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Abstract

This thesis examines the development of the Automatic Terrain Detection and Adap-
tation (ATDA) feature for off-road vehicles. The ATDA system is designed to im-
prove vehicle safety, efficiency, and comfort in demanding off-road environments
characterized by uneven terrain, diverse obstacles, and unpredictable road types
and conditions.

Traditional methods for detecting off-road terrain and obstacles, which rely on ei-
ther image-based or point cloud-based models, have proven insufficient for accurate
predictions. To overcome these limitations, this research integrates camera-based
and point LiDAR-based methodologies through a sensor fusion approach. This inte-
grated method is anticipated to yield more accurate results, significantly improving
the vehicle’s navigation capabilities in complex off-road terrains.

Aligned with the latest trends in sensor fusion for environmental perception in au-
tonomous vehicles, this project prioritizes evaluating path traversability using static
vehicle features rather than the traditional focus on obstacle density. This innova-
tive approach enhances the vehicle’s ability to detect and assess off-road terrain and
obstacles, thereby improving navigation safety and efficiency. With an emphasis on
the integration of camera and LiDAR technologies for enhanced terrain and obstacle
detection and classification.

Keywords: ATDA, Off-Road, Camera, Image data, LiDAR, Point cloud, Sensor
Fusion, path traversability.
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.
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Parameters
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Index for the camera
Index for lidar

Index for the origin
Index for Width

Principal-axis of the camera in x direction
Principal-axis of the camera in x direction
Camera image width

Camera image height

Camera or lidar vertical field of view
Camera or lidar horizontal field of view
Camera focal lenght in x direction
Camera focal length in y direction
Camera calibration matrix

Translation vector for the lidar coordination frame with respect to
origin coordinate frame

Translation vector for the camera coordination frame with respect
to origin coordinate frame

Translation vector for the lidar coordination frame with respect to
camera coordinate frame
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Homogeneous transformation matrix of the camera with respect the
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Rotation matrix of the camera with respect the origin coordinate
frame

Rotation matrix of the lidar with respect the origin coordinate
frame

Rotation matrix of the camera with respect the lidar coordinate
frame
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range of a lidar point

Azimuth angle of a lidar point
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Cartesian coordination of the lidar point
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2D coordination of the left down corner of obstacle box
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1

Introduction

The Automatic Terrain Detection and Adaptation (ATDA) system is an advanced
Vehicle feature designed specifically for off-road driving. Detecting off-road terrain
types and obstacles [1] is essential for both autonomous and manual vehicles, en-
suring significantly safer and more efficient operations in challenging environments.
ATDA enables vehicles to automatically identify various terrain types, such as mud,
sand, gravel, or snow, and calculates the safest path for navigation, helping to avoid
unforeseen obstacles.

The research and development efforts are ongoing. Initially, the approach focused on
using either image-based or point cloud-based models for terrain detection, but these
methods did not provide sufficiently accurate predictions. To improve accuracy,
current research is now integrating both camera-based and LIDAR-based techniques.
This fusion of methodologies is expected to produce significantly more precise and
reliable results in terrain detection and navigation.

1.1 Background

This research work holds significant potential in addressing the intricate challenges
presented by off-road terrain, characterized by its uneven surfaces, terrain type, and
numerous obstacles such as positive or hanging obstacles. Developing technology
that can accurately identify and assess various terrain type and obstacles is essential
for enhancing the safety and efficiency of off-road navigation. This advancement
is closely linked with the progress in autonomous vehicle technology and off-road
capabilities, representing a cutting-edge approach in the field. Such innovations are
crucial for improving vehicle performance in challenging environments.

The thesis capitalizes on the fusion of camera and LiDAR technologies to detect
and classify terrain and obstacles lying ahead of the vehicle. which aligns with
research trends in sensor fusion for environmental perception in autonomous vehicles
[2]. Furthermore, this technology’s emphasis on evaluating path traversability using
static vehicle features instead of traditional methods that prioritize obstacle density
in path planning demonstrates its innovative nature.

1.2 Related Work

Navigating off-road terrain has become increasingly challenging in contemporary
times due to factors such as uneven surfaces, terrain conditions, obstacles, and the
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complexities of vehicle dynamics.

The research article [3] offers a comprehensive overview of terrain detection methods
for autonomous ground vehicles (AGVs) that employ various sensor combinations.
The article emphasizes that detection is a crucial capability for AGVs, particularly in
off-road environments where challenges are more pronounced compared to on-road
settings. The authors categorize detection into three major components: drivable
ground, positive obstacles, and negative obstacles. Despite numerous studies fo-
cusing on individual aspects of detection—such as sensing technologies, learning
algorithms, and obstacle identification—the article highlights that no existing ap-
proach fully integrates all these critical elements into a cohesive solution for off-road
environments. The article discusses the use of various sensors, including LiDAR,
cameras, radar, infrared, lasers, and stereo vision, along with advanced algorithms
like CNNs, supervised and unsupervised learning, SVMs, and deep learning. Al-
though significant advancements have been made, challenges remain, including is-
sues like sensor alignment, false detection, the complexity of real-time analysis, and
environmental difficulties. The article points out the potential for improving detec-
tion performance through sensor fusion, artificial intelligence, remote sensing, and
new algorithms, while also addressing computational complexity. The authors call
for further research to overcome these challenges, emphasizing the importance of
real-time analysis, 3D object detection, and V2X connectivity in enhancing off-road
detection systems. They believe their work will serve as a valuable resource for
researchers pursuing similar advancements in AGV detection technologies.

The article [4] introduces an efficient method for obstacle detection and simultane-
ous identification of traversable regions in off-road terrains, addressing challenges
posed by unpredictable surfaces and vehicle dynamics. The approach relies on high-
definition 3D Lidar points, incorporating both radial and transverse features.The
methodology involves systematic processing of Lidar points through simultaneous
scanning lines and sectors within the polar system. Radial features enable rapid
obstacle identification, while transverse features are used to validate detections and
reduce false positives. The resulting delineation of constrained regions, comprising
the nearest obstacle points within each sector, defines the traversable area around
the vehicle. Notably, the method excels in real-time detection of positive, negative,
and hanging obstacles. Experimental results highlight the robustness and precision
of the proposed method across diverse off-road environments. This approach signi-
fies a significant advancement in enhancing the efficiency and reliability of obstacle
detection and traversable region determination, demonstrating its practical applica-
bility in real-world scenarios.

The article [5] explain about the development of Off-road detection algorithm for au-
tonomous navigation. Two pieces make up the environment detection algorithm: 1)
Detection by eyesight; 2) Detection through LIDAR. The detection of speed bumps,
pedestrian crossings, and driving lanes have all been accomplished with vision-based
detection systems. The VELD module has evaluated the information the color cam-
era has detected regarding the driving lane. To estimate the current lane without
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misidentification or loss, the lane filter was created. Obstacles have been identified
by LIDAR detection. The inability to use precise vehicle position data led to the
algorithm’s decision to create a local obstacle map rather than a global one.

The article [6] explains about multi-sensor fusion technology. This innovative ap-
proach enhances navigation and localization in challenging off-road environments,
such as rough terrains, by amalgamating data from various sensors. The focal point
is the utilization of a deep learning architecture for the identification of drivable and
obstacle regions in images, employing semantic segmentation to simultaneously clas-
sify and cluster regions. To further improve the effectiveness of drivable region clas-
sification, a LIDAR-based ground segmentation method is introduced. This method
involves splitting regions into smaller bins and applying a ground fitting technique
with adaptive likelihood estimation. A late fusion method is then proposed to
seamlessly combine the results from both semantic segmentation and LiDAR-based
ground segmentation, offering a more comprehensive classification of the drivable
region.

The article [7], describes the the PointPainting method is a novel sequential fusion
technique is described. It paints lidar point clouds with semantics based on images.
On the KITTI and nuScenes competitions, PointPainting achieves state-of-the-art
results using several different lidar networks. Because of its adaptability, the Point-
Painting framework can integrate the outputs of any lidar network and segmentation
network. When combining picture and lidar data for 3D object detection, Point-
Painting is the best architecture, as shown by the strength of these results and their
broad applicability.

The research article [8] investigates LIDAR and camera sensor fusion for semantic
segmentation using deep learning transformers DeiT. It explores various fusion levels
and finds slight performance improvement over LiDAR-only models in mean Inter-
section over Union (mloU) across 19 classes. Despite potential overfitting to small
datasets like SemanticKitti, fusion models demonstrate benefits in feature extrac-
tion. Challenges such as class imbalance, particularly with the motorcyclist class,
are noted. Future work entails larger dataset training and different fusion archi-
tectures to enhance performance. Overall, the research underscores the potential
of deep learning fusion models, especially middle-level fusion, in advancing LiDAR
point cloud segmentation, indicating the importance of image-based transformers in
fusion frameworks.

The reserach article [9] has focused on employing fusion-based strategies to im-
prove semantic segmentation. One noteworthy study explores 3D LiDAR semantic
segmentation using a perception-aware multi-sensor fusion (PMF) method. This
method, in contrast to previous approaches, projects point clouds onto the camera
coordinate system in order to combine perceptual data from RGB images. By using
residual-based fusion modules and a two-stream network, PMF effectively combines
data from both modalities, improving segmentation accuracy. The efficiency of
PMF is validated by empirical results on benchmark datasets, which also suggest
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intriguing areas for future research in difficult tasks like as object identification in
auto-driving scenarios.

1.3 Aim

Vision: The primary objective of this thesis is to develop the Automatic Terrain De-
tection and Adaptation (ATDA) feature to enhance vehicle performance in off-road
conditions. This involves designing a robust system that can accurately detect and
assess various off-road terrain types, surface conditions, and variant obstacles over
the terrain, ensuring safer and more efficient navigation in challenging environments.

Acceptable Outcome (Minimum Requirement): At a minimum, the project
aims to deliver a functional prototype of the ATDA feature that demonstrates the
capability to detect and classify off-road terrain and obstacles in front of the vehi-
cle using camera and Lidar technologies. The prototype should be able to provide
binary assessments of path traversability based on static vehicle characteristics, in-
dicating whether a given path is suitable for straight-line navigation without direc-
tional changes. Additionally, the acceptable outcome includes the development of a
simulation environment for testing and validation purposes, ensuring the reliability
and accuracy of the ATDA feature under various off-road conditions.

1.4 Objective

1.4.1 Research Questions

o« What are the strengths and limitations of existing off-road detection algo-
rithms, specifically those utilizing vision-based detection systems and Lidar
technology?

o How can a multi-sensor fusion approach, incorporating deep learning and se-
mantic segmentation and Lidar technologies contribute to the identification of
irregular surfaces, and categorization of obstacles for off-road traversability?

e In the context of off-road conditions, how can a binary assessment model be
developed to determine the traversability of a path, based on constraints and
vehicle properties?

