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Abstract

The growing use of wearable and autonomous systems in dynamic environments requires
reliable terrain classification and obstacle detection to ensure user safety, adaptability to
environmental conditions, and optimize system performance. This thesis aims to develop
a complete real-time processing pipeline for terrain classification and stairs detection using
LiDAR sensors, focusing on the comparative performance of both low- and high-accuracy
sensors: the Cyglidar D1 and RoboSense RS-LiDAR-M1 v2.

The research introduces a novel end-to-end pipeline that integrates innovative feature
extraction methods with efficient classification algorithms, optimized for real-time process-
ing of 3D point clouds. The study utilizes Support Vector Machines (SVM) with linear
and non-linear kernels to classify terrain or stairs, deploying a combination of wearable
and tripod-mounted configurations to collect data. These models were implemented on
the Jetson Nano, an embedded platform, to evaluate real-time feasibility. Key techniques
included normal vector extraction as part of the feature extraction process, noise simula-
tion to account for lower-cost sensor conditions, and comprehensive real-time performance
analysis, enabling robust classification across diverse scenarios.

The results indicated that while the Cyglidar D1 sensor achieved a commendable F1
score of 0.96 in stairs detection, its performance in terrain classification was hindered by
noise and overlapping features, particularly between plain and grassy terrains. On the
other hand, the RoboSense RS-LiDAR-M1 v2 excelled, achieving an F1 score of 0.99 in
terrain classification with minimal processing delay. The system proved robust against
noise, maintaining an F1 score of 0.99 even with 10 mm of added Gaussian noise.

These findings validate the effectiveness of the proposed pipeline, demonstrating its
ability to balance sensor cost, noise tolerance, and algorithmic efficiency while delivering
robust performance in real-time applications. The research provides valuable insights into
the trade-offs between sensor accuracy and cost, contributing to advancements in LiDAR-
based terrain classification and obstacle detection systems. Moreover, it underscores the
importance of preprocessing and sensor selection in enhancing classification reliability in
real-world scenarios.

Keywords: Terrain Classification, Stairs Detection, LiDAR Sensors, Real-time Sys-
tems, Support Vector Machines, 3D Point Cloud Processing, Embedded Systems.

iii



Acknowledgements

I would like to express my deepest gratitude to my supervisor, Dr. James Tung, for his
unwavering support and guidance throughout my research. His commitment to fostering an
open dialogue allowed me to explore and define my research interests, making the journey of
venturing into this new domain both exciting and enriching. Dr. Tung provided invaluable
feedback and patiently supported me every step of the way, encouraging me to think
critically and independently while ensuring that I had the resources and mentorship needed
to succeed. His patience and encouragement were crucial as I navigated the challenges of
this research, and his dedication to my academic growth has left a lasting impact on both
my work and my approach to research.

I am also profoundly grateful to my co-supervisor, Dr. Ehsan Hashemi, for his constant
support and for providing the technical insights that greatly enhanced the quality of this
work.

This thesis would not have been possible without the collaborative environment in
the Lab of Neural and Rehabilitation Engineering of the Department of Mechanical and
Mechatronic Engineering at the University of Waterloo. I extend my sincere thanks to my
colleagues and fellow researchers in the department, whose collaboration and discussions
have contributed significantly to this research.

I am especially grateful to Christian Mele for his assistance with data collection and
technical support, which were pivotal in the successful completion of this thesis.

My heartfelt gratitude goes to my family and friends for their unwavering support and
encouragement throughout this journey. Their patience and belief in me kept me motivated
during the most challenging times. Firstly, I would like to express my eternal gratitude to
my parents and my brother, without whom this post-graduate endeavor might not have
been possible. My parents have sacrificed so much to allow me to attend such an esteemed
world-class educational institution and pursue my dream program.

I also want to express my deepest appreciation to my close friend, Shuveccha, for
her unwavering support throughout these two years of my thesis. She not only kept me
motivated but also provided support whenever and however she could, whether by caring
for me in every way possible or helping me discuss and refine the structure of my thesis.
Her presence and encouragement have been invaluable.

Finally, I would like to acknowledge the financial support provided by the University of
Waterloo, which made this research possible. Without their resources and opportunities,
this thesis would not have come to fruition.

iv



Table of Contents

Author’s Declaration ii

Abstract iii

Acknowledgements iv

List of Figures viii

List of Tables xi

1 Introduction 1

1.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Research Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Background/Literature Review 8

2.1 Stairs Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2 Terrain Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3 Algorithm Development 18

3.1 Research Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

v



3.1.1 System Architecture in Brief . . . . . . . . . . . . . . . . . . . . . . 19

3.2 Algorithm Development for Stairs Detection . . . . . . . . . . . . . . . . . 21

3.2.1 Training Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

3.2.2 Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.3 Algorithm Development for Terrain Classification . . . . . . . . . . . . . . 36

3.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4 Experimental Setup & Datasets 43

4.1 System Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.1.1 Low-Accuracy LiDAR: Cygbot Cyglidar D1 . . . . . . . . . . . . . 44

4.1.2 High-Accuracy LiDAR: RoboSense RS-LiDAR-M1 v2 . . . . . . . . 47

4.1.3 Data Acquisition Speed and Real-Time Efficiency . . . . . . . . . . 53

4.2 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.2.1 Low-Accuracy LiDAR Setup: Cyglidar D1 . . . . . . . . . . . . . . 55

4.2.2 High-Accuracy LiDAR Setup: RoboSense RS-LiDAR-M1 v2 . . . . 58

4.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

5 Results 65

5.1 Stairs Detection using Cyglidar . . . . . . . . . . . . . . . . . . . . . . . . 66

5.1.1 Performance Metrics Across 10 K-Folds . . . . . . . . . . . . . . . . 67

5.2 Terrain Classification using the Lower Accuracy LiDAR (Cyglidar) . . . . 74

5.2.1 Raw and Processed Point Cloud . . . . . . . . . . . . . . . . . . . . 74

5.2.2 Normal Extraction and Scatter Plot . . . . . . . . . . . . . . . . . . 74

5.2.3 Results using SVM with Non-linear (RBF) Kernel . . . . . . . . . . 78

5.2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.3 Terrain Classification using the Higher Accuracy LiDAR (RoboSense) . . . 81

5.3.1 Raw and Processed Point Cloud . . . . . . . . . . . . . . . . . . . . 81

5.3.2 Normal Extraction and Scatter Plot . . . . . . . . . . . . . . . . . . 81

vi



5.3.3 Results using SVM with Linear Kernel . . . . . . . . . . . . . . . . 83

5.3.4 Performance Metrics Across 5 K-Folds for Terrain Classification . . 86

5.4 Terrain Classification using the Higher Accuracy LiDAR (Robosense) with
Added Noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

5.4.1 Results using SVM with Linear Kernel on Noisy Data . . . . . . . . 91

5.4.2 Performance Metrics Across 5-Fold Cross-Validation for Terrain Clas-
sification with 10mm Gaussian Noise . . . . . . . . . . . . . . . . . 93

5.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

6 Conclusion and Future Work 97

6.1 Summary of Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.2 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

6.3 Recommendations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

6.4 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

6.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

References 109

vii



List of Figures

2.1 Mobile wheeled robot with LiDARs and computing unit [38] . . . . . . . . 10

2.2 Stairs detection in real-world and plane modeling [71] . . . . . . . . . . . . 12

2.3 System architecture for terrain classification using CNNs, involving classi-
fiers for environment type, terrain visibility, and terrain classification within
a cropped image center [40] . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.4 Terrain classification performed on-board: (a) Data collected in a forested
region. (b) Data collected on a trail. [29] . . . . . . . . . . . . . . . . . . . 14

3.1 Software ROS Architecture Flow for Stairs Detection and Real-time Terrain
Classification. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.2 Stair detection threshold arc used to define collection labelling . . . . . . . 24

3.3 Diverse Staircase Dataset for LiDAR Training . . . . . . . . . . . . . . . . 24

3.4 Example collection scene in RViz displaying LiDAR scenes for a metal stairwell. 26

3.5 Flowchart of the stair detection algorithm development process using LiDAR
data, from data acquisition to model evaluation. . . . . . . . . . . . . . . . 27

3.6 Voxelization Process: Original points (black dots) and their centroids (red
stars) within each voxel. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.7 Flowchart of the terrain classification algorithm development process using
LiDAR data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.1 Cygbot Cyglidar D1 solid-state LIDAR with accessories [9]. . . . . . . . . . 45

4.2 RoboSense RS-LiDAR-M1 LiDAR [52]. . . . . . . . . . . . . . . . . . . . . 48

4.3 Topology of LiDAR and PC [51]. . . . . . . . . . . . . . . . . . . . . . . . 51

viii



4.4 Essential components Involved connecting the RoboSense LiDAR [51]. . . . 52

4.5 Data acquisition setup with tripod and walker . . . . . . . . . . . . . . . . 57

4.6 a) Cyglidar mounted on tripod b) Cyglidar in wearable-format, both con-
nected with the mobile workstation on walker . . . . . . . . . . . . . . . . 58

4.7 Cygbot Cyglidar D1 collection mount design with accompanying phone for
validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.8 (a) Point cloud of the stairs captured by Cyglidar D1 in tripod setup, (b)
Point cloud of grassy terrain captured by Cyglidar D1 in wearable setup. . 59

4.9 Tripod setup for the RoboSense RS-LiDAR-M1 v2 sensor, featuring a 3D
printed adapter for secure mounting, a spirit level for precise alignment, and
a stable tripod for stationary data acquisition. . . . . . . . . . . . . . . . . 61

4.10 (a) RoboSense LiDAR setup facing a staircase, (b) Corresponding point
cloud of the stairs, (c) RoboSense LiDAR setup facing grassy terrain, (d)
Corresponding point cloud of the grassy terrain. . . . . . . . . . . . . . . . 63

5.1 Frequency analysis of the top 6 most misclassified scenarios for false nega-
tives and false positives. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.2 Examples of False Positives in Fast Walking and Office Desk Reflective Scenes. 71

5.3 Examples of False Negatives: Climbing Stairs and Plain Surface in Sunlight. 72

5.4 Cyglidar D1 point cloud data: (a) Raw point cloud for plain terrain, (b)
Raw point cloud for grassy terrain, (c) Downsampled point cloud after
passthrough filtering for plain terrain, (d) Downsampled point cloud after
passthrough filtering for grassy terrain. . . . . . . . . . . . . . . . . . . . . 75

5.5 Normals extracted from downsampled Cyglidar D1 point clouds for (a) plain
terrain, and (b) grassy terrain. . . . . . . . . . . . . . . . . . . . . . . . . . 76

5.6 Scatter plot of NormalX vs. NormalY for plain and grassy terrains (compo-
nents in radians). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

5.7 (a) View of the plain terrain, (b) Experimental setup for grassy terrain, (c)
Raw point cloud data for plain terrain, and (d) Raw point cloud data for
grassy terrain. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.8 Normals extracted from the downsampled RoboSense RS-LiDAR-M1 v2
point clouds for (a) plain terrain, and (b) grassy terrain. . . . . . . . . . . 83

ix



5.9 Scatter plot of NormalX vs. NormalY for plain and grassy terrains using
RoboSense RS-LiDAR-M1 v2. . . . . . . . . . . . . . . . . . . . . . . . . . 84

