment without

moving agents. We use a single-state system where the only state in a voxel is the
height since that is the only thing we are interested in estimating.

3.5.1 Model Design Choices

Since a static world is assumed and the only state is the height h, the process
model A is set as A = 1, which means that our Kalman prediction follows the
convention in Equation (3.10). For the process noise wy ~ N (0, @), we add a small
variance to account for deformable terrain such as vegetation, mud or similar, gg.
This parameter is chosen empirically to be small enough to not affect the height
estimation significantly, but large enough to account for small variations in the
terrain. The final prediction model thus becomes

hk = hk,1 + wg, Wk~ N(O, Q) (3.11)
where @) = g4 = 0.0001

For the measurement model, we assume for every measured point (z,y, z) that
z=Hh+r, r~N(0,R) (3.12)

where z is the measured height at (x,y), h is the real height, r is the sensor noise
and R is the sensor covariance matrix. Extracting the z value from the measured
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points, the measurement model simply becomes H = 1 given a measurement from
one sensor. The measurement model is dynamically updated depending on how
many sensors are available. For example, if a voxel contains measurements from
both LiDAR and SC, z = [zripar zSC]T, the measurement model would become
H =1 1]" to account for both measurements. This would also mean that the
covariance matrix would extend to become

N O

R = UI%@'DAR (3 13)
0 oso| '

3.5.1.1 LiDAR Variance

For the LiDAR, the sensor uncertainty is defined as £0.03 m per point [11]. Since
the only state variable is the height an additional uncertainty factor is included
to account for the positional uncertainty in x and y for each point. Furthermore,
the LiDAR is mounted at a downward angle in two different mounting setups (see
Figures 3.2, 3.3), this in some cases result in objects at greater distances not being
fully captured in the scans.

Sensor setup 1 with the downward tilt of 20°, combined with the circular pattern
of the LiDAR scans, results in the height of objects directly in front of the LiDAR
not being measured properly. This can be accounted for by an exponential two
variable function which ensures that measurements at a distance directly in front
of the LiDAR is trusted less. For sensor setup 2 with 15° tilt, this is not needed as
the LiDAR has theoretically infinite range up to the height of the LiDAR mounting
point. The LiDAR variance for the first sensor setup is expressed as

0tipar(®,y) = af + By’ - e 4 07wy (3.14)

and is plotted in Figure 3.11. The parameter o = 0.03 is the LiDAR point uncer-
tainty, S, = 0.009 is a tunable parameter for the longitudinal distance dependency,
x is the lateral distance to the point and y is the longitudinal distance to the point,
from the LiDAR. e; = 0.1 is a tunable parameter for the lateral tilt dependent
uncertainty and a%,xy = 0.02 accounts for the positional uncertainty in x and y.

For the second sensor setup with the mount angle of 15°, the variance is expressed
as

Olipar = 0 + U%,xy (3.15)

with no distance dependent factors, trusting the LiDAR equally for all points.
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Figure 3.11: 3D surface plot of LIDAR measurement variance 0%, 45 (z,y), show-
ing higher uncertainty directly in front of the sensor.

3.5.1.2 Stereo Camera Variance

For the SC, the uncertainty increases quadratically with the distance to the trian-
gulated point. This is because the SC relies on triangulation in stereo images to
generate depth information, explained in Section 2.1.2. As with the LiDAR an ad-
ditional factor is included to account for positional uncertainty in x and y, this time
scaled by the distance to the voxel to account for the distance dependency. The SC
covariance is given by

050 (r,y) = afe + Bse (@)l = 1)) + 054, (2. 9] (3.16)

and is shown plotted in Figure 3.12. The parameters in the SC covariance equation
are defined as follows: agc = 0.3 is a base uncertainty factor, Ssc = 0.04 is a tunable
parameter controlling the quadratic distance dependency, ||(z,y)|| is the distance
from the SC to the point in the x,y-plane and 0%, accounts for the positional
uncertainty in x and y, scaled by the distance to the point. This formulation en-
sures that both distance-related and variance-related uncertainties are appropriately
captured in the covariance calculation.
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Figure 3.12: 3D surface plot of SC measurement variance o3.(z,y) as a function
of lateral and forward distance. Variance increases quadratically with distance due
to triangulation uncertainty and linearly due to positional uncertainty.