1.5 Limitation

In this research, we will focus exclusively on the navigability of a given path without
addressing the dynamic aspects of the vehicle. The primary goal is to determine
how well a vehicle can traverse on uneven terrain with numerous obstacles. In this
scenario, the vehicle will operate in a static mode, conducting a brief scan of the en-
vironment using a camera and a LiDAR sensor mounted on top. Based on this scan,

4



1. Introduction

the vehicle will make decisions considering its physical attributes, such as height,
width, and length.

A significant limitation of this work is, the unavailability of a dataset that com-
bines both camera and LiDAR sensor data for off-road environments. To overcome
this challenge, an off-road scenario was simulated using the IPG-Carmaker tool to
generate the necessary dataset for training, validating, and testing the model. In this
simulation, a vehicle equipped with a camera and LiDAR sensor was driven through
created off-road environment scenario to collect the essential data from both sensors.

The IPG simulation tool offers a robust platform for creating customized scenar-
ios with all the necessary sensor configurations. However, it has certain limitations,
such as the inability to replicate the real-time texture of off-road terrain, it has
limited off-road terrain objects and the data transfer rate, which prevents it from
achieving a completely authentic off-road experience. The simulation tool allows
only the attachment of an image representing the road type to the surface, which
means that changing the road type does not alter the complete physical properties
of the road, such as unevenness, reflection rate, friction, etc. Consequently, while
the camera can detect different surface types, the lidar perceives all these different
road types with the same behaviour and properties. To address this issue, road type
classification relies solely on camera observations. Instead of creating a single model
that takes both camera and lidar data as input and outputs object class predictions,
two separate models were trained. The first model uses camera images as input and
classifies the object classes, especially the road type, producing an output image.
The second model uses lidar data as input and provides a classified object image
as output, excluding road type and sky. Finally, these two predictions are fused to
generate a more robust and accurate predicted image. It is important to note that
this research will not address the real properties of the objects, such as their shape
and friction.



1. Introduction




Theory

This chapter delves into the foundational concepts crucial to our thesis, particularly
focusing on off-road terrain and obstacle detection. We elucidate key methodologies
employed to address these challenges, including the formulation of our dataset, the
theoretical underpinnings of 2D and 3D semantic segmentation, and our approach
to prediction analysis. While our discussion may be concise, we offer references to
pertinent literature for those keen on further exploration.

2.1 Off-road Terrain and Obstacle Detection

Off-road environments encompass regions that extend beyond suburban or non-
urban boundaries, typically lacking structured roadways and infrastructural ele-
ments. These areas are generally devoid of well-defined routes, road signs, and
traffic signals, which are standard features in developed areas. Examples of off-
road environments include forests, rural roads, muddy or sandy tracks, and terrains
covered by dense vegetation as shown in 2.1

Figure 2.1: Off-Road Scenarios

In essence, off-road environments are settings that lack essential driving facilities
and clear instructions, presenting conditions that are significantly more challeng-
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ing than conventional driving environments. These areas do not provide the basic
amenities such as paved roads, signage, or predictable pathways, thereby demanding
advanced navigation and maneuvering skills.

Biao Gao et al.[10] Off-road environments often require vehicles to traverse uneven,
unstable, or obstructed surfaces, necessitating robust and adaptable navigation sys-
tems . The lack of predefined routes and traffic management infrastructure in these
areas means that vehicles must be capable of interpreting and responding to dynamic
and unpredictable conditions. Consequently, navigating off-road environments in-
volves a higher level of complexity and adaptability, making it a critical area of
study for developing ATDA.

2.2 Dataset Development

Dataset development is a crucial step in the creation and validation of the ATDA
model. In our research, we utilize the IPG Carmaker simulation tool to generate the
necessary datasets. Based on the methodologies detailed by Peng Jiang et al. [11],
we have created a new dataset comprising image data and LiDAR point clouds. This
methodology employs semantic segmentation techniques to enhance the volume and
quality of off-road datasets, thus promoting further research and development in this
field. Furthermore, Suvash Sharma et al. [12] provide an in-depth description of the
off-road environment, highlighting the numerous uncertainties inherent in off-road
driving. These uncertainties include uneven terrain, positive and negative obstacles,
ditches, quagmires, and hidden objects, all contributing to the highly unstructured
nature of such environments. The ability to traverse these areas is dependent on
the vehicle’s type and capabilities.

In accordance with the insights from these articles, we have designed various off-
road scenarios within the IPG Carmaker simulation tool. Using these scenarios, we
collected, streamed, and pipelined image data from camera sensors and point clouds
from LiDAR sensors, forming the basis for our dataset development efforts.

2.3 2D semantic segmentation

2D semantic segmentation is a fundamental technique in the field of computer vision
that focuses on the detailed interpretation of an image by partitioning it into distinct
regions, each corresponding to different objects or classes. This method contrasts
with traditional image classification, which assigns a single label to an entire image,
offering only a broad understanding of the scene. In semantic segmentation, every
pixel in the image is classified into a specific category, resulting in a comprehensive
pixel-level understanding of the scene.

The process begins with the analysis of the image, where advanced algorithms and

models, often based on deep learning architectures such as Convolutional Neural
Networks (CNNs), are employed to identify and categorize each pixel. These mod-

8



2. Theory

els are trained on large datasets containing images with annotated pixel-level labels.
The training process involves learning the intricate features and patterns that dis-
tinguish different classes, enabling the model to accurately segment new, unseen
images.

2.3.1 2D-Segmentation: Network Architecture

In off-road environments, semantic segmentation encounters formidable challenges
owing to the intricate and dynamic nature of such settings. The presence of diverse
natural elements, coupled with variations in terrain and lighting conditions, poses
significant hurdles to achieving accurate segmentation. As noted by Youngsaeng Jin
et al. [13], the evolution of semantic segmentation methods has been closely tied to
the advancement of Convolutional Neural Networks (CNNs), particularly leveraging
deep architectures like ResNet and ResNext as encoders for robust feature extrac-
tion.

In pursuit of precise segmentation masks, researchers have introduced various so-
phisticated decoder modules. While early methods laid the groundwork, their sim-
plicity constrained their efficacy. Modern approaches, exemplified by PSPNet and
Deeplab, have elevated performance by integrating multi-scale contextual informa-
tion using spatial pyramid modules. Additionally, techniques employing dense layers
facilitate feature reuse, while attention mechanisms enable capturing global context.

To delve deeper into these techniques, our proposed methodology involves the devel-
opment of a novel architecture of U-NET [14] and PSPNet (Pyramid Scene Parsing
Network) [15], [16]. In which ,U-Net utilizes a CNN architecture consisting of a
contracting path (encoder) and an expansive path (decoder). The contracting path
captures context information through convolutional and pooling layers, while the
expansive path enables precise localization through upsampling operations. where
as, PSPNet captures global context information at multiple scales by using a pyra-
mid pooling module. This helps in better understanding the scene and improves
segmentation accuracy. All those network architecture models are trained with the
categorical cross-entropy loss and Adam Optimizer

Through rigorous analysis and performance evaluation, we aim to glean insights into
the effectiveness of these approaches. By assessing metrics such as accuracy, preci-
sion, recall, and computational efficiency, we endeavor to draw conclusive findings
regarding the efficacy of our proposed architecture compared to existing methodolo-
gies. This research endeavors to contribute to the advancement of semantic segmen-
tation in challenging off-road environments, thereby enhancing the applicability of
computer vision systems in real-world scenarios.

2.3.2 Semantic segmentation: Backbone

In the context of semantic segmentation, the backbone is a fundamental component
of the neural network architecture, primarily responsible for extracting features from
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the input image. Utilizing an effective backbone is crucial for enhancing both ac-
curacy and performance of the segmentation model. To achieve improved accuracy
and performance, we intend to implement widely-used backbones such as Residual
Network (ResNet) and Visual Geometry Group with 16 layers (VGG16) in our seg-
mentation model. These backbones have been extensively validated in the literature
[17] and are known for their robustness in feature extraction and contribution to the
overall effectiveness of the model.

2.4 3D Semantic segmentation

3D semantic segmentation is a fundamental technique focuses on the detailed inter-
pretation of a 3D scene by partitioning it into distinct regions, each corresponding to
different objects or classes. This method contrasts with traditional 3D object clas-
sification, which assigns a single label to an entire object or scene, offering only a
broad understanding of the environment. In 3D semantic segmentation, every point
in the 3D space is classified into a specific category, resulting in a comprehensive
point-level understanding of the scene.

The process begins with the analysis of the 3D data, where advanced algorithms
and models, often based on deep learning architectures such as Convolutional Neural
Networks (CNNs) and more specialized networks like PointPainting, Squeezeseg V2,
Point-Net and its variants, are employed to identify and categorize each point. These
models are trained on large datasets containing 3D data with annotated point-level
labels. The training process involves learning the intricate features and patterns
that distinguish different classes, enabling the model to accurately segment new,
unseen 3D scenes.

2.4.1 3D-Segmentation: Network architecture

The most commonly used 3D semantic segmentation technique has been PointPaint-
ing [7] ,[18], which enhances 3D object detection by integrating semantic information
from images into point clouds. This method uses semantic segmentation masks de-
rived from RGB images and applies them to point clouds. The semantic labels from
the 2D image are projected onto the 3D point cloud, effectively "painting" each point
with its corresponding label.

However, due to constraints related to our data sources, computation unit and sim-
ulation environment. we have opted to implement an alternative technique known
as SqueezeSegV2. This technique processes point clouds as input and generates an
output image with five channels. SqueezeSegV2 is designed to improve the efficiency
and accuracy of semantic segmentation in 3D point clouds by leveraging this multi-
channel output format.

SqueezeSegV2 [19] is an advanced technique for 3D semantic segmentation that

builds upon its predecessor, SqueezeSeg, with enhancements in model accuracy and
robustness. Specifically designed to process LiDAR point cloud data, SqueezeSegV2
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uses a convolutional neural network (CNN) architecture to efficiently handle 3D
data by transforming it into a 2D representation. The model was trained with the
focal cross-entropy loss and Adam Optimizer.

The process begins with an input transformation: the raw point cloud data is pro-
jected onto a spherical surface to create a range image. This range image includes
five channels: range, intensity, and three Cartesian coordinates (x, y, z). The five-
channel range image is processed using a CNN that extracts features through a
series of convolutional layers, designed to capture spatial relationships and patterns
within the data. The network refines these features and outputs a segmented image,
where each pixel is classified into specific categories corresponding to different object
classes or environmental features.