5.10 Processed point clouds with added Gaussian noise: (a) 6 mm noise, (b) 10
mm noise. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.11 Scatter plot of NormalX vs. NormalY for plain and grassy terrains with 10
mm Gaussian noise added. . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

x



List of Tables

5.1 Final RBF Function Parameters . . . . . . . . . . . . . . . . . . . . . . . . 66

5.2 SVM 10 K-Fold Total Performance . . . . . . . . . . . . . . . . . . . . . . 67

5.3 SVM classifier performance . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

5.4 Performance Metrics Across 10 K-Folds for Stairs Detection using Cyglidar 67

5.5 Real-time performance of SVM with RBF kernel on Jetson Nano. . . . . . 79

5.6 Precision, Recall, and F1 Score for SVM with RBF kernel on Jetson Nano. 79

5.7 Performance metrics for SVM with RBF kernel on Jetson Nano. . . . . . . 80

5.8 Real-time performance results using SVM with Linear Kernel on Jetson Nano. 85

5.9 Precision, Recall, F1 Score, and Support for SVM with Linear Kernel. . . . 85

5.10 Confusion Matrix for SVM with Linear Kernel. . . . . . . . . . . . . . . . 86

5.11 Performance Metrics Across 5 K-Folds for Terrain Classification . . . . . . 87

5.12 Real-time performance results using SVM with Linear Kernel on Jetson
Nano on Noisy LiDAR Data. . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.13 Precision, Recall, and F1 Score for SVM with Linear Kernel for Noisy LiDAR
Data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.14 Confusion Matrix for SVM with Linear Kernel on Noisy Data. . . . . . . . 92

5.15 Performance Metrics Across 5-Fold Cross-Validation for Terrain Classifica-
tion (10mm Gaussian Noise) . . . . . . . . . . . . . . . . . . . . . . . . . . 93

xi



Chapter 1

Introduction

1.1 Problem Statement

With rapid advancement of medicine, patient and therapeutic care, the general population
has benefited from longer life expectancy. The growing demographic of the elderly and
individuals with disabilities underscores an urgent need for advanced assistive technolo-
gies addressing mobility disabilities, such as walkers and exoskeletons. Although mobility
assistive technologies have seen significant advancements, their effectiveness in complex
environments remains limited. These environments often feature different terrain types
and obstacles such as stairs, which pose navigational challenges that conventional mobility
aids struggle to handle effectively. These challenges can compromise safety and hinder user
independence, which requires a technological breakthrough to enhance navigation aids.

Globally, more than 2.5 billion people require one or more assistive products, such as
wheelchairs or hearing aids, according to the World Health Organization [69]. As the de-
mand for assistive devices continues to increase, the need for these technologies to become
adaptable to our environments becomes increasingly evident. Human beings are blessed
with a sophisticated cognitive system that enables seamless navigation in our daily environ-
ments. Unfortunately, people with cognitive and / or mobility impairments are challenged
by difficulty in detecting and navigating changes in planes, commonly found obstacles such
as stairs or different terrains in their neighborhood [59], all of which would require a change
in gait pattern for humans or exoskeletons.

In response to these growing challenges, recent developments in visual and inertial-
based methods for environmental perception in assistive devices have seen significant ad-
vancements, particularly in the integration of sophisticated computer vision algorithms,
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deep learning models, and sensor fusion techniques. These technologies leverage RGB-D
sensors and depth cameras to create accurate 3D mappings of the environment, improv-
ing the spatial awareness of assistive devices [39][60]. Inertial measurement units (IMU)
are increasingly utilized to track user movements and orientation, often in combination
with visual data, to provide a more robust and reliable perception of the environment [50].
Wearable devices, such as smart glasses and chest-mounted cameras, are now equipped with
visual and inertial sensors, providing users with comprehensive environmental awareness
[60]. In addition, innovations in smart canes, which integrate multiple sensors, including
cameras, ultrasonic sensors, and IMUs, provide enhanced environmental information to aid
navigation [39][45]. Many modern assistive technologies also capitalize on the capabilities
of smartphones, using their powerful sensors and processing capabilities to create portable,
cost-effective solutions [39][60]. These advances aim to improve obstacle detection, naviga-
tion assistance and general spatial awareness, with ongoing research focusing on improving
accuracy, reliability, user friendliness, and real-time processing capabilities [60][45].

Building on these advancements, this research is driven by the critical need to improve
the autonomy and safety of mobility aids through the integration of sophisticated sensing
technologies, such as LiDAR (Light Detection and Ranging). The motivation comes from
the potential of LiDAR technology to transform mobility aids into more intelligent, reliable,
and accessible tools. These enhancements are crucial to enabling users, particularly those
with mobility impairments, to navigate more safely and independently in diverse, dynamic,
and unpredictable environments.

This is especially relevant in the context of wearable mobility assistive technology in
the lower extremities (e.g. exoskeletons, orthoses, prostheses), which are active or passive
devices worn by users with some form of mobility impairment to aid and support gait and
stability [21]. Active lower limb devices deliver a combination of preset and online adjusted
assistance profiles to the user to aid or replace gait trajectories. Altering assistance profiles
to avoid or traverse terrain of different types and topology alternative to traditional flat
ground requires extensive knowledge of the surrounding environment and is a constant
challenge in robotics and control. Specifically, for wearable robotics, identification and
navigation of the plane / stairs are a complex issue when determining efficient and effective
methods of identification and traversal [28].

As most of the state-of-the-art algorithms involve some sort of camera (RGB-d, in
most cases) to detect those obstacles, there exists a privacy concern limiting adoption
of such systems in exoskeletons and rehabilitation devices designed to assist individuals
with mobility impairments [44]. Although exoskeletons have the potential to significantly
improve the quality of life for individuals with disabilities, many users are hesitant to use
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them due to concerns about privacy [24]. Preserving user privacy is crucial when developing
any assistive devices, exoskeletons as such, for several reasons. Firstly, exoskeletons are
often used to assist individuals with physical disabilities or injuries, and these individuals
may have sensitive medical or personal information that needs to be protected. Secondly,
exoskeletons can contain sensors and cameras that gather data about the user, such as their
movements and biometric information. This data could potentially be used for purposes
beyond the intended use of the exoskeleton, such as marketing or research, without the
user’s consent. Finally, preserving user privacy builds trust between the user and the
designer, which is essential for successful adoption of the technology.

Stairs pose a complex problem for assisted mobility, requiring detailed knowledge of
the scene and surfaces with the explicit intent of ascending or descending while navigat-
ing a potentially precarious fall risk. This complexity is highlighted by the multifaceted
challenges in stair detection and recognition for assistive devices [26], where accurate scene
understanding and surface analysis are critical. Recent research has emphasized the im-
portance of recognizing human motion intent when approaching staircases [13], leveraging
deep learning-based techniques for stair detection [73] and the use of 3D point cloud data
to address these challenges [60]. The integration of multiple sensors and fusion strategies
has also been explored to enhance locomotion activity recognition in complex environ-
ments such as staircases [18]. With the growing demand for assistive devices, there is an
increased potential for interaction with stairs in unmapped environments, making accurate
identification, evaluation, and characterization of terrains and stairs crucial to user safety.

The focus of this thesis is centred on the identification of key environmental
features, such as terrain and stairs, that pose mobility challenges, using onboard
solid-state light detection and ranging (LiDAR) sensors. Particular emphasis is
placed on evaluating the performance of LiDAR systems in real-time embedded
applications for detecting stairs as a critical environmental feature.

Although stairs detection and characterization have been extensively investigated in
robotics and wearable devices, little work has been done on the detection of different ter-
rains, especially in the domain of assistive devices. Stair detection has been examined
in mobile robotics, where the sensor stack is in parallel with the ground, simplifying al-
gorithm development. The state-of-the-art algorithms in those robots currently available
rely heavily on the high-end sensor stack (LiDAR, RGB-d, Depth Sensing, etc.) combined
with access to advanced computing platforms due to heavy computational cost. The high
sensor cost and computational requirements limit the deployable capability of such sys-
tems regardless of their detection accuracy/capability. This gap in the deployability
of terrain detection is addressed in this thesis with an affordable sensor and a
smaller computing stack.
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Using LiDAR sensors as a sensing modality can provide several advantages over video
modalities for assistive mobility devices (e.g., exoskeletons). One of the main advantages
is that LiDARs can capture depth information without requiring cameras or other sensors
that could potentially invade the user’s privacy. This capability is well established in the
scientific community, as evidenced by several high-impact studies. Schwarz et al. (2010)
provides a comprehensive overview of LiDAR technology, highlighting its ability to map the
world in 3D without relying on traditional imaging [56]. Behroozpour et al. (2017) further
elaborate on LiDAR system architectures, emphasizing their standalone depth-sensing ca-
pabilities [3]. The fundamental principle of LiDAR, as explained by NOAA, involves using
pulsed laser light to measure variable distances, generating precise three-dimensional infor-
mation about the characteristics of the Earth’s surface without the need for camera-based
imaging [41]. Additionally, Shan and Toth (2018) detail how LiDAR systems use time-of-
flight measurements of laser pulses to directly capture depth information, independent of
traditional photographic methods [58]. Another advantage of using LiDARs is that they
can work in low-light or complete darkness, which can be useful in situations where lighting
conditions are poor or where users need to move around in dark environments. Addition-
ally, LiDARs can capture more accurate and detailed 3D information than cameras, which
can improve the performance of the exoskeleton by providing more precise data about the
user’s surroundings.

Although cameras have been commonly used for environmental perception in exoskele-
tons, LiDAR technology offers several advantages that can enhance exoskeleton perfor-
mance and functionality. LiDAR sensors provide more accurate and detailed 3D informa-
tion about the surrounding environment, creating precise point clouds that can improve
the spatial awareness of an exoskeleton and the ability to navigate complex terrains [33].
This enhanced 3D perception can lead to better support and stability for exoskeleton users,
especially on uneven surfaces or stairs [33]. LiDAR also performs better in low light or
dark conditions compared to cameras, as it actively emits laser pulses rather than relying
on ambient light [70]. Furthermore, LiDAR offers superior privacy protection by capturing
spatial data without identifying individuals [15]. The integration of LiDAR technology
into exoskeletons can enable more robust environmental perception and adaptive control
strategies, potentially improving user safety and the overall effectiveness of rehabilitation
and assistance applications [15][70]. Recent research has focused on refining the algorithms
that process LiDAR data for more effective terrain classification. Techniques such as ma-
chine learning and deep learning are being employed to improve the accuracy of these
classifications. These algorithms are trained in vast datasets of varied terrains to learn
distinguishing features that are not immediately apparent to human operators or simpler
detection systems.
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Incorporating both stairs detection and terrain classification into the functionality of
LiDAR-equipped assistive devices can significantly broaden their scope and effectiveness of
application. By advancing methods to interpret and interact with their environment more
intelligently, developers can create solutions that offer unprecedented support and safety
for individuals with mobility challenges, fulfilling a critical need in the assistive technology
market.

Advancing on existing systems utilizing high-cost sensors and computationally inten-
sive algorithms, this research introduces a comprehensive pipeline for real-time processing
of 3D point clouds using relatively low-cost LiDAR technology. This pipeline includes
novel feature extraction techniques tailored to classify environmental features, specifically
terrains and stairs. By addressing privacy concerns, computational constraints, and de-
ployment challenges, the pipeline advances the potential of assistive devices to adapt to
environmental conditions, affording greater adaptability in real-world scenarios.