3.5.1.3 LiDAR Interpolated Variance

To quantify the spatial variance of interpolated points, o2 relative to nearby LiDAR
measurements, a method based on nearest-neighbor search and configurable noise
modeling is used. First, a 2D k-d tree is constructed from the x,y components
of the available LiDAR point cloud to enable fast nearest-neighbour queries. For
each interpolated point j, the two nearest LiDAR points are identified and their
distances d; and dy are retrieved, example shown in Figure 3.13. A maximum
threshold distance d,., = 1, empirically defined, is used to normalize the distance:

min(dlv d2> dmax)

dmax

(3.17)

aj:

This normalized distance «; € [0, 1] serves as a spatial weighting factor, where
smaller distances indicate greater confidence in the local measurement.
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Figure 3.13: Visualization of selection of dy, d>.

Finally, the total variance is obtained by adding the weighting factor, o, to the
intrinsic LIDAR variance, 07,45 (obtained from Equation (3.14)):

07; = 0Lipary (@5 +1). (3.18)

This approach ensures that points further from any reliable LiDAR observation are
assigned a higher variance (shown in Figure 3.14), reflecting reduced confidence in
the interpolated data.

1.5

1 150 @
Figure 3.14: Interpolation variance as a function of distances dy, ds.

3.5.2 Kalman Equations

With our model design, the Kalman prediction becomes as follows

iLk|k—1 = iLk—lUc—l (3.19)
Prg—1 = Prap—1 +Q (3.20)

where () is the process noise described by ) = 0.0001 and the update step is given
by

ilk|k = ilk|k_1 + Kpvg (3.21)
Py = Popo1 — KipSip K] (3.22)
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where
Ky = Py H'S™ (3.23)
Sy =HPy 1 H" +R (3.24)
Vi = Rk — Hilk‘k_l (325)

where H is a vector dynamically updated by 1s dependent on the size of z;. Through
this design, measurements from multiple sources are fused to improve the accuracy
and reliability of the state estimation. The Kalman fusion process is visualized in
Figure 3.15.

R is the sensor covariance matrix described in Section 3.5.1. The covariance up-
date, given by Equation (3.22), reflects the certainty of the height estimate. A
lower covariance indicates higher confidence in the estimate, as it incorporates the
measurement uncertainty and the model’s predictive capability.
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o _ZLiDAR
o - - o klk
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— —
. . A _Zsc

Figure 3.15: The Kalman filter height estimation process. The process starts with
step 1, the prediction step, where the previous state estimate is propagated forward
in time. Then, measurements from sensors are fused in step 2 to update the state
estimate and covariance, resulting in a refined height estimate for the voxel.

3.6 Integration to Elevation Map

Putting it all together, the voxel-based height estimates are integrated into a struc-
tured elevation map that can be used for path planning and navigation. The eleva-
tion map is constructed by aggregating the height estimates from all leaf-voxels, i.e.
voxels which do not have sub-voxels. Looping through these voxels and remappn-
ing them to global points in a point cloud creates a 3D point cloud of the terrain.
This point cloud is then used as the world representation which the path planning
algorithm can be run on.

The path planning can be evaluated by running a simulation of the vehicle on the
generated point cloud. The path planning algorithm will then iteratively find the
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best path in the simulated world based on a cost function, described briefly in Sec-
tion 2.1.4. The covariance from the Kalman filter can be used as a good indicator
of how certain we are of the height in the area covered by the voxel and can thus
be used in the cost function to determine how much risk is acceptable in the path
planning.

In summary, this chapter has described the methods of this thesis, including how
data is collected and processed, how the voxel-based world representation is cre-
ated and how the Kalman filter is used to estimate the height in the voxels. The
integration of these components allows for a robust and efficient terrain represen-
tation that can be used for autonomous navigation and path planning in complex
environments.
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Results and Analysis

This chapter presents the experimental results and analysis of our LIDAR-SC fusion
system for terrain mapping in forestry environments. We evaluate the system’s
performance across multiple dimensions, including sensor-specific accuracy, fusion
effectiveness and the efficiency of our dynamic voxel-based representation.