2.5 Fusion technique

Advancements in Convolutional Neural Networks (CNNs) and deep ensemble learn-
ing techniques have greatly enhanced image recognition tasks, offering essential aid
to millions of individuals globally who experience hearing loss. A prominent illus-
tration of this is the ASL Recognition System utilizing multiple deep CNNs and
accuracy-based weighted voting (AWV). This system includes stages such as data
preprocessing, feature extraction, and classification. It employs ensemble learn-
ing with various CNN architectures—LeNet, AlexNet, VGGNet, GoogleNet, and
ResNet—to extract features. The extracted features are then used to generate new
datasets for classification. AWV algorithm used in this system gives precedence
to models with higher accuracy, thereby improving overall performance. Remark-
ably, ARS-MA achieved accuracies of 98.83% and 98.79% on the ASL Alphabet and
ASLA datasets, respectively[20].

Inspired by the ARS-MA methodology, a comparable approach can be employed
to fuse semantic segmentation predictions from two models through accuracy-based
weighting. This technique ensures that the predictions from both models are taken
into account, resulting in a more robust and accurate final prediction.

2.6 Rapidly-exploring Random Tree Star(RRT*)

The path planning algorithm for moving objects is highly complex and lacks suf-
ficient automatic path planning capabilities to handle intricate real-world environ-
ments. To overcome these limitations, a rapid path planning algorithm based on
RRT-Star is required [21]. RRT is a path planning method that utilizes random
sampling [22]. The algorithm efficiently avoids obstacles during movement and aims
to optimize for criteria such as shortest distance, minimal time, or lowest energy
consumption. Due to its high search speed and lack of preprocessing requirements,
it is widely used. Rather than modeling the environment, the algorithm generates
a random tree by exploring the entire space through random sampling[23].

The first step of the algorithm is to predefine certain parameters:

e Start point: The current position of the vehicle.
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e Goal point: The target destination of the vehicle.

e Step size: The distance between each node.

e Search radius: Defines the circular area around a random point within which
all nodes are considered for potential connections. The center of this circle is
the random point.

e Goal radius: The circular area around the goal point.

e Maximum number of iterations: The limit at which the algorithm ceases
exploration.

After defining the start point for the algorithm, the model begins generating random
points within all navigable areas. The next step is to find all points within the
search radius of each random point. The model then evaluates these nearby points
to determine which connection results in the lowest cost. The cost is defined as the
number of connections between each point and the start point. The model selects
the nearby point with the lowest cost.

Subsequently, a collision check function is utilized to ensure that a straight line
between the selected point and the random point does not intersect any obstacles.
If a collision is detected, the model skips the current point and evaluates the next
nearest point with a lower cost. This step differentiates RRT* from RRT. In RRT,
the nearest point to the random point is selected without considering the cost.
Next, the algorithm draws a straight vector between the chosen point and the ran-
dom point, with a length equal to the step size and in the direction from the nearest
point to the random point. A new point is created at the end of this vector, and
the random point is discarded. The new point will be added to the nodes vector
and the its nearest point will be added to the parents vector.This process continues
until one of the newly generated points is located within the goal radius and the
number of iterations is less than the maximum number of iterations. If the number
of iterations exceeds the maximum without any new point reaching the goal circle,
the exploration stops and the goal is not reached.

There is obstacle between the random
point and its nearest point

eeeeeee

Figure 2.2: RRT* algorithm in different steps if the goal is reached

When the goal is reached, the final point will be added to the path array, followed
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by its parent, then its parent’s parent, and so on. This process continues until the
start point is reached. Finally, the path vector will be reversed to start from the
initial point and end at the final point.
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Methods

In our pursuit to improve navigation safety through off-road terrain and object
detection, we will concentrate on resolving a series of critical sub-problems. It’s es-
sential to emphasize that our reliance on simulation software such as IPG for model
evaluation precludes us from utilizing real-world data. The sub-problems we aim to
address in order to attain our objective are as follows:

e Scenario creation and Sensor configuration

o Data Acquisition and Preprocessing

o Implementation of Semantic Segmentation Fusion

o Development of Mathematical Algorithms

e Evaluation and Performance Assessment of the Implementation

e Designing an Analytical Model for Enhance Decision-Making

3.1 Scenario creation

Scenario creation is crucial to achieving our objectives, as it forms the basis for
configuring sensors and streaming essential data during the research process. The
goal is to design a highly accurate and specific dataset for off-road environments,
with a strong emphasis on precision in scenario design and sensor setup. This
ensures that the collected data aligns closely with the thesis objectives, providing a
solid foundation for the development and testing phases.

3.1.1 Scenario Design in IPG

In the IPG Carmaker simulation software [24], we meticulously construct off-road
terrains. These terrains are characterized by diverse and irregular surface conditions,
simulating a range of challenges encountered in off-road environments. Within the
simulation environment, we engineer scenarios featuring varied surface profiles and
obstacles such as trees, bushes, rocks, stones, and logs scattered across the terrain.
Our approach involves creating off-road scenarios tailored to three distinct road
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conditions [25]: gravel, mud, and snow. Each scenario is carefully crafted to achieve
our thesis objective, ensuring that the simulated environments accurately represent
the challenges posed by different off-road terrains.

Given that the obstacles described earlier are not considered solid objects within the
IPG environment, the vehicle can traverse them without encountering collisions.
However, to facilitate collision testing, a solid object representation is required.
Therefore, cones have been introduced as solid objects in our scenario.

Figure 3.1: Created scenario in IPG CarMaker

3.1.2 Sensor mounting and Configurations

Our research focuses primarily on harnessing image and point cloud data, necessitat-
ing the deployment of camera and LiDAR sensors on our test vehicle. The placement
of these sensors is of paramount importance as it directly influences the coverage
of the field of view (FOV) within the processing regions. It’s crucial to highlight
that our chosen sensors are Raw Signal Interfaces (RSIs), specifically tailored for
component development and testing. RSIs prioritize a meticulous examination of
physical effects through signal propagation in the environment. Unlike conventional
sensor types, RSIs do not incorporate processing or tracking components, granting
users the flexibility and responsibility to model all electronic and software elements.
This unique attribute empowers users to delve into the intricate details of real com-
ponents under development or testing while safeguarding proprietary knowledge.

The primary objective of physical sensor models is to furnish input data for the sen-
sor’s perception algorithms. These inputs typically comprise image data for camera
simulation or LiDAR point clouds. Generating these raw signals necessitates metic-
ulous consideration of detailed physical effects, as well as the geometry and material
properties of objects. Physical sensor models [26] represent the pinnacle of realism,
albeit being the most computationally demanding sensor models. In our open inte-
gration and test platform, CarMaker, physical sensor models are referred to as Raw
Signal Interfaces (RSIs) 3.2.
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Physical sensor models

Reality

Phenomenological

sensor models

Ideal sensor models

Complexity

Figure 3.2: Physical sensor models are referred to as Raw Signal Interfaces (RSIs)

3.1.2.1 Camera Sensor

In our simulation software, the utilization of camera sensors is integral for capturing
the environmental dynamics, providing essential RGB data outputs. The process
involves meticulous configuration, which is structured into two distinct phases: Sen-
sor Configuration and Sensor Assembly.

In the initial phase, Sensor Configuration 3.3, critical parameters such as field of
view (FOV), resolution, lens types, and Coloration mode are fine-tuned to align
with the specific requirements of the simulation scenario. This step ensures the pre-
cise capture of visual data essential for accurate analysis and simulation outcomes.
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Figure 3.3: Camera Parameterized Window

Following Sensor Configuration, the next phase is Sensor Assembly 3.4, where pa-
rameters related to name of the sensor, Configured Parameterization, positioning in
meters(m) and orientation in degree(deg) in the x, y, and z dimensions are metic-
ulously configured. Adhering to Zeekr’s standard criteria, sensors are strategically
positioned to optimize data collection efficiency and ensure compliance with project
specifications. This step is crucial for achieving reliable simulation results by accu-
rately replicating real-world scenarios.
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[ CarMaker Office - Vehicle Data Set: Van_model - X

Vehicle Data Set File v close ||

Assemw‘ Body | Suspensions | Steering | Tires | Brake | Powertrain | Sensors | Vehicle Control | Additional

Config- :&;mle - SL_Param ,
uration {
CameraRs! - CARS00 }
engine | [SHGE] [E—
Mount LidarRSI - LIRS00 — A t
: o |
Body
N ——
Chassis ) \
1 =]
Powertrain k i —— ) e s 2 l
Trim Load 7 Adi l
ve
o Name C_RsI
Mountings Parametrization CameraRSI-CARS00  + »|
Position x/y/z[m] 43 00 2
Orientation x/y/z[deg] 00 00 00
Body mounting 3/ Frame FriA
Expert parameters »
Sensor Cluster >
Cycle time [ms] /-offset [ 10
s into Latency min / max 10 1
Zcraphic F o 29

Figure 3.4: Camera Sensor Mounting Window

Moreover, an advanced feature known as the sensor cluster 3.5 is available, par-
ticularly for RSI sensors. This feature enables users to configure cycle time, cycle
offset, and latency values, enhancing the functionality and performance of the sen-
sors within the simulation environment.
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Figure 3.5: Camera Sensor Cluster Window

Through the systematic configuration of sensors and adherence to established stan-
dards, our simulation software empowers users to generate highly accurate and re-
liable simulations, facilitating insightful analysis and decision-making processes.

3.1.2.2 Lidar Sensor

In our simulation framework, the integration of LIDAR sensors plays a pivotal role in
capturing the intricate 3D point cloud representation of the environment. This pro-
cess involves the meticulous collection of crucial data elements, including BeamlID,
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LOF (Length of Flight), and intensity. To ensure alignment with our scenario spec-
ifications, we undertake a comprehensive sensor configuration approach.
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Figure 3.6: Lidar Sensor Parameterized Window

During the sensor configuration phase 3.6, we meticulously fine-tune various param-
eters to optimize sensor performance. These parameters encompass critical aspects
such as range, the number of cloud points, and the field of view (FOV) in both verti-
cal and horizontal dimensions. Additionally, settings related to Beam configurations
(FOVH, FOVV, Beams h/V), as well as the intensity gain map (default Value), are
carefully adjusted to achieve the desired simulation outcomes.
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Figure 3.7: Lidar Sensor Mounting Window

Furthermore, in the next phase is Sensor Assembly where parameters related to
name of the sensor, Configured Parameterization, positioning in meters(m) and
orientation in degree(deg) in the x, y, and z dimensions are meticulously configured.
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Figure 3.8: Lidar Sensor Cluster Window

Moreover, for enhanced functionality and performance, our simulation framework
offers the Sensor Cluster 3.8 feature tailored specifically for LIDAR sensors. Within
this feature, users can configure parameters such as cycle time, cycle offset, latency
(both minimum and maximum), and reflections. These settings empower users to
optimize sensor behavior, enabling comprehensive data capture and analysis within
the simulation environment.

By meticulously configuring LiDAR sensors and adhering to established standards,
our simulation framework facilitates precise and reliable 3D environment capture,
empowering users with invaluable insights for decision-making and analysis.