1.2 Research Objective

The overarching objective of this thesis is to address the limitations of current assistive
mobility technologies by developing a reliable, low-cost LiDAR-based system for stairs and
terrain classification. This system is designed to enhance the autonomy, safety, and per-
formance of assistive devices in diverse real-world settings while addressing key challenges
such as privacy concerns, computational constraints, and adaptability to complex environ-
ments. The system will be evaluated under different environmental conditions, including
scenarios with noise-simulated data, to ensure robustness and applicability across diverse
environments. To achieve this overarching objective, the research has been structured
around the following key sub-objectives:

1. Develop a Low-Cost, Low-Computation Algorithm for Stair Detection:

Addressing the problem of safe navigation in environments with stairs, this objec-
tive focuses on designing an algorithm that uses LiDAR data to accurately identify
ascending stairs in real time. The algorithm must be computationally efficient to
run on resource-constrained platforms, such as those used in assistive devices, while
maintaining high accuracy. This objective directly responds to the need for safer,
more reliable mobility aids capable of operating under limited hardware resources.

2. Investigate Terrain Classification Capabilities:
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To meet the challenge of navigating varied terrains (as highlighted in the problem
statement), this objective involves the development of a robust algorithm capable of
reliably classifying terrain types. By simulating the performance of lower-accuracy
LiDAR sensors through noise injection, the study explores the feasibility of low-cost
solutions for real-world applications. This objective addresses both computational
efficiency and affordability, ensuring the system can adapt to dynamic environments
without sacrificing performance.

1.3 Thesis Structure

The remainder of this thesis is structured as follows:

• Chapter 2: Background and Literature Review

This chapter delves into the fundamental concepts of LiDAR technology, focusing on
its applications in terrain classification and stairs detection. It provides a compre-
hensive review of existing methodologies and approaches that have been employed in
related research, analyzing their effectiveness and identifying the gaps that this study
aims to address. The chapter sets the stage by contextualizing the current research
within the broader scope of existing knowledge.

• Chapter 3: Algorithm Development

Chapter 3 outlines the step-by-step development of the algorithms used in this re-
search. It reports the mathematical foundations, logic, and pseudocode of underlying
the algorithms, emphasizing the innovative approaches introduced in this thesis. The
chapter also touches on the hardware architecture that supports these algorithms,
offering insights into the integration of software and hardware components to achieve
the research goals.

• Chapter 4: Experimental Setup

This chapter describes the experimental setups designed to test and validate the
developed algorithms. It details the specific hardware configurations, including the
LiDAR sensors and associated components, as well as the environments in which
data was collected. The chapter is divided into sections focusing on stairs detection
and terrain classification, each discussing the methodology employed to gather and
preprocess the data for subsequent analysis.
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• Chapter 5: Results and Discussion

Chapter 5 presents the results obtained from the experimental setups, offering a
detailed analysis of the performance of the developed algorithms. The chapter dis-
cusses the accuracy, efficiency, and potential limitations of the algorithms, comparing
them with results from existing studies. The discussion also explores the broader im-
plications of the findings, considering the impact on future research and practical
applications.

• Chapter 6: Conclusion and Future Work

The final chapter summarizes the key contributions and findings of this research. It
reflects on the objectives set out at the beginning of the thesis, evaluating how well
they have been achieved. The chapter concludes with a discussion of the potential
for future work, suggesting ways in which the research could be expanded or refined
to address any limitations identified during the study.
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Chapter 2

Background/Literature Review

To develop a reliable, low-cost terrain classification system using LiDARs that enhances
the reliability, performance, and safety of assistive devices in real-world settings, it is
crucial to understand the current state of research in this domain. The literature review is
divided into two key sections: stairs detection and terrain classification. The first section
focuses on examining various approaches and methodologies that have been used to identify
stairs using LiDAR and other sensor technologies. The second section delves into terrain
classification, exploring the methods and algorithms used to differentiate between different
types of terrains, which are essential for enhancing the navigational capabilities of assistive
devices. By reviewing these areas, the thesis aims to build on existing knowledge and
address gaps in the literature, ultimately contributing to the development of more robust
and efficient assistive technologies.

2.1 Stairs Detection

As a common obstacle that must be navigated safely and effectively, stair negotiation
is major challenge in the deployment of assistive technologies, such as rehabilitation ex-
oskeletons. The detection of stairs and planes has been a well-explored area in the field
of autonomous robotics, where accurate environmental perception is essential for safe nav-
igation. Although much of the existing research in this domain relies on cameras or a
combination of cameras and other sensors, the context of assistive devices demands al-
ternative approaches, especially those prioritizing user privacy. In such scenarios, the use
of LiDAR technology becomes increasingly relevant due to its ability to capture detailed
depth information without compromising privacy.
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Recent advances have focused on using LiDAR for stairs detection to prevent accidents,
particularly among visually impaired individuals. As a key example, Matsumura et al.
introduced a novel approach that employs deep learning techniques to analyze 3D point
cloud data for stair detection. Their study utilized a convolutional neural network (CNN)
to classify the point clouds into stairs and non-stairs categories, achieving high accuracy
with a low false-positive rate. The proposed system was tested in various environments,
demonstrating its potential to improve the safety and mobility of visually impaired users
by alerting them to the presence of stairs [38].

The use of deep learning for stair detection marks a significant shift from traditional
methods, which often relied on geometric features or simpler classifiers. By incorporating
deep learning algorithms capable of understanding complex patterns within point-cloud
data, researchers are moving closer to developing robust, reliable systems that can operate
effectively in real-world scenarios. For example, the system developed by Matsumura et al.
not only identifies stair structures, but also evaluates their characteristics, such as ascent
or descent, providing critical contextual information that can be used to prevent falls and
other accidents [38].

The deep learning-based stairs detection system described by Matsumura et al. lever-
ages advanced neural networks to achieve high accuracy and low false-positive rates in
identifying stairs within 3D point cloud data. While this approach demonstrates significant
potential, particularly in enhancing the safety and mobility of visually impaired individu-
als, it is not without limitations. One primary concern is the system’s dependency on large,
well-annotated training datasets, which may limit its applicability in diverse real-world sce-
narios where such data are not readily available. Additionally, the computational demands
of deep learning models may restrict their use in low-power or resource-constrained devices,
often found in assistive technologies. Environmental variations, such as changes in lighting
or unexpected obstacles, can also impact the reliability and consistency of the system’s
performance. Therefore, while the system presents a promising solution, these potential
drawbacks must be carefully considered when evaluating its suitability for deployment in
various assistive contexts.

LiDAR technology has frequently been integrated into mobile robotic platforms, often
mounted on wheeled robots or vehicles, to enable real-time environmental perception and
navigation. For instance, Bansal et al. proposed an architecture for streaming and pro-
cessing 3D point-cloud data from a moving robot equipped with dual LiDAR sensors, one
oriented parallel to the ground and the other perpendicular to it. This setup, illustrated
in Figure 2.1, uses a multithreaded streaming pipeline to handle LiDAR data in real-time,
facilitating accurate characterization of complex 3D structures such as doors and stairs.
The system’s efficacy in detecting and modeling these structures has been validated in live
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streaming scenarios, showcasing its potential for dynamic, real-world applications [2].

Figure 2.1: Mobile wheeled robot with LiDARs and computing unit [38]

However, real-time processing of high-resolution LiDAR data presents significant com-
putational challenges. The requirement for substantial computational power may pose
limitations for deploying such systems on low-power devices or in environments with lim-
ited resources. Furthermore, system performance can be affected by environmental factors,
including variable lighting conditions or sensor obstructions, which might introduce noise
or inaccuracies in the LiDAR data. Furthermore, when applied to assistive devices, such
as exoskeletons, the challenge extends to stabilizing the sensor data, especially given the
continuous movement and variability in a user’s gait. This complexity adds another layer
of difficulty in ensuring system reliability and consistency in real-world applications.

As a key challenge in real-world mobility, determining relevant information on the
presence and geometry of stairs is a fundamental problem in control of exoskeletons. Given
the impracticality of preloading all possible stair geometries into an exoskeleton’s control
system, Zhao et al. proposed a method combining LiDAR and RGB-D camera data to
dynamically detect and model stairs in real-time. Their approach focuses on identifying the
position, orientation, and geometric parameters of stairs, including the number of steps, the
height of the riser and the depth of the tread, which are critical for safe navigation (Fig.
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2.2) [71]. The system segments the stairs into planes using different colors, facilitating
the visualization and interpretation of the detected structures. This method presents a
significant advancement in enabling exoskeletons to adapt to various stair configurations
in real-time, thus enhancing their functionality for rehabilitation purposes, particularly for
patients recovering from hemiplegia (i.e., paralysis affecting one side of the body, including
the lower face, arm, and/or leg [71]).

Despite being designed for real-time operation, the algorithm presented in this study is
not immune to privacy concerns associated with RGB video streams capturing identifiable
features (e.g., faces). Furthermore, the fusion of LiDAR and vision data requires signifi-
cant computational power and may be sensitive to environmental factors, such as lighting
conditions and occlusions affecting accuracy and reliability. Additionally, the effectiveness
of the system may be limited by variations in the geometries of different staircases, which
can make it difficult to generalize the model to different environments.

2.2 Terrain Classification

In the domain of terrain classification, deep learning methods (e.g., CNNs), have become
increasingly prevalent due to their ability to process and analyze complex environmental
data. Moore et al. (2023) made significant strides in this area by leveraging CNNs to
classify terrains based on video data obtained from online sources. Considering a lack of
annotated datasets, their research focused on creating a novel dataset by mining images
from videos and then training CNN models to accurately classify various types of terrain.
The innovative aspect of this study lies in the automated data curation tool developed by
the authors, which enabled efficient acquisition and annotation of video data, facilitating
the training of their deep learning models [40].

In this thesis, a novel approach is proposed by utilizing low-cost LiDAR data for terrain
classification. Unlike Moore et al., who rely on video data, this research employs LiDAR,
which provides 3D spatial information that may be less affected by variable conditions such
as lighting and image quality challenges that often arise in video-based data collection. The
focus on LiDAR also addresses privacy concerns, as it does not capture identifiable per-
sonal information, which is a potential risk when using video data. Moore et al. address
privacy concerns by proposing the use of proposed automated filtering methods to remove
sensitive information from video data [40]. While this may mitigate data collection con-
cerns, perceived privacy risks associated with the sensing modality (i.e., video) remains an
ongoing issue [61].
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Figure 2.2: Stairs detection in real-world and plane modeling [71]
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Figure 2.3 illustrates the proposed architecture for processing video data through CNNs
to classify different terrains. The architecture consists of multiple stages: the first classifier
(#1) identifies whether the image is from an indoor or outdoor environment. If the image
passes this stage, the subsequent classifiers (#2 and #3) determine whether the terrain is
visible within the central 500 × 500 pixel crop of the image. If the terrain is visible, the
final classifiers (#4 and #5) proceed to classify the type of terrain depicted in the center
crop. This systematic approach exemplifies the complexity and robustness of Moore et al.’s
system in handling diverse environmental data, making it a key reference for understanding
the application of deep learning in terrain classification [40].