4.1 Sensor Fusion Evaluation

In this section, the performance of the LiDAR and stereo camera sensors is analyzed
individually and in combination. We assess the coverage, uncertainty and overall
mapping quality achieved through our fusion approach. The performance is evalu-
ated using several recorded scenarios:

Scenario 1: A flat parking lot with no vegetation in the path, allowing for a direct
comparison of sensor performance. Obstacles are placed out and measured.

Scenario 2: A forested area with varying terrain complexity, the type of terrain
where the vehicle is meant to drive, where the fusion approach is expected to demon-
strate its advantages in challenging conditions.

Scenario 3: Using sensor setup 2. Driving at a steady pace towards a measured
trash can standing on a flat parking lot. There are two variants of this scenario, in
scenario 3a, the vehicle starts at a distance of 15m from the trash can and drives
forward until it stops at a distance of 3m from the trash can. In scenario 3b, the
vehicle starts at a distance of 30 m from the trash can and drives forward until it
stops at a distance of 2m from the trash can.

Scenario 4: Using sensor setup 1. Driving at a steady pace towards a measured
pile of tires standing on a gravel road. The vehicle starts at a distance of 10 m from
the pile of tires and drives forward until it stops at a distance of 2.7m from the pile
of tires.
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(a) Scenario 1: Flat parking lot with ob-  (b) Scenario 2: Forested area with vary-

stacles. ing terrain.
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(c) Scenario 3: Flat parking lot with ob-  (d) Scenario 4: Flat gravel road with
stacle. obstacles.

Figure 4.1: Images showing what the camera sees in the four scenarios used for
evaluating the sensor fusion.

4.1.1 LiDAR Performance

The LiDAR sensor provides sparse but accurate measurements of the terrain surface.
Figures 4.4a, 4.4b shows the coverage pattern of LIDAR measurements, demonstrat-
ing both its strengths and limitations. In scenarios 1 and 3, sensor setup 2 is used,
described in Section 3.2. This means that the LIDAR is mounted with the tilt angle
15°, which makes the effective range better. As can be seen in Figure 4.3b, the
LiDAR is better able to capture accurate heights at a distance. For scenario 1 and
3, the uncertainty is therefore constant for all LIDAR measurements.

Scenarios 2 and 4 are recorded with sensor setup 1, meaning the tilt angle of 20° is
used along with the distance dependent variance model described in Equation (3.14).
This setup clearly limits the accuracy of LIDAR measurements at greater distances,
as the variance increases with distance, which can be seen in Figure 4.3c. This
requires us to trust the SC measurements more at distances, which is not ideal due
to the noisy nature of the triangulated data.

4.1.2 Stereo Camera Performance

After filtering, the SC provides denser point clouds but with higher uncertainty,
particularly at greater distances. Figures 4.4c, 4.4d illustrates the coverage pattern
of the SC, showing the more uniform distribution of measurements compared to
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LiDAR.

The SC’s variance is characterized by increasing quadratically with distance, as
shown in Figure 3.12. At ranges beyond 10 m, the uncertainty becomes significantly
higher than LiDAR when using sensor setup 2, limiting its effectiveness for precise
terrain mapping at greater distances. The mean variance of the SC is also higher
than the LiDAR variance, as can be seen in Figure 4.2.

4.1.3 Fusion Performance

The integration of LIDAR and SC data through our Kalman filter-based fusion ap-
proach yields significant improvements in both coverage and accuracy. As can be
seen in Figures 4.4e, 4.4f, the fused map combines the coverage of both sensors,
providing a more complete representation of the terrain. The data captured in the
plot is from one fusion step. When the vehicle moves forward, new measurements
will be introduced in new uncovered spots while previously estimated voxels will
maintain their height estimation, creating an even richer map.