3.2 Data Acquisition

In our project focused on terrain classification and object detection, data acquisition
stands as a pivotal consideration, especially within the simulation environment. We
rely on two primary sensors, namely cameras and Lidar, to gather essential data for
training and testing our model. These sensors play a crucial role in capturing diverse
environmental features and nuances, enabling our model to accurately classify and
detect various terrains and objects.

3.2.1 Acquisition of camera data

To facilitate our 2D model’s development, we employ a camera to capture environ-
ment images, which are then streamed to local storage for model implementation,
training, validation, and testing. This streaming process utilizes the TCP/IP proto-
col 3.9. To execute this streaming process seamlessly, we have meticulously modified
the C-language script "RSDS-client-camera-standalone.c" to align with our specific
requirements. This tailored script facilitates the smooth transfer of image data from
the simulation environment’s memory to designated local drive storage, ensuring the
preservation and accessibility of critical simulation data.
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Figure 3.9: Process Flow for Image Data Streaming
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Figure 3.10: Streaming Output

To Initiate the image data streaming necessitates meticulous configuration within
the sensor cluster configuration window (3.5). Here, meticulous attention is paid
to configuring the communication port, a pivotal step in ensuring the successful
establishment of the streaming process. With the TCP/IP protocol chosen for data
transfer, setting the Socket (channel port number) as 2210 is imperative for seam-
less communication. Additionally, since our communication relies on the custom
C-language script, the client type must be designated as user-defined, deviating
from the default configuration intended for simulation programs.
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Upon completing the configuration process, the execution of the "RSDS-client-
camera-standalone.exe" executable file in the command prompt marks the com-
mencement of the streaming process. As the RSDS TCP/IP connection is estab-
lished and the simulation environment springs into action, a reassuring confirmation
message (3.10) signals the readiness to receive data from the simulation. With the
simulation in motion, the streaming process unfolds, diligently storing the captured
data in the designated directory.

This pivotal action must be repeated for each terrain condition, ensuring compre-
hensive data capture, and whenever simulation data is required to be streamed for
analysis or further utilization. Through meticulous attention to detail and seamless
execution, our methodology ensures the efficient and reliable streaming of simulation
data, laying the groundwork for robust modeling and analysis endeavors.

3.2.2 Acquisition of lidar data

In our endeavor to develop a 3D Semantic Segmentation model, streaming Lidar data
plays another pivotal role. Upon the completion of a project within the IPG, an ex-
ecutable Simulink file comprising various blocks will be produced. Furthermore, the
option to access an IPG Graphical User Interface (GUI) via the Simulink file is also
facilitated. To accomplish this, we’ve developed a Simulink script to extract data
from the simulation environment and stream it to the Matlab workspace. Subse-
quently, this data is saved as a struct file, ready for further preprocessing steps.The
Lidar sensor within the simulation environment provides raw data, necessitating a
conversion process to get the Cartesian coordination of all of the point clouds. The
output quantities from the Lidar sensor, as depicted in the accompanying Figure
3.11, require careful analysis and processing to ensure accuracy and reliability in
subsequent stages of model development and evaluation.

Figure 3.11: Lidar block added to the Simulink code for data acquisition

3.3 Preprocessing the dataset

After obtaining the dataset, the immediate subsequent step is data preprocessing, a
crucial procedure to guarantee the accuracy and reliability of the data for subsequent
implementation and evaluation phases. Given that we are handling data from two
sensors, precision becomes particularly vital to mitigate any potential data loss or
scarcity.
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3.3.1 Data alignments

Data alignment involves structuring the data into a standardized format suitable
for tasks like data augmentation and splitting for model training, validation, and
testing. In the context of sensor data fusion, it’s crucial to ensure that both image
and point cloud data are timestamped synchronously.For instance, we've devised
an algorithm tailored for Lidar sensor data. This algorithm converts the raw data
from the sensor’s Length of Flight (LOF) format into a more manageable x, y, and
z format. This conversion process entails utilizing azimuth and elevation angles to
accurately represent the spatial coordinates of the points in the point cloud. By
aligning the data and transforming it into a consistent format, we ensure that our
models receive synchronized input, facilitating effective fusion of image and point
cloud data for enhanced analysis and decision-making.

3.3.2 Data Annotation

Semantic segmentation involves analyzing and categorizing each pixel or point in an
image or point cloud, distinguishing between different classes or categories. Before
implementing the model, data annotation is essential to provide ground truth labels
for training and evaluating the model’s performance.In our case, where we're de-
veloping both 2D and 3D semantic segmentation models, annotation is required for
both image and point cloud data. This entails labeling each pixel in images and each
point in point clouds with the corresponding semantic class or category. Annotation
ensures that the model learns to accurately classify and segment objects or regions
of interest within the data. It provides the necessary supervision for training the
model to understand the semantic context of the scene, enabling it to make informed
decisions during inference.

3.3.2.1 Image data Annotation

In dealing with simulated data using the IPG Carmaker simulation tool, there’s a
convenient feature for obtaining annotated images. To utilize this feature, you’ll
need to configure several parameters and create an object class configuration file.
This file defines all the objects present in your simulations scenario along with
their corresponding masked colors.Before initiating the simulations, it’s essential
to bind the "ObjectClass.cfg" file within the sensors configuration box. Once the
configuration is complete, you can stream the data and store it in the respective
directory.

3.3.2.2 Cloud-Point data Annotation

Annotating point cloud data isn’t as straightforward as annotating image data. To
annotate point clouds, we first need to project them onto an encoded image. The
detailed implementation is explained in 3D semantic segmentation section 3.2
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3.4 Segmentation Model

Our main task now revolves around implementing a semantic segmentation model.
To accomplish this objective, we propose a solution that enhances sensor fusion
techniques. Initially, we’ll develop a 2D model for image prediction, while simul-
taneously creating a 3D model for cloud-points prediction. Subsequently, we fuse
the predicted outputs from both the 2D and 3D models to improve the accuracy of
our predictions. This fusion process aims to leverage the strengths of each model,
ultimately leading to more precise segmentation results.

3.4.1 2D Image Segmentation

Based on surveys and existing research [27], we have chosen to employ the U-Net
and Pyramid Scene Parsing Network (PSPNet) architectures for training 2D seman-
tic segmentation models. This decision is driven by the specific challenges posed by
outdoor environments, particularly uneven terrains. The U-Net architecture is well-
suited for capturing fine details and nuances in complex scenes, making it an ideal
choice for detecting subtle variations in outdoor terrain. On the other hand, PSP-
Net’s ability to aggregate global contextual information from different regions.

3.4.1.1 Model Creation and Training

In the initial phase of our project, we embarked on constructing a 2D semantic
segmentation model utilizing the U-Net architecture, bolstered by a ResNet back-
bone. This foundational step involved meticulous fine-tuning of hyperparameters
and selecting an appropriate loss function to optimize precision. Concurrently, we
replicated this architecture using the VGG16 backbone for comparison purposes.
Subsequently, in the second stage, we transitioned to employing the PSPNet archi-
tecture, also leveraging a ResNet backbone, and tailored a specific loss function to
enhance model performance. Simultaneously, we repeated the training process using
the PSPNet architecture with the VGG16 backbone.

Throughout these stages, we meticulously monitored and analyzed various metrics
including computation time, memory usage, and precision. This rigorous compar-
ative analysis allowed us to discern the strengths and weaknesses of each model
variant.Upon thorough evaluation, we concluded that the U-Net architecture with
the ResNet backbone exhibited superior performance compared to the other model
configurations. This determination was based not only on precision metrics but also
on considerations such as computation time and memory efficiency.

3.4.1.2 Dataset pre-processing

Prior to commencing the model training process, it is imperative to preprocess the
dataset. The input data for the U-net model is required to be an RGB image with
dimensions of 256 x 256 x 3. Conversely, the model’s output data shall consist of an
encoded grayscale image with dimensions of 256 x 256. In the case of PSPNet, the
input dimensions are specified as 240 x 240 x 3 for RGB images, with corresponding
output dimensions of 240 x 240 for encoded grayscale images. Consequently, resizing
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of real images is necessitated to align with the model’s input requirements. More-
over, the masked images are to be resized, converted to grayscale, and encoded prior
to initiating the model training phase. An essential consideration when resizing im-
ages is to utilize the "INTER NEAREST" command in Python and the "nearest'
method in MATLAB. Failure to do so may result in the generation of new pixels
with altered colors during the resizing process. These new colors could potentially
introduce confusion during encoding and decoding, consequently inflating the num-
ber of classes.

Given the camera’s sampling rate of 10ms and the vehicle’s relatively low velocity,
many images exhibit similarity with minor variations between adjacent frames. To
mitigate the occurrence of duplicated images and to enhance the dataset quality,
dataset augmentation techniques have been employed. This augmentation strat-
egy includes horizontal and vertical flips, as well as rotation by increments of 45
degrees.The preferred loss function for multi-class classification, notably utilized in
the training of both PSPnet and U-net models, is categorical cross-entropy. Recog-
nizing the inherent imbalance within the dataset, specific weights have been assigned
to individual classes to address this disparity during training. Assigning weights al-
lows the model to appropriately adjust for this class imbalance during training.
By assigning higher weights to underrepresented classes, the model can pay more
attention to these classes and prevent them from being overshadowed by dominant
classes. The table illustrating the existing classes and their respective encoded colors
and weights is provided in Table 3.1.

Class RGB color S:iiif-scale Encoded color | Training Weights
Unlabled 0,0,0 0 0 1.63
Log 102,0,0 30 1 23.53
Stone 255,0,0 76 2 22.16
Sideroad 69,89,99 84 3 5.65
Sky 33,148,240 124 4 0.26
Terrain 74,173,79 133 5) 1.53
Small cone 25,219,56 142 6 258.94
Gravel Road | 255,255,0 226 7 0.63
Vegetation 138,194,74 164 8 0.37
Cone 252,150,212 | 188 9 51.58
Snowy road | 0,255,255 152 10 0.74
Muddy road | 255,128,0 179 11 0.86

Table 3.1: Object classes and their colors and training weights

3.4.2 3D Cloud-Point Segmentation

Based on research [28], we have opted to utilize the SqueezeSeg V2 architecture for
training our 3D semantic segmentation models, primarily due to the unique demands
imposed by outdoor environments, particularly in the context of uneven terrains.
SqueezeSeg V2’s architecture is well-primed to address the intricacies of outdoor
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scenes, capturing fine details and nuances. While acknowledging the existence of
other architectures such as SalsaNet, PointNet, PointNet++4-, and RangeNet++, our
decision to prioritize SqueezeSeg V2 stems from its demonstrated efficacy in handling
the challenges specific to outdoor environments. By leveraging this architecture,
we aim to develop robust 3D semantic segmentation models capable of accurately
delineating objects and terrain features amidst the complexities of outdoor terrains.
The network structure of SqueezeSegV?2 is shown in Figure 3.12.