Figure 2.3: System architecture for terrain classification using CNNs, involving classifiers
for environment type, terrain visibility, and terrain classification within a cropped image
center [40]

Lalonde et al. (2006) investigated the challenges and solutions for improving ground
robot navigation through effective terrain classification. Their work focused on the classifi-
cation and segmentation of natural terrains using high-resolution LiDAR data, employing
both geometric and statistical analyses to categorize various terrain types (e.g., grass,
dirt, and gravel). The detailed point clouds generated by LiDAR allow for precise terrain
mapping, which is crucial for autonomous ground robots operating in complex outdoor
environments [29].

As shown in Figure 2.4, Lalonde et al. classified terrain in real-time using the onboard
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computing stack of a mobile robot with 3D LiDAR data. This classification system is
essential for allowing the robot to adapt its navigation strategies based on the detected
terrain, highlighting the practical implications of their research in autonomous systems.
The figure also exemplifies the potential of LiDAR technology to provide reliable terrain
data that can be leveraged not only within robotics but also in assistive technologies, where
safe and effective navigation is paramount [29].

Figure 2.4: Terrain classification performed on-board: (a) Data collected in a forested
region. (b) Data collected on a trail. [29]

Lalonde et al. extracted key geometric and statistical features from the LiDAR data
to characterize different terrains, including:

• Surface Roughness: Calculated by analyzing elevation variability within a local neigh-
borhood of points, enabling the distinction between rough terrains like rocks and
smoother surfaces such as grass.

• Point Density: Utilized to infer terrain type based on the density of points within
the cloud, where denser point clouds may indicate more complex terrains.

• Local Planarity: Assesses how well points fit a plane, aiding in the identification of
flat ground versus irregular surfaces.

• Height Variance: Differentiates terrains with varying elevation levels, providing fur-
ther granularity in classification.

The extracted features are fed into a Gaussian Mixture Model (GMM), a probabilistic
model well suited for terrain classification due to its ability to represent the probability
distribution of these features in a continuous space. The GMM, trained on labeled terrain
data, learns the statistical properties of each terrain class and is later used to classify new
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unlabeled LiDAR data by calculating the likelihood of the observed features belonging
to each class [29]. Lalonde et al. also examined terrain segmentation methods, which
are crucial to isolating different terrain types within a single LiDAR scan. The reported
segmentation process involves clustering LiDAR points into distinct regions based on their
spatial proximity and feature similarity, allowing for the individual classification of each
segment. This is particularly useful in complex environments where multiple terrain types
might be present in a single scan [29].

The study’s emphasis on high-resolution LiDAR and advanced probabilistic modeling
provides a robust framework for terrain classification in autonomous ground robots. How-
ever, the approach requires significant computational resources and high-accuracy sensors,
making it less accessible for applications where cost and computational efficiency are criti-
cal. In contrast, the current research explores the use of low-cost LiDAR systems, coupled
with noise-injected simulations, to develop scalable and practical solutions for terrain clas-
sification in assistive devices. This research aims to ensure that these methods are not
only accurate, but also feasible for real-world applications in human-centric environments,
where both cost and computational efficiency are paramount [29].

The challenges and advancements in LiDAR-based terrain classification for various
other applications, including agriculture, robotics, and autonomous navigation, can also
be found in the literature. The UAS-LiDAR study compared traditional ground classi-
fication algorithms with deep learning methods, demonstrating the superior performance
of machine learning approaches in the handling of high-density point clouds [14]. The
Natural Terrain Classification Paper introduced a method for segmenting 3-D point clouds
to classify vegetation, solid surfaces, and linear structures, addressing the complexities of
processing 3-D data in real-time [65]. Another study focused on object detection and ter-
rain classification in agricultural fields using 3D LiDAR data, achieving high accuracy in
distinguishing between ground, vegetation, and objects using SVM classifiers [27]. These
works underscore the evolving landscape of LiDAR-based terrain classification and the
increasing role of machine learning in improving accuracy and efficiency.

To summarize, the advancements in LiDAR-based terrain classification, as explored in
this section, highlight the efforts in precise environmental perception for both autonomous
systems and assistive technologies. The integration of LiDAR sensors, particularly in appli-
cations like mobile robots, agriculture, and real-time navigation, has demonstrated notable
progress in handling complex terrains and environments. While higher-resolution sensors
such as the RoboSense RS-LiDAR-M1 v2 excel in distinguishing between different terrain
types, even low-cost sensors have shown potential when combined with robust algorithms
and preprocessing techniques. The studies discussed emphasize the ongoing challenges
related to computational resources, noise, and real-time processing but also point to the
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growing effectiveness of machine learning techniques in addressing these challenges. This
thesis builds on these findings by investigating scalable, practical solutions for terrain clas-
sification in assistive devices, ensuring that cost, efficiency, and performance are balanced
to meet real-world demands.

2.3 Conclusion

The literature reviewed in this chapter underscores the significant advancements and ongo-
ing challenges in the fields of stairs detection and terrain classification, particularly within
the context of assistive technologies. The reviewed studies highlight the critical importance
of accurate environmental perception for enhancing the safety and functionality of mobility
aids like rehabilitation exoskeletons and other assistive devices.

In the domain of stairs detection, the evolution from traditional geometric approaches
to more sophisticated methods like deep learning has been particularly noteworthy. Re-
search such as that by Matsumura et al. demonstrates how convolutional neural networks
(CNNs) can effectively process 3D LiDAR data to identify and characterize stairs, thereby
offering promising solutions to improve the mobility and safety of visually impaired indi-
viduals. These advancements also illustrate the potential for integrating advanced sensing
and computational technologies into assistive devices to better navigate complex environ-
ments. However, challenges remain, including the high computational costs associated with
deep learning models and the need for extensive annotated datasets, which may limit the
scalability of these methods in diverse real-world scenarios.

For terrain classification, the contrast between video-based and LiDAR-based approaches
has been thoroughly explored. Studies by Moore et al. and Lalonde et al. illustrate the
strengths and limitations of using different sensing modalities for environmental percep-
tion. While video-based methods benefit from well-developed deep learning frameworks,
they are susceptible to variations in lighting and other environmental conditions. In con-
trast, LiDAR-based methods offer more consistent and reliable data for terrain classifica-
tion, as evidenced by Lalonde et al.’s work on ground robots. The use of LiDAR, coupled
with techniques such as PCA and Gaussian Mixture Models (GMMs), enables precise clas-
sification of complex terrain types, though often at the cost of increased computational
demands.

In addition, more recent studies have highlighted the growing role of machine learning
to process LiDAR data for terrain classification tasks across various applications. Research
by Fareed et al. and Kragh et al. have demonstrated the potential of LiDAR in agriculture
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and autonomous navigation, using high-density point clouds to accurately classify different
terrain types. These studies emphasize the computational challenges inherent in real-time
LiDAR data processing, particularly on resource-constrained platforms such as mobile
robots and assistive devices. The need for efficient algorithms that can handle large, noisy
datasets while maintaining high classification accuracy has become a key motivation for
continued research in this area.

The motivation for developing efficient algorithms stems from the computational chal-
lenges identified in these studies. As highlighted by the concept of algorithmic efficiency,
there is a constant need to optimize resource usage, particularly for embedded systems with
limited computational power. Real-time processing of high-density point clouds, often ex-
ceeding 100,000 points per second, poses significant challenges for mobile and embedded
platforms. The need for algorithms that can handle diverse terrain types, sensor configu-
rations, and maintain accuracy while reducing computational demands is crucial. Efficient
algorithms that can run on embedded computing units like NVIDIA Jetson Nano would
enable real-time terrain classification in resource-constrained environments, expanding the
applicability of this technology in robotics, agriculture, and environmental monitoring.
This push for efficiency aligns with the broader trend in computer science of maximizing
performance while minimizing resource consumption, as emphasized by Donald Knuth’s
statement on the importance of even small improvements in software engineering.

In summary, the review highlights that while substantial progress has been made in both
stairs detection and terrain classification, there is a clear need for methods that balance
accuracy, computational efficiency, and scalability. The findings from the literature provide
a solid foundation for the development of new algorithms that leverage the strengths of
existing methods while addressing their limitations. The research presented in this thesis
aims to contribute to this ongoing effort by developing robust, cost-effective systems for
terrain classification and stairs detection, ultimately enhancing the safety and reliability
of assistive devices in real-world settings.
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Chapter 3

Algorithm Development

The Algorithm Development chapter outlines the systematic approach undertaken to de-
velop an efficient staircase detection and terrain classification system using LiDAR tech-
nology. The primary aim of this research is to explore the feasibility and effectiveness of
using low-accuracy LiDAR sensors for these tasks, providing insights into how cost-effective
solutions can be implemented in assistive technologies. To ensure a comprehensive evalu-
ation, this thesis also benchmarks the performance of these systems against high-accuracy
LiDAR data, assessing potential improvements achievable with more precise (and higher-
cost) sensing technologies.

This chapter begins with an overview of the research design, followed by an in-depth
discussion of the system architecture, which highlights the hardware setup and configura-
tions used for data collection. The latter sections delve into the algorithm development
processes for both staircase detection and terrain classification, including the mathematical
foundations of the methods employed and pseudo-codes where appropriate.

3.1 Research Design

The research design of this study is structured to achieve dual objectives: developing and
validating algorithms for stairs detection and terrain classification using LiDAR technology,
with a focus on cost-effective and computationally efficient solutions. This research employs
an experimental and computational approach that facilitates controlled, systematic testing
of algorithms developed under various conditions to examine their applicability in real-
world scenarios.
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The core hypothesis of this research posits that low-cost LiDAR systems can be used
effectively for the reliable detection of stairs and the classification of terrains, despite their
inherent limitations in resolution and accuracy. By examining approaches that mitigate
these limitations, this study aims to expand the accessibility and affordability of advanced
mobility aids, providing practical solutions to improve the autonomy and safety of individ-
uals using assistive devices.

3.1.1 System Architecture in Brief

The system architecture designed for this research integrates both low- and high-accuracy
LiDAR sensors, enabling a thorough evaluation of terrain classification and stairs detection
algorithms under various environmental conditions. The modularity of the system allows
for seamless integration of these sensors into existing rehabilitation devices, requiring min-
imal hardware or software modifications. The LiDAR sensors utilized in this study are as
follows:

• Low-Accuracy LiDAR: The Cygbot Cyglidar D1 was selected due to its cost-
effectiveness, lightweight design, and ease of integration [9]. This sensor operates
using dual 2D and 3D solid-state TOF (Time-of-Flight) technology, providing reliable
performance for both static and dynamic environments. It features a horizontal field
of view (FOV) of 120° and a vertical FOV of 65°, with a measurement speed of
15 Hz. The Cyglidar D1 detects objects at distances ranging from 0.2 to 8 meters
for 2D and from 0.5 to 2 meters for 3D, with a ±1% accuracy. Its compact form
factor, weighing only 31g, makes it particularly suitable for wearable applications.
The detailed setup for both the tripod-mounted and wearable configurations will be
discussed in Chapter 4.