The variance also improves thanks to the Kalman filter, which effectively combines
the measurements from both sensors while accounting for their respective uncer-
tainties as can be seen in Figure 4.2. The mean variance of all voxels is in some
cases higher than the mean variance of the LiDAR points, which has the lowest
total variance. This can be explained by some voxels only containing measurements
from SC and interpolated LiDAR data which have higher variance, which results
in a higher total variance. The Kalman filter effectively reduces the uncertainty
in regions where both sensors provide measurements, while maintaining the lower
uncertainty of the LiDAR in regions where stereo data is highly uncertain. It is
also worth noting that the data plotted is from one fusion step, meaning that the
Kalman filter has not yet had time to converge. The variance will therefore be lower
in the final map.
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Figure 4.2: Figure showing the mean variance of the LiDAR, SC and Fusion
approach from one fusion step.
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Height estimation accuracy

The accuracy of the height estimation is tested in scenarios 3 and 4 using the dif-
ferent sensor setups described in Section 3.2. Driving towards the measured objects
and recording the height measurements from the LiDAR, SC and Fusion as well
as the variances in the area covering the objects yields a view of how accurate the
height estimation is with our approach. Shown in Figure 4.3 is plots from these tests.

In scenario 3, sensor setup 2 is used, meaning the LiDAR variance is modelled
to be constant. The measurements from the LiDAR are therefore trusted more
than the SC measurements and thus the estimated height more closely follows the
LiDAR measurements, effectively eliminating the noise from the SC measurements.
Though, the LIDAR measurements are quite far away from the true height in this
case. This is likely due to the top-most LiDAR scan line missing the trash can and
going above it. Thus the measurements from the LiDAR in this case are captured
by the second top-most scan line. This is a clear limitation of using a sparse LiDAR
for measuring height in this way.

In scenario 3b, the LiDAR is able to accurately capture the true height of the ob-
stacle from 30 m distance. At around 18 m from the obstacle, the top-most LiDAR
scan line reaches above the trash can, possibly due to a slight ground slope. The
second scan line hits the trash can at 0.4 m above the ground, which is what the
LiDAR then reports as the height. However, our estimation in the area remain close
to the true height. In the top-level voxel covering the obstacle, previous correctly es-
timated sub-voxels by the old measurements remain, as the new measurements from
the second scan lines are only hitting the front of the obstacle. These previously
estimated voxels aren’t updated with new measurements until the vehicle gets closer.

In scenario 4, sensor setup 1 is used along with the distance dependent variance
model. The LiDAR measurements are therefore not trusted as much at a distance,
which makes the Kalman filter trust the SC measurements more. As can be seen in
Figure 4.3c, the LiDAR measurements are far from the true height, creating a sce-
nario similar to the one shown in Figure 3.2. In this case, the SC measurements are
much closer to the true height and thus the estimated height is therefore improved

greatly by smart fusing of measurements from both sensors, compared to only using
the LiDAR.
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Height Over Distance
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(a) Scenario 3a height accuracy. Plotted is the height estimation from the LiDAR,
SC and Fusion and the real height of the object. The error bars show the variance
for each sensor.
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(b) Scenario 3b height accuracy. Plotted is the height estimation from the LiDAR,
SC and Fusion and the real height of the object. The error bars show the variance
for each sensor.
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(c) Scenario 4 height accuracy. Plotted is the height estimation from the LiDAR,

SC and Fusion and the real height of the object. The error bars show the variance
for each sensor.

Figure 4.3: Height accuracy evaluation in two scenarios, created by driving towards
measured objects and recording the heights and variances from the different sensors
as well as the fusion.
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(e) Scenario 1 Fusion coverage. (f) Scenario 2 Fusion coverage.

Figure 4.4: The data from LiDAR, SC and Fusion viewed from top down in
scenario 1 and 2. The red dot represents the vehicle position and the color map
shows the height of the terrain, darker blue means lower terrain and brighter colors
and red means higher terrain.
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4.2 Dynamic Voxelization Analysis

This section describes the performance of our dynamic voxelization approach, which
adapts the map resolution based on terrain complexity. The voxelization process is
designed to optimize memory usage and computational efficiency.

4.2.1 Adaptive Resolution Performance

To demonstrate the benefits of dynamic voxelization, we evaluate the system in two
distinct scenarios with varying terrain characteristics, as illustrated in Figure 4.5:

Scenario 4: Described in Section 4.1.