Focal Loss

N\\\-\\\"‘r \\S’ @’\’1’ \\\'.1-‘ LRSS
‘\‘“\L\\‘b ?‘\\“\\‘ o
S 3

Figure 3.12: Squeezseg V2 network structure [19]

3.4.2.1 Model Creation and Training

SqueezeSegV2 is a Convolutional Neural Network (CNN) meticulously crafted to
perform end-to-end semantic segmentation on organized LiDAR point clouds. It’s
tailored to handle the intricacies of LiDAR data, offering a comprehensive solution
for semantic segmentation tasks within this domain. Notably, the training proto-
col outlined in this framework relies on 2-D spherical projected images as crucial
inputs for the deep learning network. It’s noteworthy that the model architecture
is structured to accommodate inputs with five channels. Furthermore, leveraging
pre-trained SqueezeSeg architectures plays a pivotal role in training and fine-tuning
the model, ensuring efficient learning and robust performance in various real-world
scenarios.

The initial stage preceding model training involved preparing and adjusting the
point cloud data for input into the model. As previously noted, the input for the
SqueezeSeg model necessitates an image comprising five channels: x, y, z, intensity,
and range. Additionally, the dimensions of the input image must be divisible by
8. Therefore, in our scenario, the input dimensions are set at 64 x 128. The total
count of point clouds should correspond to the image size. Given that the maximum
number of point clouds in the IPG simulation was 10,000, we opted for an input size
of 64 x 128, resulting in 8,192 point clouds. An additional critical consideration is
ensuring that both the camera and Lidar share the same field of view. This align-
ment is essential as we intend to utilize the annotated camera images as labels for
the corresponding point clouds.

The streamed point cloud data from IPG arrives in raw form, encompassing at-
tributes such as flight length and intensity. Following the sensor’s installation onto
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the vehicle and the establishment of its configuration, a text file named "LidarRSI
Default" is generated. This file contains the beamIDs alongside their respective az-
imuth and elevation angles. Subsequently, upon streaming the raw lidar data and
acquiring their associated beamIDs and flight lengths, the task at hand involves
deriving the Cartesian coordinates for each point cloud(Azimuth angle=6, Elevation
angle=0, and r = length of flight/2).

Figure 3.13: Spherical to Cartesian coordination conversion

rsin(¢) cos(6)
rsin(¢) sin(6)
r cos()

(3.1)

The annotated labels of the input data comprise the annotated images captured by
the camera. These annotated camera images should match the input image size,
set at 64 x 128. Furthermore, it’s necessary to convert these annotated images
to gray-scale and then encode them prior to training. Existing classes with their
corresponding encoded colors have been shown in Table 3.2.

Class RGB color Gray-scale Encoded color
color
Terrain 74,173,79 133 1
Road 255,255,0 226 2
Vegetation | 138,194,74 164 3
Sideroad 69,89,99 84 4
Log 102,0,0 30 5
Stone 255,0,0 76 6
Cone 252,150,212 | 188 7
Small cone | 25,219,56 142 8
Unlabled 0,0,0 0 9

Table 3.2: Object classes and their colors

For simplifying the training process, both the camera and Lidar sensor have been
positioned in identical locations with matching orientations and fields of view. Con-
sequently, when projecting the point cloud onto the image, each point cloud corre-
sponds to a pixel within the image.
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Upon obtaining the Cartesian coordinates for all point clouds, the array size of the
Cartesian positions will be 8192 x 3. Subsequently, the projection of these point
clouds onto the camera image plane is necessary to determine their positions on
the annotated camera image. This projection process requires the utilization of the
camera calibration matrix. The process of camera calibration involves converting
distances measured in meters to pixel units and adjusting the image plane to align
with the center of the image. This calibration ensures accurate spatial measure-
ments and proper alignment of the captured images. (principal-axis,=ug, principal-
axis,=vy, image width = I'mg,,, image height = I'mgj, field of view horizontal =
Fouy, field of view vertical = Fov,)

Imga/? Imgn/2
— Imgu/2, vo = Imgy/2, fo— —uwle p . TMIR[Z 3.2
to = Imgu/2, vo = Imgn/2. f tan(Fov,/2)” *Y  tan(Fov,/2) (3:2)
fx 0 Ug
K=|0 f w (3.3)
0 0 1

Upon performing matrix multiplication between the Cartesian coordinate array and
the camera calibration matrix, adjustments are necessary to account for the fact
that the camera image plane is situated where z equals 1. Consequently, to obtain
a 2D image, scaling of the x and y coordinates by 1/z is required.

origin

\\ e
principal axis

rincipal point
image plane

camera
cente

Figure 3.14: Pinhole camera model

X x a2 x
P=|Y|= Pcalibrated =KP = y/ =p= y//zl =1y (34)
Z 4 27 1
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Following projection, the array size of positions will transition from 8192 x 3 to
64 x 128 x 3. Similarly, for intensity and range data, the array size will transform
from 8192 x 1 to 64 x 128 x 1. Upon concatenating these arrays, a combined ar-
ray of dimensions 64 x 128 x 5 will be obtained, corresponding to img,, X tmg, X
(x,y, z, Intensity, range).

Ca%gﬁ;on > itersv_pix*h_pix
» 2D Projection
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Raw lidar .. |Spherical to cartesian ftern’s .| Pcd point clouds N IT;E;J;E" iﬁt§:2?§3|
point clouds o coordination | (Position intensity) ’ rar:lge) :
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iter*v_pix*h_pox*5
itern

Figure 3.15: Lidar point clouds pre-processing procedure

Following data preprocessing, the model is ready for training. The dataset has been
divided into two subsets: 70% for training and 30% for validation and testing. As
previously stated, the model’s input comprises five-channel point cloud data. The
model generates an encoded 64 x 128 image as output. The final phase of the
prediction involves decoding this image based on the table provided in Section 3.2
to produce an RGB representation of the scene.

) 64*128%5 ) 64*128%1 64*128%3 "
5 Channel image SqueezsegV2 trained ; Predicted RGE
- . —_— » _— A
of Lidar point clouds model Lo Ll image

Figure 3.16: 3D semantic segmentation label prediction of the Lidar point clouds

An important consideration is that the camera and Lidar may have distinct positions
and orientations. Thus, prior to projecting the Lidar point cloud onto the camera
image plane, it’s essential to recognize that the origin for the Lidar point clouds
lies within the Lidar’s coordinate frame. To obtain the Cartesian coordinates of
the point clouds relative to the Camera coordinate frame, a transformation matrix
between the camera and Lidar coordinate frames is required. By multiplying this
transformation matrix with the extended Lidar Cartesian coordinates, the points
will be transformed into the Camera coordinate frame, thereby establishing the
Camera coordinate frame as the new origin.
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Figure 3.17: Relations between camera and lidar coordinate system

As illustrated in Figure 3.17, point P resides in the lidar coordinate frame. The
orientation and position of each sensor relative to the origin can be obtained from
sensor configurations in IPG, as depicted in Figures 3.4 and 3.7. To determine the
coordinates of point P in the camera coordinate system (P’), the following tasks
need to be performed(c:camera, 1=lidar, o:origin, HS: Homogenous transformation
matrix of camera with respect to the origin, H': Homogenous transformation matrix
of lidar with respect to the origin, H': Homogenous transformation matrix of lidar
with respect to the camera, T,.: Translation vector of camera with respect to the
origin, I;: Translation vector of lidar with respect to the origin, R.: Rotation matrix
of camera with respect to the origin, R;: Rotation matrix of lidar with respect to
the origin):

G T A SO
X' X
P P Y RL T |Y
[1]_&:[1_:‘ A —[0 1] |z (3.6)
1 1

3.5 Model Evaluation

The evaluation of the model involves separate assessments for both 2D and 3D
semantic segmentation to comprehensively analyze the performance of each model
in their respective domains. This approach allows for a detailed examination of how
well each model performs in segmenting and classifying objects within their specific
contexts.

3.5.1 Model Performance

The performance evaluation of both the 2D and 3D models is conducted using key
metrics such as Mean Intersection over Union (MeanIOU) value for each class, preci-
sion, and loss values. These metrics provide insights into the accuracy, consistency,
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and effectiveness of the models in segmenting objects across different classes within
their respective dimensions. By leveraging these metrics and visualizations plots,
we gain valuable insights into the overall performance of the trained models and can
make informed decisions regarding further optimization or deployment.

3.5.1.1 2D model performance:

As mentioned in the Methods section, two distinct semantic segmentation models
with different backbones (ResNet and VGG16) have been trained. The dataset
was shuffled and divided, allocating 70% for training and 30% for validation before
training each model.

The chosen loss function is the 'Categorical Cross Entropy’ loss function, widely
used for multi-class classification models.

Recognizing the dataset’s imbalance, specific weights have been assigned to each
class to ensure the model treats all classes equally (See Table 3.1).

U-net model with Resnet Backbone
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Figure 3.18: The loss and accuracy diagrams for both training and validation
dataset after training 40 epochs of a U-net model with Resnet as backbone.
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Epoch 38/40
188/188 [ ] - 545s 3s/step - loss: 0.0829 - iou_score: ©.8484 - val_loss: ©.4491 - val_iou_score: 8.1616
Epoch 31/4@
188/188 [ ] - 544s 3s/step - loss: 8.0879 - iou_score: ©8.7401 - val loss: ©.8041 - val iou score: B.787@
Epoch 32/4@
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Epoch 34/4@
188/188 [ ] - 544s 3s/step - loss: 8.8033 - iou_score: ©.8153 - val_loss: 0.8830 - val_iou_score: ©.8288
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Epoch 48/40
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Figure 3.19: The loss and accuracy results for both training and validation
dataset after training 40 epochs of a U-net model with Resnet as backbone.
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PSP-net model with Resnet Backbone
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Figure 3.20: The loss and accuracy diagrams for both training and validation
dataset after training 40 epochs of a PSP-net model with Resnet as backbone.
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Figure 3.21: The loss and accuracy results for both training and validation
dataset after training 40 epochs of a PSP-net model with Resnet as backbone.
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Figure 3.22: The loss and accuracy diagrams for both training and validation
dataset after training 50 epochs of a U-net model with Vggl6 as backbone.
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Figure 3.23: The loss and accuracy results for both training and validation
dataset after training 50 epochs of a U-net model with Vggl6 as backbone.
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Figure 3.24: The loss and accuracy

dataset after training 50 epochs of a PSP-net model with Vggl6 as backbone.
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Figure 3.25: The loss and accuracy results for both training and validation

dataset after training 50 epochs of a PSP-net model with Vggl6 as backbone.