• High-Accuracy LiDAR: The RoboSense RS-LiDAR-M1 v2 served as the high-
accuracy sensor benchmark [52]. Utilizing advanced MEMS (Micro-Electro-Mechanical
Systems) technology, the RS-LiDAR-M1 v2 generates high-resolution 3D point clouds,
offering a horizontal FOV of 120° and a vertical FOV of 65°, with a measurement
speed of 20 Hz. This sensor detects objects within a range of 0.2 to 200 meters,
with a fine resolution of 0.1° in both horizontal and vertical axes, ensuring precise
environmental data collection. The sensor operates in temperatures ranging from
-20°C to 60°C and weighs 0.9 kg, making it more suitable for tripod-mounted config-
urations, especially for applications requiring detailed, accurate measurements. The
computational unit was selected to handle the high data throughput of this sensor,
ensuring real-time data acquisition and processing.
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Figure 3.1 illustrates the overall ROS-based system architecture and the flow of data
from the LiDAR sensors to the terrain classification and stairs detection algorithms. This
architecture integrates two types of LiDARs, Cyglidar D1 and RoboSense RS-LiDAR-M1,
into a unified framework that operates within the Robot Operating System (ROS). The
flow of data from sensor drivers to the final prediction stage demonstrates the modularity
and flexibility of the system, allowing for easy adaptation to different sensor configurations
and algorithms.

Figure 3.1: Software ROS Architecture Flow for Stairs Detection and Real-time Terrain
Classification.

The figure is composed of two primary components:

• LiDAR Sensors: The sensors explained above are connected here with the embed-
ded computing unit of the data acquisition system. The computing unit is powered
by a battery to ensure portability of the system.

• Sensor Driver ROS Node: The sensor driver manages data acquisition from the
LiDAR sensors. It subscribes to specific ROS topics based on the sensor type: the
Cyglidar D1 data is streamed through the topic ‘/scan 3D‘, while the RoboSense
RS-LiDAR-M1 data is streamed through ‘/rslidar points‘. These drivers ensure
proper handling of incoming point cloud data, converting it into a format that can
be processed by the subsequent algorithms.

• Prediction ROS Node: The algorithm component in the prediction node is the
main component running on the computing unit to predict the classification of
stairs/terrains. The algorithm shown in the figure provides a brief high-level overview
of the processing pipeline, emphasizing the main components of the algorithm devel-
oped in this research. This includes:
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– Passthrough Filter: This filter processes the raw point cloud data by limiting
the range of points based on their spatial coordinates. This step removes points
outside the region of interest, such as points too far away or too close, ensuring
that only relevant data are processed.

– Voxel Grid Downsampling: To further reduce the computational load, voxel
grid downsampling is applied, which reduces the density of the point cloud
while retaining essential geometric features. This step is particularly useful in
resource-constrained environments like the Jetson Nano, ensuring efficient real-
time processing.

– Feature Extraction: Depending on the application (terrain classification or
stairs detection), specific features are extracted from the downsampled point
cloud. For terrain classification, surface normals and geometric properties are
key features, while for stairs detection, planar segmentation and elevation char-
acteristics are more relevant. These features are critical for accurate predictions
and will be elaborated in subsequent sections of this chapter.

– Prediction using Trained Model: Once the relevant features are extracted,
they are passed to a pre-trained machine learning model (SVM) that classifies
the terrain or detects stairs. The model outputs the prediction in real-time,
providing immediate feedback to the system.

It is important to note that the algorithm depicted in the flowchart is presented in
a generalized form. The specific algorithm used varies slightly depending on whether it
is applied to stairs detection or terrain classification. For instance, terrain classification
primarily focuses on analyzing surface normals and spatial consistency, whereas stairs
detection emphasizes geometric features such as step height and depth. The differences
in features and processing steps will be discussed in more detail in later sections of this
chapter.

The architecture is optimized for deployment on embedded platforms such as the
NVIDIA Jetson Nano, ensuring a balance between computational efficiency and classi-
fication accuracy. The design is adaptable to different LiDAR sensors and applications,
making it versatile for various real-time assistive technologies and mobile robotics use cases.

3.2 Algorithm Development for Stairs Detection

The development of the stair detection algorithm focuses on harnessing LiDAR data to ac-
curately identify stair-like features in various environments. This process utilizes Principal
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Component Analysis (PCA) to effectively extract significant features from the data, which
are crucial for the subsequent application of a Support Vector Machine (SVM) model for
classification. The SVM model is trained using a carefully curated dataset that includes
labeled instances of both stairs and non-stairs, towards building the capability of distin-
guishing between these classes with high precision.

For this research, data were collected using both low-accuracy and high-accuracy Li-
DAR sensors to provide a comprehensive understanding of how different technologies per-
form under similar testing conditions. It is essential to note that this thesis primarily aims
to investigate whether lower-accuracy LiDAR can effectively detect stairs. This approach
aligns with the broader research goal of creating a cost-effective solution, not in terms
of cost, but also in terms of computational power required to process the data and run
the trained model. By focusing on lower-accuracy LiDAR, the study aims to demonstrate
that effective stairs detection can be achieved without the need for expensive high-end
hardware, thereby reducing the overall resource footprint of the technology.

This investigation is particularly pertinent given the varied stair structures encountered
in typical environments, which present challenges in terms of generalizable detection and
classification. The research carefully evaluates the performance of lower-accuracy LiDAR
in detecting these structures against a backdrop of potentially noisy data. The findings of
these evaluations are expected to contribute significantly to the field by providing insight
into the minimum specifications required for reliable stairs detection systems, and a wider
range of applications.

In sum, the stair detection algorithm serves as a key component of the research, pushing
the boundaries of what can be achieved with less expensive LiDAR systems. This endeavor
not only investigates the limits of lower-cost technology in performing complex recognition
tasks but also sets a foundation for future studies aimed at optimizing automated detection
systems in varied architectural environments.

In this preliminary investigation, the focus is on identifying ascending stairs, although
the framework can be adapted to recognize other stair structures with appropriate ad-
justments to the training data. Successful stairs identification requires clearly defined test
conditions that outline when a set of LiDAR data should be classified as ascending stairs.

In this study, the focus is limited to ascending stairs due to the distinct challenges
associated with detecting descending stairs. Descending stairs introduce complexities such
as reduced vertical field of view, additional noise from elevation changes, and higher vari-
ability in user movement patterns. These factors complicate reliable feature extraction and
increase the risk of misclassification. Moreover, descending stairs pose greater safety impli-
cations; a failure to detect descending stairs accurately could result in significant hazards,
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such as falls. By focusing on ascending stairs, which offer a more controlled scenario, this
preliminary investigation ensures robustness in the detection framework while laying the
groundwork for future expansions to include descending stairs.

The detection process is influenced by two main factors: the angle of approach and the
range of approach to the stairs. For angle of approach, it is assumed that an individual
walking parallel to a set of stairs without intent to ascend (i.e. walking around stairs)
should not trigger a stair detection event. Therefore, the system is designed to recognize
stairs only when the individual approaches them within a specific angular range. This
range is defined as a 45-degree arc emanating from the point perpendicular to the first
stair. LiDAR data collected within this arc is labeled as ascending stairs during training,
ensuring that the system can accurately detect stairs when approached directly. Figure
3.2 illustrates the collection arc used in this study.

In addition, the range threshold is set to optimize the detection capabilities of the low-
accuracy LiDAR, which has a maximum scanning range of 2 meters. To ensure that stairs
are detected in a timely manner, the range threshold is set at 1.8 meters, approximately
2-3 steps away . This buffer below the maximum range accounts for potential inaccuracies
or noise in the data, allowing the algorithm to begin processing the point cloud as soon
as the LiDAR detects an object within this range. This ensures that the first step of the
staircase is captured effectively, providing the system with sufficient data to accurately
identify the staircase structure as the user approaches.

3.2.1 Training Dataset

In this research, a meticulously curated and diverse set of LiDAR data was collected from
an extensive array of staircases to ensure that the detection algorithms could be trained to
achieve high levels of accuracy and robustness in varied real-world conditions. The dataset
was designed to cover a broad spectrum of scenarios including stairs constructed from a
variety of materials, such as wood, metal, concrete, and carpet. Each of these materials
presents unique challenges for LiDAR-based detection due to their differing light reflectance
properties, which can significantly impact the accuracy of depth and shape perception in
the collected data.

In addition, the architectural design of stairs varied significantly, including varying
numbers of steps, stair widths, and a range of angles of inclination. Acquiring a diverse
dataset was crucial for training the algorithms to handle the wide array of stair structures
encountered in everyday environments, from narrow, steep staircases in older buildings to
wider, more gradual ones. As illustrated in Fig. 3.3, the training data included a wide
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Figure 3.2: Stair detection threshold arc used to define collection labelling

selection of stairs, showcasing a variety of materials and designs from wooden and metal
stairs to carpeted and industrial ones. Each type was chosen for its unique design and
material characteristics to enhance the diversity of data and robustness of the stairs detec-
tion algorithms. By incorporating a broad spectrum of staircases, the aim was to develop
algorithms capable of generalizing effectively across different conditions and configurations
reflecting diverse real-world scenarios.

Figure 3.3: Diverse Staircase Dataset for LiDAR Training

To further enhance the comprehensiveness of the dataset, LiDAR data was captured
from multiple distances and angles within the detection threshold arc shown in Fig. 3.2.
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This approach was crucial for simulating real-world scenarios where users might approach
stairs from various directions and distances. By varying the data collection angles and
distances in training data, the algorithms are more likely to generalize across different
approach trajectories, a key factor in real-world applicability.

Moreover, to account for the dynamic nature of human movement, data were captured
using a wearable LiDAR format, where the sensor was mounted on a person walking
towards the stairs, ascending the steps, and navigating the initial climb. This introduced
natural variability in the data due to human movements, such as vibrations and shifts
in orientation. This variability is essential for training algorithms that need to perform
reliably in practical, everyday settings, where stability cannot be guaranteed.

Additionally, to simulate both static and dynamic use cases, data were collected using
a stationary LiDAR mounted on a tripod, as well as in a wearable format. The stationary
setup provided clean, stable data, ideal for capturing the precise details of stair geometry,
while the wearable setup introduced real-world complexities, such as shaking and vibrations
associated with a person in motion. By combining data from these varied conditions, the
study aimed to develop algorithms that are not only accurate but also robust enough to
handle the challenges posed by dynamic environments.

The collection periods ranged from 30 seconds to 5 minutes. These periods were chosen
to ensure a variance in the information collected, accounting for natural movements and
adjustments, such as breathing. Data were gathered in both wearable and static tripod
formats. The LiDAR stream, received as ’sensor msgs::PointCloud2’ according to the ROS
framework, was stored in ROSbags. During training, each frame was analyzed, with addi-
tional frames providing stronger training against noise. This approach to data collection
was chosen to distinguish between actual stair patterns and noise. All together, the dataset
comprises of 274,510 frames, equivalent to approximately 305.01 minutes of LiDAR data.
An example of the collected scenes is shown in Fig. 3.4.

This comprehensive approach to data collection, which spans different materials, struc-
tural designs, distances, angles, and dynamic conditions, was critical to generate and study
algorithms for deployment in assistive technologies. Such technologies, including exoskele-
tons and mobility aids, rely heavily on precise and reliable environmental perception to
improve user safety and autonomy. Representative examples of data collection scenarios,
highlighting the diversity and thoroughness of the process, are depicted in the accompa-
nying figure, showcasing the depth of the research effort in preparing a dataset that can
support robust and reliable staircase detection in real-world applications.
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Figure 3.4: Example collection scene in RViz displaying LiDAR scenes for a metal stairwell.

3.2.2 Algorithm

The flowchart presented in Figure 3.5 outlines the step-by-step methodology for the stair-
case detection algorithm utilizing LiDAR data. The process includes data acquisition,
pre-processing, feature extraction, and machine learning model training. The following is
a detailed breakdown of each stage, including the mathematical and computational tech-
niques involved.