Scenario 5: A forested area with varying terrain complexity, the type of terrain
where the vehicle is meant to drive, where the fusion approach is expected to demon-
strate its advantages in challenging conditions.

(a) Scenario 4: Flat gravel road with ob- (b) Scenario 5: Forested area with vary-
stacles. ing terrain at standstill.

Figure 4.5: Images showing what the camera sees in the two scenarios. The left
image is from the flat gravel road, while the right image is from the forested area.

The adaptability of our approach is illustrated in Figure 4.6, which shows the dis-
tribution of voxel sizes for both scenarios when at standstill. In scenario 5, a higher
number of small voxels is observed, reflecting the need for finer resolution in areas
with greater terrain complexity. Despite this, the total number of top-level voxels
remains nearly constant between the scenarios, indicating that the system maintains
global structure while adjusting resolution locally.
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(a) Distribution of voxel sizes from sce-  (b) Distribution of voxel sizes from sce-
nario 4, with the total number of top- nario 5, with the total number of top-
level voxels being 545. level voxels being 567.

Figure 4.6: Distribution of voxel sizes showing how the system adapts resolution
to terrain complexity. Smaller voxels are used in areas with high variation while
larger voxels represent uniform regions.

Table 4.1 provides a comparison between the dynamic voxelization approach and
a traditional fixed-size voxel grid using 0.125 m resolution, with measurements col-
lected from scenario 4 when driving forward. The table presents two key performance
metrics that are critical for real-time autonomous operation:

« Memory Usage (MB): quantifies the total memory allocation required to
maintain the terrain representation. The dynamic voxelization approach con-
sumed 26.57 MB compared to 38.88 MB for the fixed voxelization, representing
a 31.66 % reduction in memory footprint.

 Mean Update Time (ms): measures the average time required to process
new sensor data and update the terrain representation during operation. This
includes all computational steps: mapping measurements to voxels, performing
Kalman filter updates and executing split/merge operations where needed (for
the dynamic approach). The dynamic approach required 607.80 ms per update
compared to 1090.43 ms for the fixed approach, yielding a 44.27 % improvement
in computational efficiency. Lower update times directly translate to higher
refresh rates for the world model.

Metric Dynamic Voxelization Fixed Voxelization
Memory Usage (MB) 26.57 38.88
Mean Update Time (ms) 607.80 1090.43

Table 4.1: Performance comparison of running scenario 4: Dynamic vs Fixed
Voxelization
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4.2.2 Dynamic Voxel Height Accuracy

The accuracy of the height estimation when using fixed voxels is tested on scenario
3a and 4 in the same manner as is done in Section 4.1.3 and is plotted in Figure 4.7.
The results vary slightly and may be hard to spot when just looking at the plots,
the exact metrics for the scenarios can be seen in Table 4.2.

In scenario 3a, the RMSE is slightly better for the dynamic voxels but for sce-
nario 4, the RMSE is slightly better for the fixed voxels. The two approaches are
expected to have similar performance in this case, as the purpose of the dynamic
voxelization is not to improve the accuracy of the height estimation, but rather to
improve the computational efficiency and memory usage.
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(a) Scenario 3a height accuracy when using fixed voxels. Plotted is the height
estimation from the LiDAR, SC and Fusion and the real height of the object. The
error bars show the variance for each sensor.
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(b) Scenario 4 height accuracy when using fixed voxels. Plotted is the height esti-
mation from the LiDAR, SC and Fusion and the real height of the object. The error
bars show the variance for each sensor.

Figure 4.7: Height accuracy evaluation in two scenarios using fixed 0.125 m voxels,
created by driving towards measured objects and recording the heights and variances
from the different sensors as well as the fusion.

The performance of these test can vary greatly, as with the fixed voxelization, the
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resolution of the world is changed and thus the measurements may end up in different
voxels compared to the dynamic case. Since the minimum requirement for running
the height estimation in a voxel is that it has LIDAR measurements or interpolated
LiDAR and SC measurements, the height estimation may vary in uncertain ways.