After comparing the four models, it was observed that the U-net with VGG16 as the
backbone achieved the highest training and validation accuracy among them. Con-
sequently, this model is selected as the final 2D model. Additionally, by computing
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the Intersection over Union (IoU) values for the models with VGG16 as the back-
bone, we can determine whether the U-net with VGG16 backbone exhibits higher
IoU values for each class or if certain classes demonstrate higher IoU values in PSP-
net with VGG16. If the latter is true, it implies that a fusion of these two models
is warranted. Specifically, for certain classes, we would rely on the predictions from
PSP-net, while for others, we would trust the U-net with VGG16 backbone.

Object class | Grayscale color | U-net IoU | PSP-net IoU
unlabled 0 0.99 0.98
log 30 0.82 0.68
stone 76 0.89 0.79
sideroad 84 0.89 0.82
sky 124 0.90 0.72
terrain 133 0.93 0.86
small cone 142 0.45 0.22
muddy road | 151 0.97 0.96
vegetation 164 0.86 0.66
cone 188 0.81 0.75
gravel road | 226 0.98 0.97
snowy road | 240 0.98 0.98

Table 3.3: IoU of the each class

As Table 3.3 illustrates, the U-net model with Vgg16 backbone has high IoUs for all
of the object classes and that’s why no model fusion is needed in this stage.

3.5.1.2 3D model performance:

The pre-processing of the Lidar point clouds before training the SqueezeSegV2 model
has already been mentioned in Methods section. After dataset preparation and
processing, it is time to train the model. The dataset has been split to 75% for
training and 25% for validation. The loss function which has been used is "Focal
cross entropy" loss function. Focal loss focuses on the examples that the model gets
wrong rather than the ones that it can confidently predict, ensuring that predictions
on hard examples improve over time rather than becoming overly confident with easy
ones[29]. After training the model for 50 epochs and batch size 32, the following
results have been achieved:
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il

Figure 3.26:

F | Mo RO

The loss diagram for both training and validation dataset after
training 50 epochs

Object class | Grayscale color | Accuracy | IoU
unlabled 0 0.99 0.99
log 30 0.73 0.71
stone 76 0.84 0.78
sideroad 84 0.88 0.82
sky 124 NaN NaN
terrain 133 0.96 0.89
small cone 142 0.09 0.09
road 151 0.98 0.96
vegetation 164 0.97 0.95
cone 188 0.56 0.42

Table 3.4: Accuracy and IoU of each class and the total Accuracy and IoU after
50 epochs training.

According to Table 3.4, the model performs well and achieves a high accuracy.
However, including the "sky"' class in this model seems unnecessary, as there is
no point cloud reflection from the sky. Additionally, while the surface condition
(gravel, muddy, snowy) in the IPG simulator can be modified by selecting different
materials, these changes do not alter the underlying surface properties, such as
reflection, slope, irregularity, and friction. Instead, they merely replace the surface
image while retaining its original properties. As a result, the 3D trained model is
unable to differentiate between road surface conditions (snowy, muddy, gravel), as
it receives the same point clouds for all three road surfaces. Therefore, for accurate
road surface prediction, reliance on the 2D model is necessary.
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3.5.2 Fusion of 2D and 3D models

As previously mentioned, due to some limitations in the IPG Carmaker simulator,
two different semantic segmentation models have been trained. To achieve more ac-
curate and robust predictions, these two models need to be integrated. Our group’s
innovative method for fusing these models involves using the training accuracy of
each model as the prediction fusion weight for each class. This means that after gen-
erating the predictions from the 2D and 3D models, and before taking the 'argmax’
of the images consisting of the probability of each class, each class will be multiplied
by its corresponding weight. Then, these weighted probabilities for the same classes
in both the 2D and 3D model outputs will be added together. The total probability
of each class will then be normalized by dividing it by the sum of its 2D and 3D
weights.

After obtaining the ’argmax’ of the resultant output, the fused prediction image
will be generated. This method takes into account both the 2D and 3D model
predictions, leading to more accurate results.

image 2D model predicted

preprocessing image
256'512:3 g | 2562561 LEEGD
camera image resizing an 25625612
rab2gray

2D fraining
accuracies

T2(12*1)

Fused prediction

1) P = (P2 T2+P3 TIWNT2+T3)
2) class = argmax(P) 256*256*1

Lidar points 1000073

cartesian Lidar point cloud 3D model predicted

preprocessing image

coordination
resizing and
2D projection 641285 flipping the T3(12*1)
and creating P 64*128*10 —>| image and

5channel image adding two zeros 256°256712 the road T3(10%1)
classes weight is 0
Lidar points and adding to 3D training
intensity 100001 more 0 accuracies

Fused RGB veeights
predicfion

Converting the
256°256%3 image to RGB

RGB color map

Figure 3.27: Overview of the fusion of the two models’ outputs

2562563 Image cleaning

As shown in Figure 3.27, some pre-processing steps are required before fusing the
two predictions. Since the output size of the 2D model is larger than that of the 3D
model, the 3D model’s output needs to be resized and flipped. Due to limitations
in IPG CarMaker, only the 2D model can determine the type of road (gravel, mud,
snow). Consequently, the 3D model consists of 10 classes and predicts all road
types as gravel. To facilitate the fusion, two extra classes (mud and snow) with
zero probability have been added to the end of the 3D model output. The same
adjustment has been made for the weights: two zero weights have been added at
the end of the 3D prediction weights, and the weight of the gravel road has been set
to zero. This ensures that the prediction of terrain types relies on the 2D model.
The prediction of the sky also relies on the 2D model. Since the 3D model predicts
the sky as unlabeled, it is advisable to assign zero prediction weights to the classes
'unlabeled” and ’sky’ in the 3D prediction weight array.
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Object class | 2D prediction weight(73) | 3D prediction weight(73)
unlabeled 0.99 0.00
log 0.82 0.71
stone 0.89 0.78
side road 0.89 0.82
sky 0.90 0.00
terrain 0.93 0.89
small cone 0.45 0.09
gravel road | 0.98 0.00
vegetation 0.86 0.95
cone 0.81 0.42
muddy road | 0.97 0.00
snowy road | 0.98 0.00

Table 3.5: 2D and 3D prediction weights of each class

After obtaining the ’argmax’ of the fused prediction and converting it to an RGB
image using an RGB color map, an image cleaning process is performed. During
this process, spots with a size of 5 x 5 pixels or smaller are eliminated and replaced
by their neighboring RGB pixels.

3.5.3 Prediction Performance

During the testing phase, the trained models are evaluated using test scenarios
alongside ground truth data. This process enables an assessment of the prediction
performance of the models in practical settings. By comparing the predicted results
with the ground truth data, we can quantify the accuracy of the predictions. Pre-
diction accuracy is the percentage of correctly classified instances, which reflects the
proportion of predictions that match the ground truth labels.

The test scenario encompasses various elements, including stones, logs of varying
sizes and orientations, cones of different sizes, as well as background objects like
vegetation, sky, terrain, and gravel road. Notably, side roads and small cones have
been omitted from the test scenario. The test scenario has been illustrated in Figure
3.28.

Figure 3.28: The test scenario created in IPG
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Object class | 3D mlIoU (%) | 2D mloU (%) | Fused mloU (%) | A= Fused - 2D (%)
unlabled 0.00 NaN 0.00 NaN
log 60.37 73.55 80.36 6.81
stone 52.49 58.39 63.13 4.74
side road 0.00 0.00 0.00 0.00
sky 0.00 89.78 89.83 0.05
terrain 24.42 40.97 40.85 -0.12
small cone | 0.00 0.00 0.00 0.00
gravel road | 75.54 89.82 89.82 0.00
vegetation 47.05 81.34 79.74 -1.6
cone 9.20 61.37 63.76 2.39
muddy road | NaN 0.00 0.00 0.00
snowy road | NaN 0.00 0.00 0.00

Table 3.6: The prediction performance of the 2D, 3D and the fused model. A

IoU is the differenc between the fused IoU and 2D IoU.

As depicted in Table 3.6, the fused image demonstrates a A IoU of 0 for gravel
road, indicating that it has been accurately extracted from the 2D prediction image.
The table shows significant improvement in predicting small objects, with the fused
image achieving higher mIoUs (mean intersection over union) for log (6.81%), stone
(4.74%), and cone (2.39%) compared to the 2D predicted images. While the fused
mloU for some objects, like vegetation, has been reduced, this is less significant since
small objects are considered critical traffic elements in off-road scenarios, whereas
trees and bushes are mostly located outside the road.

Figure 3.29:
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3.6 Mathematical model

In the conclusive stage, we process invaluable information, ranging from predicted
classes to the spatial distribution of objects within the scene. The subsequent phase
involves a meticulous delineation of boundary boxes around the identified classes, a
task achieved through a multifaceted array of methodologies 3.30. These techniques
are designed to refine the raw data, effectively enhancing its utility and facilitating
comprehensive analysis.
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Figure 3.30: Process Flow of Mathematical Model

Stage I: The initial phase of our methodology revolves around enhancing the accu-
racy of the input predicted Fusion data. This process begins with the ingestion of
the image input, followed by the creation of a mask image tailored to our defined
classes and their respective LabellDs 3.2. Subsequently, the mask image undergoes
a transformation into a binary representation, wherein pixels not aligning with the
specified criteria (LabellDs) are rendered as white (255).

This binary rendition is then reconverted to the RGB format to preserve color in-
formation pertinent to matching pixels. Employing an element-wise multiplication
technique in conjunction with the complement of the binary image ensures the re-
tention of colors for matching pixels, while overlaying the binary image guarantees
non-matching pixels are appropriately set to white, culminating in a refined and
discernible composite image. The outcome is shown in Fig: 3.31.
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Predicted Image boundry over edges

boundry box

Specific Object

Figure 3.31: Distinguish the Object on an Image. Top-left is the predicted fused
image. Top-right image is the refined edge detection. Bottom-Left image is the
boundary box over an object. Bottom-Right image represents some specific object

Our subsequent aim is to accurately outline boundary boxes around diverse predicted
classes, employing a diverse range of methodologies. This includes the utilization
of edge detection techniques followed by Connected Component Analysis (CCA).
The process begins with edge detection, a method that identifies significant changes
in pixel intensity, effectively delineating object boundaries. Following this, CCA is
applied to group adjacent pixels into connected components, thereby forming dis-
tinct regions corresponding to individual objects. To ensure precision, a threshold
value is meticulously configured to eliminate noise within these regions, enhancing
the accuracy of object delineation. Subsequently, the CCA algorithm is employed
to delineate precise boundary boxes around the detected regions, providing compre-
hensive information regarding the spatial extent of each object within the scene.

This meticulous approach ensures the extraction of reliable boundary box informa-
tion for all identified objects and saved as a list with m*5, where 'm’ (row) is defined
as number_of objects and 5 (columns) defines the object_ID (object Id is a La-
bel IDs of each classes) and boundary box_info (xmin, ymin, xmax, and ymax).
Visual representations of the processed data, complete with bounding boxes en-
capsulating individual objects, provides comprehensive overview of the scene. This
intuitive visualization 3.31 facilitates qualitative assessments and aids in the identi-
fication of potential anomalies or irregularities within an image.