I Stairs & Non-Stairs Data ROSbags: The data acquisition process begins with
collecting LiDAR data in ROSbags (Robot Operating System bags), which store mes-
sage data such as sensor readings, allowing for organized and reusable datasets. ROS
is an open-source framework that provides a collection of tools, libraries, and conven-
tions for developing robot applications. Within this ecosystem, ROSbags serve as a
flexible, convenient file format for storing and managing message data from various
sources, including sensor readings, robot state information, and control commands
[63, 37]. ROSbags offer a structured way to organize complex, multi-modal data and
provide reusability, time synchronization, and efficient storage [63, 67]. The use of
ROSbags ensures flexibility, allowing developers to replay recorded data, crucial for
iterative development, testing, and debugging systems [63, 67]. Importantly, ROSbags
maintains temporal relationships between different data streams and support a wide
variety of ROS message types, making them versatile for various robotics applications
[63, 49].
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Figure 3.5: Flowchart of the stair detection algorithm development process using LiDAR
data, from data acquisition to model evaluation.

II Convert Each Frame/Sensor msgs to Point Cloud Data (PCD) Files: The
collected ROSbag data is then converted into Point Cloud Data (PCD) files. PCD is a
widely used data format specifically designed for handling 3D point clouds, which rep-
resent spatial information captured by sensors like LiDAR [53, 11]. The PCD format
provides a structured way to store and manipulate 3D data, facilitating processing and
analysis, particularly in robotics and computer vision applications [53]. This conver-
sion step is crucial to standardize the data, and ensures compatibility with the Point
Cloud Library (PCL) and other processing frameworks, thereby facilitating efficient
data handling, storage, and further analysis [11].

III Voxel Grid Downsampling of the PCD Files: Voxel grid downsampling is a
widely used method in point cloud processing to reduce the number of points while
preserving the overall structure of the data. A voxel grid is a 3D grid that divides
the space into smaller, equally sized cubes (voxels). All the points within a voxel
are approximated by their centroid, which significantly reduces the number of points,
enhancing computational efficiency.

Mathematical Basis: In this study, the Point Cloud Library (PCL) is used for voxel
grid downsampling [48]. PCL offers efficient implementations of various algorithms,
including voxel grid filtering, which reduces the computational load without losing
critical spatial details [11].

Equation: For a point cloud P = {p1, p2, . . . , pn}, where each point pi = (xi, yi, zi),
voxel grid downsampling can be represented by dividing the space into voxels of size
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δx, δy, δz. The downsampled point p′j = (xj, yj, zj) within each voxel Vj is computed
as:

xj =
1

|Vj|
∑
pi∈Vj

xi, yj =
1

|Vj|
∑
pi∈Vj

yi, zj =
1

|Vj|
∑
pi∈Vj

zi (3.1)

This equation (Equation 3.1) represents the process of averaging the coordinates of all
points within a voxel to compute the centroid, which then serves as the representative
point for that voxel. The variables xj, yj, and zj are the coordinates of the centroid
of voxel Vj, and |Vj| is the number of points within that voxel. The purpose of this
operation is to reduce the number of points in the point cloud while preserving the
overall structure and important spatial features of the data.

Figure: The figure below demonstrates the voxelization process, where each grid cell
represents a voxel, and the black dots are the original points. The red stars indicate
the centroids of the points within each voxel, which are used to represent the voxel
in the downsampled point cloud. The figure is adapted from the Libpointmatcher
documentation [34].

Using the Point Cloud Library (PCL), the downsampling process is efficiently imple-
mented. The integration of OpenMP for parallel processing further accelerates this
computation. By distributing the work across multiple cores, OpenMP allows the
voxel grid downsampling to be performed in parallel, which is especially beneficial
when dealing with large datasets or when real-time processing is required. This par-
allelized approach significantly reduces computation time, making the system more
responsive and capable of handling high-throughput data streams in real-time appli-
cations [48].

OpenMP Parallelization: To expedite the downsampling process, OpenMP (Open
Multi-Processing) was employed to parallelize the computation across multiple CPU
cores [7]. OpenMP is an API that supports multi-platform shared memory multipro-
cessing programming. It enables the distribution of loop iterations across threads,
thereby dividing the workload and significantly reducing execution time.

In the context of voxel grid downsampling, the point-cloud data is divided into smaller
segments, each processed in parallel. This is achieved by parallelizing the loop that
iterates over the point-cloud data points and assigns them to their respective voxels.
Each thread independently computes the centroid for its assigned voxel, which is then
synchronized across the threads to form the final downsampled point cloud. The
parallelized approach is crucial for real-time applications, where processing speed is
paramount [35].
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Figure 3.6: Voxelization Process: Original points (black dots) and their centroids (red
stars) within each voxel.
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OpenMP’s directive-based model makes it easier to implement parallelism in existing
code without extensive modifications. By using OpenMP, the voxel grid downsampling
process achieves a significant speedup, making it viable for deployment in real-time
systems where large point cloud datasets need to be processed quickly and efficiently.

IV Filter Out the PCD Files with Less Than 50 Points: After downsampling,
point clouds with fewer than 50 points are filtered out. This threshold is essential to
eliminate frames with insufficient data that may negatively impact the accuracy of the
classification model. Removing these small point clouds ensures that the subsequent
stages of the process work with meaningful and relevant data.

V Feature Extraction, PCA on the PCD Files: Principal Component Analysis
(PCA) is a powerful statistical method used for dimensionality reduction. In the
context of point clouds, PCA is employed to extract the principal components that
represent the main axes of variation in the data.

Mathematical Basis: The mathematical foundation of PCA begins with the com-
putation of the covariance matrix of the point cloud data. The covariance matrix
C captures the variance and correlation between the different dimensions (X, Y, Z)
of the point cloud. For a given point cloud P = {p1, p2, . . . , pn}, where each point
pi = (xi, yi, zi), the covariance matrix C is calculated as follows:

C =
1

n− 1

n∑
i=1

(pi − p)(pi − p)T (3.2)

where p is the mean of all points in the cloud.

The next step involves solving the eigenvalue problem for the covariance matrix:

Cv = λv (3.3)

In this equation, v represents the eigenvectors and λ represents the corresponding
eigenvalues. The eigenvectors v are the principal components that define the new
coordinate system, oriented along the directions of maximum variance in the data. The
eigenvalues λ indicate the amount of variance captured by each principal component
[23].

By projecting the original point cloud data onto these principal components, PCA
effectively reduces the dimensionality of the data [68]. In terrain classification, the
first few principal components usually capture most of the variance, allowing the data
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to be represented in a lower-dimensional space without significant loss of information.
This reduced representation is commonly used as input features for machine learning
models, such as Support Vector Machines (SVMs).

Applications of PCA in literature: PCA has been widely used in the processing
and analysis of 3D point clouds [68]. It is particularly useful in applications where
high-dimensional data needs to be simplified for further analysis. For instance, in the
context of terrain classification, PCA helps focus on the most informative features of
the landscape, enhancing the accuracy and efficiency of the classification algorithms.

PCA has been extensively used in LiDAR data processing for dimensionality reduction
techniques and to enhance efficiency and accuracy. Duan et al. (2021) addressed the
inherent noise in LiDAR-generated point clouds, proposing a novel method that takes
advantage of PCA to reduce the dimensionality of the data from 3D to 2D. By focusing
on the principal components that capture the most significant variance, this approach
effectively simplifies the noise reduction process. The transition to 2D data allows for
more efficient clustering and filtering, ultimately preserving essential environmental
features while significantly lowering computational complexity. This method not only
improves the precision and recall of noise reduction algorithms, but also reduces the
computational burden, making it more suitable for real-time applications [12].

Hackel et al. (2017) introduced a large-scale 3D point cloud classification dataset
designed to push the boundaries of deep learning methods in this domain. Although
the paper does not explicitly detail the use of PCA, it is implied that dimensionality
reduction techniques like PCA could be instrumental in handling the massive scale of
the dataset, which comprises over 4 billion manually labeled points. By reducing the
dimensionality of the data, PCA would help streamline the learning process, allow-
ing deep learning models to focus on the most relevant features and improving their
generalization across diverse urban and rural scenes. The paper emphasizes the need
for such techniques to make deep learning models more computationally feasible and
effective in processing large, complex 3D datasets [19].

Together, these studies highlight the critical role of Principal Component Analysis
(PCA) in the processing and classification of 3D point-cloud data. PCA is instru-
mental in reducing data complexity, facilitating noise reduction, and enhancing the
performance of machine learning models. By simplifying the data to its most signifi-
cant components, PCA enables more accurate and efficient data processing, making it
highly applicable to real-world scenarios, whether it be noise filtering for LiDAR data
or in the classification of extensive 3D datasets.

In this research, PCA is applied to the Point Cloud Data (PCD) files to extract the
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principal components that capture the most crucial variations in the data. These com-
ponents are then used as features for subsequent machine learning models. This ap-
proach not only reduces computational complexity, but likely also bolsters the system’s
robustness across a range of environmental conditions, ensuring reliable performance
in diverse real-world applications.

VI Saving Features (Eigenvalues and Eigenvectors) for Training a Model: The
eigenvalues, which quantify the variance along each principal component, and the
eigenvectors, which define the directions of these components, are systematically stored
in a feature matrix. This matrix serves as a compact and powerful representation of
the original data, significantly reducing the computational burden while preserving
the key information necessary for accurate classification.

During the training phase, this feature matrix is utilized as input for machine learn-
ing algorithms. Optimized storage of these PCA-derived features not only enhances
data handling efficiency but also ensures quick retrieval, which is vital for real-time
processing [68].

VII Model Training with SVM (RBF Kernel): Support Vector Machines (SVM) are
a class of supervised learning algorithms widely used for classification tasks, partic-
ularly in challenging applications. The core idea behind SVM is to find an optimal
hyperplane that maximizes the margin between different classes in a high-dimensional
feature space, which is crucial for tasks requiring high accuracy in distinguishing be-
tween complex structures like stairs and non-stairs [8, 66].

Initially, the SVM was tested with a linear kernel to determine if a straightforward
linear separation could accurately classify the data. The linear kernel attempts to
separate the data using a straight line (or hyperplane) in the feature space, mathe-
matically represented as:

K(xi, xj) = xT
i xj (3.4)

However, due to the complex, non-linear nature of stairs detection in 3D point clouds,
a linear SVM was implemented and deemed inadequate in performance. The classifi-
cation boundary required non-linear separation to capture the intricate relationships
between the eigenvalues and eigenvectors derived from the point cloud data.

To address this, the Radial Basis Function (RBF) kernel was employed, which is
particularly effective for nonlinear classification problems. The RBF kernel is defined
as:
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K(xi, xj) = exp
(
−γ∥xi − xj∥2

)
(3.5)

Where:

• xi and xj are the feature vectors in the input space, derived from the eigenvalues
and eigenvectors of the PCA analysis on the point cloud data.

• γ (gamma) is a hyperparameter that controls the influence of each training ex-
ample. A lower value γ results in a smoother decision boundary, while a higher
value γ allows a more complex adaptive boundary that fits the training data more
closely.

The SVM with the RBF kernel transforms the input data, consisting of all eigenvalues
and eigenvectors for the 3D axes, into a higher-dimensional space where a linear sepa-
ration becomes possible. This transformation is particularly beneficial when the stairs
and non-stair classes are not linearly separable in the original feature space [57, 6]. By
leveraging the RBF kernel, the model captures the non-linear relationships between
the features, leading to improved classification performance.