Scenario 3a Scenario 4
RMSE fixed (m) 0.2724 0.1256
RMSE dynamic (m) 0.2576 0.1763

Table 4.2: RMSE height estimation comparison of running scenario 3a and 4:
Dynamic vs Fixed Voxelization

4.3 Terrain Navigation Evaluation

To evaluate the practical benefits of our approach, we conducted a navigation test
in two challenging forest environments. While the path planning algorithm isn’t
a result from this master thesis, it is ultimately what our world representation is
made for. Testing how vehicle runs when using our final world representation is a
test showing the potential of running this approach online on the vehicle for usage
in the autonomous navigation. The test compared the path planning performance
using maps generated from:

e Old approach: Aggregated and filtered LiDAR-only data in fixed 0.1 m res-
olution grid.

e Our approach: Fused sensor data with dynamic voxelization.

The vehicle was first manually driven through the test area and data from both
sensors was recorded. From the recorded sensor data, we could generate one world
representation with the old approach and one with our approach. These world rep-
resentations were then used as environments in a vehicle simulation program where
the path planning could be tested offline. The vehicle’s autonomous navigation was
evaluated in the simulation by comparing the planned path(the manually driven
route) to the trajectory taken by the vehicle in the simulation.

This was tested on two scenarios, scenario 2 (see Section 4.1), named route 1 and
another similar scenario, named route 2, recorded from the same forest environ-
ment. Metrics from these tests can be seen in Table 4.3. The planned path length
is the length of the manually driven path. The path lengths for our and the old
world representations are how long the simulated vehicle was able to drive in each
world representation without stopping due to finding no drivable paths. The RMSE
is the root mean square error between the planned path and the driven paths in
simulation.
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Table 4.3: Path planning performance comparison between our approach and the
old approach in two scenarios.

Route 1 Route 2
Planned length (m) 45.007 24.807
Our path length (m) | 38.994 20.997
Old path length (m) | 18.995 21.497
Our RMSE (m) 0.397 0.385
Old RMSE (m) 0.313 0.437

Since the planned path was recorded by manually driving through the forest, we
are certain that this is a drivable path. The goal is to keep as close to the planned
path as possible while also being able to find drivable path segments along the entire
planned paths. Figure 4.8 shows the paths generated by each approach in a section
of the test area containing slopes, vegetation and obstacles.

In route 1, the simulated vehicle was able to drive 105.3 % longer with our world
representation while also keeping the RMSE at a similar score. Having a longer
total path means that with our world representation the vehicle is able to find driv-
able path segments for a longer stretch. In the old approach, the vehicle stops after
18.995 m due to not finding any drivable paths, potentially due to sensor noise. This
is a great result and shows that our approach is able to filter out potential noise
that the old approach is unable to. We have a slightly higher RMSE, which can be
explained by the vehicle making a slight left turn at the start of the scenario (seen
in Figure 4.8a) when running with our world representation. It is unclear why this
happens in this case, visual inspection of the map doesn’t show any obstacles in the
way here but the path planning algorithm still decides that this is the better path to
take. This would have to be investigated further to draw most robust conclusions.
The overall RMSE is still very similar between the cases and finding longer drivable
routes is overall a more desirable goal.

In route 2, the simulated vehicle is able finish the entire planned path in both
world representations, but with our world representation keeping the RMSE down.
This again shows how our approach has similar or improved performance compared
to only using the old single-sensor approach. Worth noting that the path planning
stops the vehicle if the length of the planned route is too short to keep planning
paths, thus it may seem like both approaches stops prematurely, but this is the
longest possible path which can be produced in this case.
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(a) Planned and generated paths
shown in our world representation for
forest route 1.
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(b) Planned and generated paths
shown in our world representation for
forest route 2.

Figure 4.8: Path planning performance comparison. The world representation is
from our approach. The blue line represents the planned path, while the green line
represents the path generated by the old approach. The red line shows the path

generated by our approach.
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Conclusion and Discussion

This thesis has presented a novel sensor fusion approach that integrates LIDAR and
SC data for enhanced terrain mapping in forestry environments. By leveraging the
complementary strengths of these sensors and implementing a dynamic voxel-based
representation, our system effectively addresses critical challenges in autonomous
navigation for forestry vehicles, achieving improved terrain perception in complex
environments.