Stage II: Following the boundary box delineation process, the next crucial step
involves projecting cloud points onto a 2D plane for visualization 3.4 for verification
purposes, ensuring the preservation of valuable cloud point data 3.32. Simultane-
ously, the extraction of object positions emerges as a pivotal juncture in our analyt-
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ical framework. This iterative process entails the meticulous analysis of bounding
boxes, where the x and y dimensions of each box are leveraged to filter and catalog
cloud point indices corresponding to individual objects.

This meticulous approach yields an output two matrix. one matrix with dimensions
n*2, where 'n’ represents the number of objects identified within the scene multi-
plied by number of cloud points for each object. Each row of the matrix encapsulates
vital information, including the object_ ID and the associated cloud point indices.
Another matrix with the dimensions m*1, where 'm’ represents Object Number
and number of cloud points belongs to each object.

Projection of CloudPoints on 2D Plane of processed image

Figure 3.32: Projection of cloud points on the 2D plane on an Processed image
for the visualization

Stage III: Utilizing the previously obtained matrices—one containing object_IDs
and their associated cloud point indices, and the other detailing the number of cloud
points for each object, we proceed to correlate these indices with the processed 3D
cloud points. By comparing the indices, we extract the Cartesian coordinates for
each object, adhering to the conversion formula (3.1). These coordinates, comprising
the object number, ID, and respective x, y, and z coordinates, are then meticulously
saved into an array.

The resultant array possesses dimensions s*5, where s’ denotes the total number
of objects identified within the scene multiplied by the number of cloud points as-
sociated with each object. Each row of the array encapsulates vital information,
including the object number, ID, and the corresponding 3D Cartesian coordinates.
This comprehensive array facilitates a detailed understanding of the spatial distri-
bution of objects within the scene, providing crucial insights for further analysis and
interpretation.
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Figure 3.33: Extracting 3D Cartesian coordinates utilizing 2D coordinates indices

In pursuit of heightened computational efficiency and the refinement of data signif-
icance, a function has been developed to discern sub-objects within a given region.
Through this implementation, computational resources are streamlined to focus on
pertinent data exclusively. This function operates by conducting comparisons across
x and y axes to determine whether an object pertains to its corresponding object or
to another entity. Such categorization facilitates a more precise information about
an object 3.34.

Distinguish between sub objects
inside the region

Figure 3.34: Distinguish sub-objects within the region
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Moreover, additional threshold value is used which serves as a filter, systematically
removing unnecessary data points from our analysis pipeline. Specifically, objects
smaller than the threshold value are automatically excluded from further processing.
Additionally, objects lacking any cloud point information are deemed outside the re-
quired range and consequently omitted from consideration. This meticulous filtering
process ensures that only pertinent and informative data are retained for subsequent
analysis. By eliminating extraneous data points, we streamline computations and
enhance the overall quality of our results. The end result is a dataset enriched with
meaningful information, conducive to more accurate and efficient analysis processes.

Stage I'V: In the penultimate phase of our analysis, we focus on refining the dataset
by removing outliers associated with each object. These outliers, characterized by
data points that deviate significantly from the surrounding neighborhood, have the
potential to distort calculations and compromise the accuracy of our results. To ad-
dress this, outlier removal is performed across all three dimensions of the Cartesian
coordinates. By systematically identifying and eliminating outliers, we safeguard
our analysis from erroneous conclusions and ensure the integrity of our findings.
This meticulous process serves to enhance the robustness of our dataset, fortifying
it against the influence of noisy or irrelevant data points. The refined dataset un-
derscores the improved quality and reliability of our analysis.

In the culmination of our mathematical model, we embark on the final step: com-
puting the dimensions of each object. This pivotal process begins by determining
the minimum and maximum coordinates along each axis—X, Y, and Z—relative
to the lidar positions. By identifying these extremes, we establish the boundaries
within which each object exists.

Subsequently, we leverage these min-max coordinates to calculate the dimensions of
the object. The width is derived by subtracting the minimum X-coordinate from the
maximum X-coordinate, encapsulating the object’s span along the X-axis. Similarly,
the length is determined by the difference between the maximum and minimum Y-
coordinates, representing the object’s extent along the Y-axis. Finally, the height
is computed as the difference between the maximum and minimum Z-coordinates,
capturing the object’s vertical dimension.

] tan9=X
x

Figure 3.35: Trigonometric formula to find angle

One of the challenging aspects of the mathematical model lies in determining the
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angles of objects relative to the LiDAR, a crucial piece of information for decision-
making within an analytical framework. This involves leveraging data from the x
and y axes, which provide a top-down view. By applying linear regression techniques
to these coordinates, a linear line can be drawn to represent the cloud points 3.36.
Subsequently, the task is to construct a parallel line originating from the LiDAR’s
point of reference. Utilizing trigonometric formulas, the angle can then be computed
based on the opposite divide by adjacent lengths ??7. This process is essential for
accurately assessing the orientation of objects in relation to the LiDAR sensor,
thereby enhancing the analytical capabilities of the model.

oG Perpendicular Line Parallel to Y-axis
T

Y Axis
o
o
T

-05—

Figure 3.36: Computing object angle wit x and y axis data of a cloud points

This meticulous process ensures that each dimension is accurately quantified with
respect to the lidar positions, providing crucial insights into the spatial charac-
teristics of the objects under analysis. The final mathematical model return data
With dimensions meticulously calculated, we gain a comprehensive understanding
of the size and spatial arrangement of objects within the scene, facilitating informed
decision-making and further scientific inquiry.

3.7 Analitical Model

3.7.1 Boolean Map

The output of the mathematical model is a matrix consisting of the objects’ IDs
(grayscale color) that determine the class of the object, objects’ positions (X, Yimin, Zmin),
objects’ dimensions (width, length, height), and objects’ orientations.
The next step is to create a boolean map consisting of drivable and non-drivable
areas. This will be accomplished through the following steps:

1. Draw the road area.
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2. Eliminate all objects outside the road area.

3. Eliminate objects whose height is lower than the chassis height(Marking them
as derivable).

4. Obtain the four corners of each object from a top view.
5. Determine the center point of each object.

6. Translate the corner points using the center point coordinates, making the
center point the origin.

7. Rotate the corners according to the object’s orientation.
8. Translate the corners back to their real positions.
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Figure 3.37: The illustration of steps above

After implementing the aforementioned steps, the next stage involves further fil-
tering. Figure 3.38 illustrates three types of filters that have been utilized. The
first filter corresponds to point 3 above. Width filtering has been conducted in two
phases. Initially, the distance between the nearest corner of the object box and the
side road is measured. If this distance is less than the vehicle width, it indicates a
potential risk of the vehicle getting stuck, necessitating the prevention of collision
by drawing a straight line between the object and the side road. The subsequent
width filtering occurs between two objects. If the nearest corners of two objects
have a distance lower than the vehicle width, a straight line will be drawn between
them to prevent the vehicle from getting stuck or colliding with the objects.
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Figure 3.38: Obstacle filtering

steps based on the vehicle properties

Figure 3.39: Map with filtered obstacles

Following all the filtering steps, a threshold area will be drawn around the boxes.
The rationale behind this and the specific size of the area will be elucidated later.

Figure 3.40: Map with filtered obstacles and threshold around the objects
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3.7.2 Turning radius

Wheelbase

Figure 3.41: Relation between turning angle and truning raduis [30]

The equation below demonstrates the method for determining the turning radius
based on the turning angle and the distance between the wheels according to Figure
3.41.

Turn Radius = Wheelbase/sin(Turn Angle); (3.7)

3.7.3 Path planning

The RRT* algorithm has been employed to determine a safe and efficient path
towards the goal point. As the planned path represents the trajectory of the vehicle’s
center point, it is necessary to establish a threshold (half of the vehicle’s width)
around objects to ensure the safety of the paths for both the left and right tires,
preventing them from colliding with the objects.However, a crucial constraint that
has yet to be addressed is the vehicle’s turning radius. Upon computing the vehicle’s
turning radius using Equation (3.7), modifications have been made to the RRT*
algorithm to accommodate this parameter. As outlined in the theoretical framework
of the RRT* algorithm, each iteration involves the generation of a random point
within the navigable area, followed by the identification of its nearest point and the
determination of its parent. To align with the vehicle’s wheel-to-wheel length, which
defines the step size, the following procedures are undertaken to ascertain the angle

between V; and Vs:

71 = nearset — random ,72 = nearset — parent = cos(f) = || Hl : H2 H (3.8)
L] * V2
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o 0=A=<9D

r = step size = turning radius ® § =90
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Figure 3.42: Comparison of the angular deviation between the parent, nearest,
and random points

As Figure 3.42 illustrates, if the angle between these three points exceeds 90 degrees,
the radius of the turning circle will be greater than the turning radius (green circle).
If the angle is exactly 90 degrees, the circle’s radius will be equal to the turning
radius (black circle). In both of these scenarios, the vehicle can easily follow the
circular path without any issues. Conversely, if the angle between these three points
is less than 90 degrees, the turning circle’s radius will be smaller than the turning
radius (red circle), making it impossible for the vehicle to execute such sharp turns.
After generating a new point, the angle between that point, its nearest point, and
the nearest point’s parent should be calculated. If this angle is less than 90 degrees,
the new point should be discarded.

3.8 Experiments and results

In this section, three validation scenarios have been designed to evaluate the perfor-
mance of the final model.

3.8.1 Scenario 1

This scenario includes logs with varying orientations and other objects. The objec-
tive of this experiment is to assess the mathematical model’s ability to accurately
calculate the different orientations of the logs. Additionally, the road surface com-
prises three distinct surface types(see Figure 3.43), aiming to evaluate how well the
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prediction model can handle a mixture of different road types.

Figure 3.43: Camera image of scenario 1

Fused prediction Clean image

2D prediction 3D prediction

-

Figure 3.44: 2D, 3D, and fused models’ predictions as well as the clean fused
image

As illustrated in Figure 3.44, the fused prediction image is more accurate. Small
erroneous predictions from the 2D model, such as minor red areas on the log, have
been eliminated in the fused prediction image. The cleaned image further enhances
accuracy by removing small spots from the fused image.
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Predicted Image Processed Predicted Image

boundry over edges boundry box

Figure 3.45: Different phases of mathematical model

Figure 3.45 illustrates the drawn boundary boxes around each object. It is evident
that the algorithm considers different terrain types as a single, unified terrain.
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Figure 3.46: The boolean map of the obstacles in front of the vehicle with
threshold around around them. The figure consists of three distinct and safe
deriving paths.
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ground truth

planned path

Figure 3.47: A comparison between the real map and the boolean map of the
scenario is presented. The yellow point in the ground truth image represents the
center point of the vehicle, while the starting point of the planned paths
corresponds to the front of the vehicle.