The decision function for the SVM classifier with the RBF kernel is expressed as
follows:

f(x) = sign

(
n∑

i=1

αiyiK(xi, x) + b

)
(3.6)

Where:

• αi are the Lagrange multipliers that determine the weight of each support vector.

• yi are the class labels (stair or non-stair).

• b is the bias term.

This decision function enables the SVM to classify new data points by evaluating
their position relative to the hyperplane, considering the non-linear transformations
introduced by the RBF kernel. The results of using both linear and RBF kernels will be
discussed in detail in Chapter 4, where their performance in stair detection is analyzed,
and demonstrates the advantages of using the RBF kernel for this application.
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Hyperparameter Tuning

To optimize the SVM model for stairs detection, a comprehensive hyperparameter
tuning process was conducted using the RandomizedSearchCV method. This involved
testing a wide range of values for several key parameters using a 5-fold cross-validation
approach, ensuring the model’s robustness across different subsets of the dataset.

Tested Hyperparameters:

• Kernel: ’linear’, ’rbf’, ’poly’, ’sigmoid’

• C (Regularization Parameter): 0.001, 0.01, 0.1, 1, 10, 100, 1000

• Gamma: ’scale’, ’auto’, 0.0001, 0.001, 0.01, 0.1, 1

• Degree: 2, 3, 4, 5 (Only applicable for polynomial kernels)

• coef0: 0.0, 0.1, 0.5, 1.0 (Only applicable for polynomial and sigmoid kernels)

The parameter grid was designed to cover a broad spectrum of kernel functions and
regularization strengths. By testing different combinations of gamma values, degrees
(for polynomial kernels), and coefficients, the aim was to identify the optimal config-
uration for distinguishing between stairs and non-stairs.

RandomizedSearchCV was selected over GridSearchCV to allow for a more efficient
exploration of the hyperparameter space, as it randomly samples a fixed number of
parameter combinations rather than exhaustively testing all possible combinations.
This approach helped reduce computational overhead while still providing reliable
results. By using cross-validation, the model’s performance was evaluated on different
data folds, ensuring that it generalized well and avoided overfitting.

The hyperparameter tuning process was critical in selecting the best parameters, which
were later applied in the final model for more detailed analysis in the results chapter.

Support Vector Machines: Hard Margin vs. Soft Margin

For the SVM classifier to find an optimal hyperplane that separates different classes,
two main approaches can be utilized: hard margin SVM and soft margin SVM.

• Hard Margin SVM: In hard margin SVM, the goal is to find a hyperplane
that perfectly separates the classes without allowing any misclassification. This
approach is effective when the dataset is linearly separable and free from noise,
as it maximizes the margin between the closest data points (support vectors) and
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the hyperplane. However, hard margin SVMs are sensitive to outliers, as even a
single misclassified point can lead to an infeasible solution.

• Soft Margin SVM: In soft margin SVM, the model introduces slack variables
to allow for some misclassification or margin violations. This makes the algo-
rithm more robust to noisy or overlapping datasets by striking a balance between
maximizing the margin and minimizing classification errors. The trade-off is con-
trolled by the regularization parameter C, which adjusts the model’s tolerance
for misclassification.

In this thesis, a hard margin SVM was chosen for terrain classification and stairs
detection. This decision was based on the assumption that the datasets used (e.g.,
RoboSense LiDAR data) exhibit high-quality, linearly separable features after prepro-
cessing and noise injection. By using a hard margin SVM, the classifier maximizes
the separation between terrain classes, which is particularly advantageous when the
dataset is well-conditioned.

However, it is important to note the potential limitations of this approach. In scenarios
involving higher levels of noise or overlapping data distributions, a soft margin SVM
may provide better generalization by mitigating the effects of outliers and margin
violations. Future work could involve exploring soft margin SVMs to evaluate their
performance under varying noise conditions.

The choice of a hard margin SVM aligns with the primary objective of this research:
achieving high classification accuracy with minimal computational overhead, as hard
margin SVMs eliminate the need for additional regularization tuning. This simplifi-
cation was especially critical for real-time applications on embedded systems like the
Jetson Nano, where computational resources are limited.

VIII Model Testing and Accuracy Evaluation: The evaluation of the trained SVM
model was conducted in two distinct phases to thoroughly assess its performance.
In the first phase, the model was tested offline using a high-end computer (detailed
specifications provided in the following chapter) to understand its generalization ca-
pabilities on unseen data. This offline testing phase was crucial to determine how
well the model performed with diverse datasets and in different scenarios that simu-
late real-world environments. The trained model’s accuracy, precision, recall, and F1
scores were calculated to provide an initial understanding of its effectiveness.

In the second phase, the trained model was deployed on an NVIDIA Jetson Nano to
evaluate its real-time (or online) performance. This phase aimed to test the algorithm
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in a live environment where computational resources are limited compared to the high-
end offline setup. By running the model on the Jetson Nano, the practical feasibility
of the algorithm for deployment in assistive technologies was assessed.

Accuracy metrics and inspection of false positives and negatives played a critical role in
further refinement of the model. During both phases, performance was evaluated using
standard accuracy metrics, including precision, recall, and the F1 score. Additionally,
detailed logs were maintained to track the model’s behavior, especially focusing on
instances of false classifications. These logs provided insight into specific frames where
the model failed to classify correctly, allowing for an in-depth analysis of these errors.
The information saved in these logs is crucial for iterative refinement of the model,
enabling targeted improvements to enhance accuracy and reducing false classifications
in future iterations.

3.3 Algorithm Development for Terrain Classification

The algorithm developed for terrain classification is designed to differentiate between two
types of terrains: plain and grass. This classification is based on the orientation of the
normal vectors extracted from the point clouds generated by the LiDAR sensors. Data
were collected using Cyglidar D1 and RoboSense M1 sensors, to permit evauation across
different sensors.

The algorithm process is visually represented in the flowchart (Fig. 3.7). This pro-
cess involves several critical steps, including data collection, Gaussian noise addition,
passthrough filtering, voxel grid downsampling, normal extraction, feature selection, model
training, and cross-validation. Each step is carefully designed to ensure that the algorithm
can accurately classify the terrain, even in the presence of noise and varying environmental
conditions.

The proposed algorithm follows these key steps:

I Data Collection: LiDAR data for both plain and grass terrains were collected using
Cyglidar D1 and RoboSense M1 sensors. The collected data is stored in ROSbags,
providing the flexibility to replay the data multiple times during the algorithm’s de-
velopment and testing phases [67].

II Gaussian Noise Addition: The addition of Gaussian noise to the point cloud data
simulates the conditions of a low-accuracy LiDAR sensor. Low-accuracy LiDARs
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Figure 3.7: Flowchart of the terrain classification algorithm development process using
LiDAR data.

typically produce sparser point clouds compared to high-accuracy sensors due to lower
resolution and precision [62, 48]. To accurately replicate these conditions, the process
involves two critical steps: voxel grid downsampling and the subsequent addition of
Gaussian noise.

Point-Cloud Density Reduction: To simulate the output of a lower-resolution
LiDAR sensor, voxel grid downsampling is applied to the high-density point cloud
data. This process involves dividing the point cloud space into cubic voxels of fixed
size and then averaging the coordinates of all points within each voxel to represent
the voxel by a single point—its centroid. For this implementation, a voxel size of
0.05 × 0.05 × 0.05 meters (5 cm cubic dimensions) is chosen to achieve the desired
reduction in point density.

The downsampling operation is mathematically described by Equation 3.1, where the
coordinates of the downsampled point xj, yj, and zj within each voxel Vj are computed
by averaging the coordinates of all points within that voxel. A voxel size of 5 cm was
selected empirically, this process effectively reduces the number of points in the point
cloud, simulating the effect of a low-resolution LiDAR while maintaining the essential
geometric structure necessary for further analysis [11].

Mathematical Basis of Gaussian Noise: Following downsampling, Gaussian noise
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is added to the point cloud data. The Gaussian distribution, also known as the normal
distribution, is defined mathematically by the probability density function (PDF):

f(x) =
1

σ
√
2π

exp

(
−(x− µ)2

2σ2

)
(3.7)

where:

• x is the variable,

• µ is the mean of the distribution (typically set to 0 for noise addition),

• σ is the standard deviation, which determines the spread or ’width’ of the distri-
bution.

In this context, the Gaussian noise is added to each point’s coordinates in the down-
sampled point cloud. The noise is generated using the standard normal distribution
with a mean of 0 and varying levels of standard deviation (σ), which corresponds to
the intensity of the added noise. The standard deviation values used range from 4 to
10 mm, incremented by 2 mm to simulate different levels of noise. The mathematical
operation to add Gaussian noise can be expressed as:

xnoisy = x+N (0, σx) (3.8)

ynoisy = y + 2N (0, σy) (3.9)

znoisy = z +N (0, σz) (3.10)

Where N (0, σ) represents the normal distribution with a mean of 0 and standard
deviation σ. In the provided code, this process is implemented by generating ran-
dom values from the normal distribution and adding these values to the x, y, and
z coordinates of each point in the cloud. The inclusion of different scaling factors
for the y-coordinate, such as the factor of 2 in the noise addition, is intended to re-
flect the inherent variability in different axes due to sensor characteristics or specific
environmental factors.

This method permits examination under varying levels of noise in the data, which
is critical for ensuring robustness and accuracy in terrain classification tasks under
different operational conditions [35, 5].
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III Passthrough Filtering: A passthrough filter is applied sequentially along the Z, X,
and Y axes to isolate the region of interest within the LiDAR data. This filtering step
effectively removes irrelevant data points, ensuring that only the points corresponding
to the terrain of interest are retained for further processing. The passthrough filtering
operation can be mathematically described as follows:

For the Z-axis:

P (zi) =

{
1 if Zmin ≤ zi ≤ Zmax

0 otherwise
(3.11)

For the X-axis:

P (xi) =

{
1 if Xmin ≤ xi ≤ Xmax

0 otherwise
(3.12)

For the Y-axis:

P (yi) =

{
1 if Ymin ≤ yi ≤ Ymax

0 otherwise
(3.13)

Here, P (xi), P (yi), and P (zi) represent the passthrough filter operations on the re-
spective coordinates xi, yi, and zi of each point in the point cloud. The variables
[Zmin, Zmax], [Xmin, Xmax], and [Ymin, Ymax] define the filtering ranges along the Z, X,
and Y axes, respectively, within which points are retained. Points outside these spec-
ified ranges are excluded from further analysis [47].

The filtering process is executed sequentially—starting with the Z-axis, followed by
the X-axis, and finally the Y-axis. This order is strategically chosen to maximize the
removal of unwanted points at each step, making the algorithm more computationally
efficient. By reducing the number of points that need to be processed in each subse-
quent step, the computational load decreases significantly, which influences real-time
processing performance. The use of the Point Cloud Library (PCL) to implement this
filtering process provides a robust and efficient solution, enabling the handling of large
datasets with high computational efficiency [47].

IV Voxel Grid Downsampling: Voxel grid downsampling is applied to reduce the den-
sity of the point clouds while preserving their overall structure. This step involves
dividing the space into smaller, equally sized cubes (voxels) and approximating all
points within a voxel by their centroid [48]. The mathematical process for this down-
sampling, as previously described in Equation 3.1 in Section 3.2.4 (III) of the stairs
detection section, involves averaging the coordinates of all points within a voxel to
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determine the centroid, which then represents the entire voxel in the downsampled
point cloud.