5.1 Summary of Contributions

The primary contributions of this work include a robust sensor fusion framework
that effectively combines the high accuracy of LIDAR measurements with the dense
coverage of SC data, resulting in more complete and accurate terrain maps. We have
developed a dynamic voxelization approach that adapts map resolution based on ter-
rain complexity, optimizing memory usage while maintaining high fidelity in regions
of interest. Additionally, we introduced an uncertainty-aware fusion algorithm based
on Kalman filtering that properly accounts for sensor-specific error characteristics,
particularly the distance-dependent uncertainties of both LiDAR and SC measure-
ments. Our approach is validated through comprehensive evaluation across multiple
real-world scenarios, demonstrating quantifiable improvements in mapping accuracy,
coverage and computational efficiency compared to single-sensor approaches.

5.2 Key Findings

Our experimental results demonstrate several important findings that highlight the
advantages of combining complementary sensors with adaptive mapping techniques
for robust and efficient terrain perception in autonomous forestry operations.

5.2.1 Dynamic Voxelization Benefits

The dynamic voxelization approach developed in this thesis shows improvement over
traditional fixed-grid elevation maps. By adaptively adjusting voxel resolution based
on terrain complexity, our system achieved remarkable gains while preserving map-
ping quality in critical areas. Quantitative evaluation revealed a 31.65 % reduction
in memory usage compared to fixed-size voxel grids of equivalent coverage (see Ta-
ble 4.1). This memory efficiency is particularly significant for autonomous forestry
vehicles with limited computational resources.
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Beyond memory savings, the dynamic approach demonstrated a 44.27 % improve-
ment in map update time, allowing for more responsive real-time operation. This
performance enhancement stems from the optimized data structure that concen-
trates computational resources on complex terrain regions while using larger voxels
for homogeneous areas. The adaptive resolution also proved particularly valuable in
forestry environments, where terrain complexity varies dramatically between open
areas and dense vegetation or obstacle-rich regions.

5.2.2 Sensor Fusion Effectiveness

The Kalman filter-based sensor fusion approach successfully leveraged the comple-
mentary strengths of LIDAR and SC sensors, achieving substantial improvements in
terrain mapping capabilities while highlighting important considerations regarding
computational complexity. Our evaluation demonstrates that the fusion approach
provides enhanced terrain coverage and uncertainty quantification that neither sen-
sor achieves independently, with measurable benefits for autonomous navigation in
complex forest environments.

Analysis of accuracy metrics reveals that fusion effectiveness improve or maintain
around the same accuracy compared to single-sensor use. However, the true value
of fusion extends beyond pure accuracy metrics: the approach provides comprehen-
sive uncertainty maps that enable more informed navigation decisions, effectively
trading marginal accuracy improvements for substantial gains in system robustness
and reliability.

The computational overhead of multi-sensor fusion, while non-trivial, yields valu-
able dividends in practical applications. Navigation performance evaluation revealed
that the fusion approach enabled 105.3 % longer drivable paths in Route 1 scenar-
ios, demonstrating superior obstacle avoidance and terrain assessment capabilities
despite comparable RMSE values (0.397 m vs 0.313m). This trade-off between com-
putational complexity and enhanced navigation capability represents a strategic ad-
vantage for autonomous forestry operations, where conservative path planning often
outweighs marginal accuracy gains in ensuring safe and reliable operation.

While our system does show promise in these tests, more extensive real-world evalu-
ations are needed to fully understand the trade-offs between computational complex-
ity and practical navigation performance. Future work should focus on optimizing
the fusion algorithm for specific forestry tasks, potentially incorporating task-specific
heuristics to further improve efficiency without sacrificing robustness. More tuning
of the system could also be done to improve the performance of the Kalman filter,
such as tuning the process noise and measurement noise parameters. The current
system uses a constant process noise and measurement noise, which may not be
optimal for all scenarios. Future work could explore adaptive noise estimation tech-
niques to dynamically adjust these parameters based on environmental conditions
and sensor performance.
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5.3 Limitations and Future Work

Despite the promising results, several limitations and opportunities for future re-
search remain. The current system relies on accurate sensor pose estimation to work
accurately. Future work could explore integration with Simultaneous Localization
And Mapping (SLAM) techniques to improve robustness in GPS-denied environ-
ments, something which can be prevalent in rural forest planting sites [31]. SLAM
can be very useful in forest environments where the GPS signal is weak and the
terrain is complex. The uncertainty models, while effective, could be further refined
through online calibration that adapts to changing environmental conditions such
as lighting, precipitation, or seasonal vegetation changes.