Based on Figure 3.47, the mathematical model successfully determined the orien-
tation of the logs. However, a discrepancy exists between the calculated width of
the logs and their ground truth width. This inconsistency can be attributed to
the presence of outlier lidar points associated with the logs. Objects located at a
distance were either undetected by the model or were of such small size that they
were removed by the obstacle filtering model. Despite this, the three planned paths
appear to be smooth, lacking sharp turns.

3.8.2 Scenario 2

This scenario presents a mixture of different road types, arranged differently from
Scenario 1 (see Figure 3.48). Additionally, it includes multiple cones positioned
closer together than the vehicle width. Therefore, we anticipate that the model’s
output will indicate that the goal is unreachable and driving through the cones is
unsafe.
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Figure 3.48: Camera image of scenario 2

Fused prediction Clean image

2D prediction 3D prediction

Figure 3.49: 2D, 3D, and fused models’ predictions as well as the clean fused
image

As illustrated in Figure 3.49, the fused prediction image is more accurate. Small er-
roneous predictions from the 2D model, have been eliminated in the fused prediction
image. The cleaned image is removing small spots from the fused image.
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Predicted Image Processed Predicted Image

boundry over edges boundry box

Figure 3.50: Different phases of mathematical model
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Figure 3.50 illustrates the drawn boundary boxes around each object. It is evident
that the algorithm considers different terrain types as a single, unified terrain.

Figure 3.51: The boolean map of the obstacles in front of the vehicle with
threshold around around them. The figure consists of one deriving path.
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ground truth

Figure 3.52: A comparison between the real map and the boolean map of the
scenario is presented. The yellow point in the ground truth image represents the
center point of the vehicle, while the starting point of the planned paths
corresponds to the front of the vehicle.

According to Figure 3.52, the mathematical model accurately determined the phys-
ical properties (width, length) of the objects, along with their positions relative to
the front of the vehicle. The model’s performance indicates that the goal is unreach-
able and that the vehicle can safely navigate through the cones. Objects situated at
a distance were either not detected by the model or were removed by the obstacle
filtering model due to their small size.

3.8.3 Scenario 3

The road type designated for this scenario is a muddy road (refer to Figure 77).
Additionally, it features multiple cones arranged in a zigzag pattern in front of the
vehicle. It is anticipated that the model’s planned path will incorporate numerous
turns, and the goal will be reachable.
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Figure 3.53: Camera image of scenario 3

Fused prediction Clean image

2D prediction 3D prediction

Figure 3.54: 2D, 3D, and fused models’ predictions as well as the clean fused
image

As illustrated in Figure 3.54, the fused prediction image is more accurate. Small er-
roneous predictions from the 2D model, have been eliminated in the fused prediction
image. The cleaned image is removing small spots from the fused image.
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Predicted Image Processed Predicted Image

boundry over edges boundry box

Figure 3.55: Different phases of mathematical model
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Figure 3.56: The boolean map of the obstacles in front of the vehicle with
threshold around around them. The figure consists of three distinct and safe
deriving paths.
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ground truth

planned path

Figure 3.57: A comparison between the real map and the boolean map of the
scenario is presented. The yellow point in the ground truth image represents the
center point of the vehicle, while the starting point of the planned paths
corresponds to the front of the vehicle.

Upon comparing the ground truth image in Figure 3.57 with the camera image in
Figure 3.53, it is evident that the first two cones were not detected by the camera.
Consequently, the planned path image depicted in Figure 3.57 does not include these
two cones.

According to Figure 3.57, the mathematical model accurately determined the phys-
ical properties (width, length) of the objects, along with their positions relative to
the front of the vehicle. The model’s performance indicates that the goal is reach-
able and that the vehicle can safely navigate through the cones. The planned paths
consist of multiple turns.
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Conclusion

This thesis presents an improved approach to terrain detection and obstacle classi-
fication through an enhanced sensor fusion algorithm. The research effectively ad-
dresses the challenges of accurately assessing environmental conditions, delivering
precise and reliable information about both terrain types and obstacles. The study
culminated in the successful development and validation of an algorithm capable
of accurately identifying terrain types and classifying obstacles. The experimental
results detailed in this work demonstrate that the use of advanced sensor fusion,
accurate mathematical modeling, and precise analytical methods leads to superior
estimation and trajectory map generation. This enhanced robustness and accuracy
provide drivers with a detailed and reliable depiction of the terrain, significantly
improving the overall driving experience.

It is evident that as shown in Figure 3.29, neither the 2D nor the 3D models provide
accurate predictions for distant objects. In the 2D model, distant objects occupy
only a few pixels in the camera image, resulting in unclear and insufficiently detailed
detection. Consequently, the 2D model struggles to predict these objects accurately.
Similarly, the 3D model encounters challenges with distant object prediction due to
the limited number of point clouds available, making it difficult to establish mean-
ingful relationships between these sparse data points and leading to inaccuracies.

During the initial training of the 3D model, the scenario was kept consistent with
the 2D model. However, the imbalanced dataset led to low accuracy and Intersec-
tion over Union (IoU) results, particularly for smaller objects. To address this, an
alternative scenario was created that included some more small objects, resulting in
a more balanced dataset and significant improvements in the model’s output. Since
the simulator tool has a limitation of generating a maximum of 10,000 point clouds.
However, for optimal training, the number of point clouds should ideally match the
number of pixels in the annotated image, with the image size divisible by 64. This
restricts the maximum allowable point clouds to 64 x 128, or 8,192 point clouds.
This limitation is challenging, as it may not provide enough data points for accurate
predictions. To improve the 3D model’s performance, access to a higher number of
point clouds would be essential.

In conclusion, this research has made significant strides in the field of off-road driv-
ing by developing an advanced sensor fusion algorithm that significantly enhances
terrain detection and obstacle classification (Positive and Hanging obstacles). The
successful integration of 2D and 3D modeling, despite the inherent challenges with
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distant object prediction, underscores the effectiveness of the proposed approach.
By addressing the limitations of traditional models and improving the balance of
datasets used for training, this work has demonstrated marked improvements in
accuracy and reliability. The algorithm’s ability to deliver precise environmental
assessments and superior trajectory map generation not only advances the state of
the art but also promises to substantially improve the safety and overall driving
experience in off-road environments.
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Future Works

The current algorithm developed for terrain detection and obstacle classification for
better guidance, several key areas of improvement should be addressed to enhance
the system’s performance in dynamic environments. These improvements include
the integration of real sensors, training a comprehensive model, estimating vehicle
orientation, enabling dynamic adaptation, and considering the shape and friction of
obstacles

5.1 Utilization of Real Sensors

While the current algorithm may rely on simulated or limited data, future work
should prioritize the integration of real sensors to capture actual environmental
data. Real-world sensors such as high-resolution cameras, and LiDAR, sensors can
provide accurate and diverse data, essential for improving the robustness of the
terrain detection and obstacle classification system. By incorporating data from
these sensors, the algorithm will be able to handle a wider range of environmental
conditions and complexities, such as varying lighting, weather, and terrain types,
which are often difficult to replicate in simulations. Moreover, real sensor data
can help in refining the algorithm’s ability to distinguish between different types of
obstacles and surfaces more accurately.

5.2 Training a Comprehensive Model

Currently, the model may use separate systems for processing camera and LiDAR
data. Future work should aim to train a comprehensive, unified model that simul-
taneously incorporates data from both these sensors. By fusing camera and LiDAR
inputs, the model can leverage the complementary strengths of each sensor—cameras
providing detailed visual information and LiDAR offering precise distance measure-
ments. This combined approach can improve the accuracy of terrain classification,
object detection, and depth estimation, leading to more reliable navigation and
obstacle avoidance. A single, integrated model can also reduce computational com-
plexity and streamline the processing pipeline, making the system more efficient and
responsive in real-time applications.

61



5. Future Works

5.3 Orientation Estimation

In dynamic environments, accurately estimating the vehicle’s orientation is critical
for effective navigation. The Inertial Measurement Unit (IMU) can play a pivotal
role in this aspect by providing real-time data on the vehicle’s pitch, roll, and yaw.
Future research should focus on integrating IMU outputs into the algorithm to con-
tinuously update the vehicle’s orientation. This integration will enhance the model’s
ability to predict the impact of terrain and obstacles on the vehicle’s movement, en-
abling more precise control and stability, especially on uneven or sloped surfaces.
Moreover, the IMU data can be used to compensate for any sensor drift or noise,
further improving the reliability of the system.

5.4 Dynamic Adaptation

The current algorithm is designed for a static vehicle state, which limits its applica-
bility in dynamic environments where the vehicle is in motion. Future developments
should focus on extending the algorithm to handle dynamic scenarios, where the ve-
hicle’s speed, direction, and acceleration constantly change. This requires the model
to be capable of real-time adaptation, adjusting its predictions and decisions based
on the current state of the vehicle and the surrounding environment. Techniques
such as real-time sensor fusion, predictive modeling, and adaptive control algorithms
should be explored to ensure the system can respond effectively to rapid changes in
terrain and obstacle configurations.

5.5 Shape and Friction Consideration

The physical properties of obstacles, such as their shape and friction, have a sig-
nificant impact on the vehicle’s ability to traverse or avoid them. Future research
should incorporate these factors into the algorithm to improve its decision-making
process. For instance, understanding the shape of an obstacle can help in deter-
mining whether it is traversable, climbable, or should be avoided entirely. Similarly,
assessing the friction coefficient of different surfaces can inform the vehicle’s speed
and handling strategies, particularly in slippery or loose terrain conditions. By con-
sidering these physical properties, the algorithm can make more informed decisions,
leading to safer and more efficient navigation.

5.6 Negative and Hanging Obstacles

In addition to positive obstacles (those protruding from the ground), negative obsta-
cles (such as pits or ditches) and hanging obstacles (such as low-hanging branches
or wires) pose significant challenges for navigation. The current algorithm primar-
ily focuses on positive obstacles, but future research should expand its capabilities
to detect and classify negative and hanging obstacles. This will require the de-
velopment of specialized detection techniques, such as downward-facing sensors for
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negative obstacles and upward-facing sensors for hanging obstacles. Additionally,
the algorithm should be trained to recognize and respond to these types of obstacles,
ensuring comprehensive obstacle awareness and avoidance.

Overall, By addressing these areas of improvement, the terrain detection and obsta-
cle classification algorithm can be significantly enhanced for dynamic and complex
environments. The integration of real sensors, comprehensive model training, orien-
tation estimation, dynamic adaptation, and consideration of shape and friction will
result in a more robust, reliable, and versatile system. This will enable the algorithm
to navigate challenging terrains with greater accuracy and safer navigation.
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