Different sensors could also be investigated for future use. While more expensive,
a LiDAR with higher resolution in scan lines could be used to improve the map-
ping quality. An algorithm to calculate variance dependent on the distance between
LiDAR scan lines could also be used to improve estimation when scan lines reach
above objects. The SC used in the project, the ZED 2i, is running an deprecated
SDK version, which could not be upgraded in this project due to higher level depen-
dency issues. Upgrading the SDK and using StereoL.abs new depth mode which uses
neural networks to improve depth estimation could be used to improve the mapping
quality significantly [32].

From an algorithmic perspective, the dynamic voxelization approach could be ex-
tended in several ways:
» Incorporating semantic information to adapt resolution based on object clas-
sification rather than purely geometric features.
o Implementing temporal process models that increase estimation uncertainty
when voxels go unobserved for extended periods.
o Developing context-aware splitting and merging criteria that consider the ve-
hicle’s task and planning requirements.
o Exploring reinforcement learning approaches for optimizing voxel resolution
based on navigation performance feedback.
o Evaluating alternative voxel shapes, such as hexagonal prisms.

With these suggestions, future work can build on the foundation established in
this thesis to further enhance terrain mapping capabilities for autonomous forestry
vehicles. By addressing the limitations identified and exploring new avenues for
improvement, we can continue to advance the state of the art in sensor fusion and
terrain perception for complex off-road environments.

5.4 Sustainability Aspects
This thesis contributes to the BraSatt project’s goal of improving sustainability in
the forestry industry by optimizing forest regeneration. With current sapling sur-

vival rates of only 70-75% after three years, our robust terrain mapping system
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enables the BraSatt 01 vehicle to navigate complex terrain more effectively, make
better routing decisions, and ultimately create optimal conditions for planting. The
system’s obstacle detection capabilities help preserve biodiversity by avoiding young
trees and sensitive areas, while more efficient navigation routes directly reduce fuel
consumption and greenhouse gas emissions.

Beyond environmental benefits, this technology addresses the societal impact of au-
tomation in forestry. The manual planting process is monotonous, time-consuming,
and physically demanding. By transforming this labor into machine operator roles
utilizing human-machine interaction, we create safer working conditions while en-
abling enhanced data collection for continuous improvement in forestry practices.
This transformation presents dual perspectives: while requiring operator licensing
and education may reduce low-skill job opportunities, the creation of safer, higher-
quality work environments and improved forest regeneration outcomes may outweigh
these concerns.

As the forestry sector transitions toward more environmentally conscious practices,
technologies like those presented in this thesis play an increasingly crucial role in bal-
ancing productivity with ecological responsibility, contributing to both immediate
operational improvements and long-term forest sustainability.

5.5 Practical Implications

The developed system has significant practical implications for autonomous forestry
operations. The improved terrain mapping capability enables safer and more efficient
navigation through complex forest environments, potentially reducing operational
costs and environmental impact. The system’s ability to maintain high-quality maps
with reduced computational resources makes it suitable for deployment on practical
forestry vehicles with limited onboard computing capacity. The improved real-time
performance allows for more responsive navigation, which is critical when operating
in dynamic environments where terrain conditions may change rapidly.

In conclusion, this work demonstrates that intelligent fusion of complementary sen-
sors, combined with adaptive mapping techniques, can improve terrain perception
for autonomous vehicles operating in challenging off-road environments. Our ap-
proach strikes an effective balance between map quality, computational efficiency and
practical applicability, addressing a critical need in the advancement of autonomous
forestry operations. The integration of uncertainty quantification throughout the
mapping pipeline enables not only better terrain representation but also more in-
formed decision-making for autonomous navigation systems, ultimately leading to
more robust and reliable operation in complex, unstructured environments.
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Appendix 1

A.1 Voxel Algorithm
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