V Normal Extraction: Normal vectors are extracted from the downsampled point
cloud data to analyze the surface orientation. This process is critical for terrain
classification as it provides information about the geometric structure of the surface,
which is essential for distinguishing between different types of terrain.

Mathematical Basis: The normal extraction process is based on Principal Com-
ponent Analysis (PCA), which is used to compute the normal vectors at each point
in the point cloud. For each point, the covariance matrix of its neighboring points
is calculated, capturing the variance and correlation between the coordinates. This
covariance matrix C is then used to solve the eigenvalue problem, as previously men-
tioned in Equation 3.3:

Cv = λv

Here, v represents the eigenvectors, and λ represents the corresponding eigenvalues.
The eigenvector associated with the smallest eigenvalue is selected as the normal vector
for that point, as it indicates the direction of least variance, which is perpendicular to
the surface.

In this study, we focus specifically on the X and Y components of the normal vectors,
corresponding to the depth direction (X) and the left-right direction (Y). These com-
ponents are sufficient to distinguish between plain and grass terrains, as they reflect
the surface’s inclination and texture, which vary distinctly between these two terrain
types.

To handle the large volume of data and ensure efficient computation, the normal
extraction process is parallelized using OpenMP [4]. Please refer to Section 3.2.4 (III)
(OpenMP Parallelization) section. The Point Cloud Library (PCL) is utilized for
implementing this process, leveraging its robust and optimized algorithms for point
cloud processing [54].

VI Feature Selection and Scaling: After extracting the normal vectors from the point
cloud data, the X and Y components are specifically chosen for further processing.
This selection is based on their relevance to the terrain classification task, as these
components effectively capture the critical variations in surface orientation [17, 22].

To ensure that the selected features contribute optimally to the classification model,
the data is scaled to standardize the range of the features. This step is crucial because
it prevents features with larger numeric ranges from dominating those with smaller
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ranges, thereby allowing all features to contribute equally to the model’s decision-
making process [46]. The scaling process typically involves normalizing the data to-
wards a mean of zero and a standard deviation of one, which enhances the performance
and convergence speed of machine learning algorithms like Support Vector Machines
(SVMs).

This focused selection and careful scaling of features not only streamline the compu-
tational process but also enhance the model’s ability to accurately classify different
terrains based on the most informative aspects of the data.

VII Model Training with SVM: The selected features, derived from the X and Y com-
ponents of the normal vectors, are used to train a Support Vector Machine (SVM)
model. Given the complexities involved in terrain classification, we initially hypothe-
sized that a non-linear kernel, such as the Radial Basis Function (RBF) kernel, would
be more effective. This assumption was based on our prior work with stair detection,
where non-linear kernels demonstrated superior performance in handling complex fea-
ture spaces [55].

However, after visualizing the feature distribution and considering the computational
demands of real-time applications, we explored the use of a linear kernel as an alter-
native. The linear kernel offered a more straightforward decision boundary, which,
although less flexible than the RBF kernel, resulted in significantly reduced computa-
tional overhead [8].

The trade-off between computational efficiency and classification accuracy was care-
fully evaluated, leading to the conclusion that the linear kernel provided a practical
balance for real-time terrain classification, especially when slight compromises in ac-
curacy could be tolerated. The detailed comparison of the SVM performance with
both RBF and linear kernels, including their respective accuracy metrics, is discussed
in the subsequent chapter.

3.4 Conclusion

This chapter presented the systematic approach used to develop algorithms for stairs de-
tection and terrain classification using LiDAR technology. This involved the design and
testing of algorithms that could reliably operate with low- and high-accuracy LiDAR sen-
sors. Each algorithm was meticulously crafted, starting from data collection, followed by
extensive preprocessing, feature extraction, and finally, the application of machine learning
models for classification.
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The chapter detailed the steps taken to ensure the robustness and efficiency of the
algorithms, such as employing parallel processing techniques like OpenMP to optimize
computational time. Decisions made during algorithm development, such as selecting ap-
propriate machine learning models and kernels, were guided by a combination of empirical
testing and theoretical considerations.

This methodology not only ensures the applicability of the algorithms in various settings
but also lays a strong foundation for the experimental results and discussion that will
follow in the next chapter. The performance of these algorithms, particularly in terms of
accuracy, computational efficiency, and real-time applicability, will be critically evaluated
and discussed in relation to research objectives.
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Chapter 4

Experimental Setup & Datasets

This chapter provides a comprehensive overview of the system architecture, hardware con-
figurations, and data collection protocols employed for the development and testing of the
algorithms used in stairs detection and terrain classification. The purpose of this section is
to establish a detailed understanding of the experimental setup, which forms the foundation
for the algorithm development and validation processes.

The chapter first reports the system architecture, detailing the integration of both
low-accuracy and high-accuracy LiDAR sensors within the experimental framework. The
Cygbot Cyglidar D1 and RoboSense RS-LiDAR-M1 v2 are highlighted as the primary
sensors used, each selected for their specific attributes that cater to different aspects of
the research. The hardware specifications and configurations are then reported, including
the processing/compute units, data storage, and additional components. The hardware
setup is optimized to balance performance with the need for portability and adaptability
in various testing environments.

The final sections focus on the data collection protocol, detailing the methods used to
gather and preprocess data for model training and testing. An emphasis is placed on pro-
cedures to ensure data consistency in different testing scenarios, including descriptions of
the environments in which the data were collected, types of terrain and stairs encountered,
and data annotation and preprocessing.
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4.1 System Architecture

The system architecture details the hardware and software configurations necessary for
data collection and processing. By integrating two different LiDAR systems, low- and
high-end sensors, this research provides a comprehensive examination of their capabilities
and limitations. The architecture is designed to be flexible and adaptable, facilitating
seamless integration into existing assistive technologies with minimal modifications.

4.1.1 Low-Accuracy LiDAR: Cygbot Cyglidar D1

I Sensor Specification: The Cygbot Cyglidar D1 is a low-cost, low-accuracy LiDAR
sensor designed for consumer-level applications [9]. It features a compact form factor
[Fig. 4.1, weighing only 31g, ideal for integration into wearable systems. The Cyglidar
D1 operates at a wavelength of 940nm, ensuring eye safety while providing reliable
measurements over a wide range of conditions. The 940nm wavelength is within the
Near-Infrared (NIR) range, which is less hazardous to human eyes compared to shorter
wavelengths, making it suitable for applications where user safety is required [32].

The horizontal field of view for 2D/3D is 120°, while the vertical field of view is 65°,
offering comprehensive coverage suitable for assistive technologies. The measurement
speed for 2D and 3D scans is 15 Hz, with a reported distance accuracy of ±1% over
a detection range of 200mm to 7,000mm in 2D mode and 50mm to 2,000mm in 3D
mode. The resolution of the sensor is 0.75° (angle) for 2D and 160 x 60 pixels for 3D,
making it capable of capturing detailed spatial information necessary for navigation
and obstacle detection tasks [9].

The Cyglidar D1 is designed with simplicity in mind, using a standard UART TTL
3.3V interface with a communication speed of up to 3,000,000 bps, easily integrated
with various computing platforms, including the NVIDIA Jetson Nano. The sensor is
powered by a 5V, 500mA input source, making it efficient in terms of power consump-
tion. Additionally, the operates in a temperature range of -10°C to 50°C, making it
suitable for a variety of environmental conditions [9].

Although the field of view of this sensor is not 360°, it is suitable for the proposed
application because a wide horizontal view in front of the user can be captured using
this Cyglidar D1. Moreover, solid-state LiDAR has several advantages over mechanical
LiDAR, including:

• Reliability: With no moving parts, solid-state LiDARs (e.g.,Cyglidar D1) are
less prone to wear and tear and more reliable in harsh environmental conditions.
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Figure 4.1: Cygbot Cyglidar D1 solid-state LIDAR with accessories [9].

Unlike mechanical LiDARs, which have rotating components that can introduce
noise and degrade over time, solid-state LiDARs maintain consistent performance
with minimal maintenance [32, 64].

• Size andWeight: Weighing only 31g, the Cyglidar D1 is exceptionally lightweight,
partly due to the absence of mechanical parts. This makes it easier to integrate
into compact systems, such as wearable exoskeletons, without adding significant
weight [72].

• Speed: The Cyglidar D1 operates at 15 Hz, which means it can capture 15
frames of LiDAR data per second. While this is sufficient for slower-paced envi-
ronments or static applications, it may not be ideal for dynamic scenarios where
the user is moving quickly. In such cases, higher-speed data acquisition rates,
such as 30 Hz or more, are often required to ensure real-time processing and
accurate terrain classification or stairs detection. Faster acquisition speeds help
capture more data points per second, reducing the chances of missing important
features or transitions in the environment [32, 43]. Therefore, while the Cyglidar
D1 is advantageous due to its compactness and solid-state design, it might face
limitations in more demanding real-time applications.

• Range: Despite its compact size, the Cyglidar D1 offers an impressive range,
which is beneficial for detecting changes in terrain or obstacles from a distance.
This allows the system to adjust its response time accordingly, enhancing safety
and performance [72].
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• Cost: Solid-state LiDARs are generally more cost-effective to manufacture than
mechanical LiDARs, as they have fewer components and can be produced at
scale. This makes them an affordable option for integrating into consumer-level
assistive devices [72].

II Computing Unit Used: Processing 3D-point cloud data generated by the LiDAR
is performed on an NVIDIA Jetson Nano computing platform. This microprocessor
offers several advantages for onboard computing of 3D point cloud data, making it an
excellent choice for robotics and mobile systems.

The Cyglidar D1’s data processing in this study was handled solely by the CPU, as the
3D point cloud processing was performed using the PCL, which currently lacks native
support for GPU acceleration. Although CPU processing was sufficient for the real-
time applications discussed here, integrating GPU-based processing could potentially
reduce computation times for more complex or large-scale tasks.

• Real-time Processing: The Jetson Nano’s quad-core ARM Cortex-A57 CPU
is responsible for the real-time processing of 3D point cloud data. The Cortex-
A57 architecture is based on the advanced 64-bit architecture of ARM, which is
optimized for high-performance applications while maintaining energy efficiency.
This makes it particularly suitable for embedded systems like the Jetson Nano,
where balancing performance and power consumption is crucial.

The Cortex-A57 features advanced superscalar execution, which allows the CPU
to execute multiple instructions per clock cycle. This improves overall efficiency
in handling data-intensive tasks such as 3D point cloud processing, where a large
number of data points must be processed in parallel. Additionally, its out-of-
order execution capability enables more efficient use of the CPU’s resources,
allowing for higher throughput in real-time tasks like terrain classification and
stairs detection.

With its multi-core architecture, the ARM Cortex-A57 CPU can perform parallel
data processing, making it possible to handle multiple point cloud frames simul-
taneously. This is particularly beneficial for applications requiring immediate
analysis and decision-making, such as real-time obstacle detection and naviga-
tion. The combination of advanced processing techniques, 64-bit capabilities,
and energy efficiency makes the Cortex-A57 a suitable choice to process 3D point
cloud data in this LiDAR-based system, ensuring responsive performance without
the need for GPU acceleration [42].

• Low Latency: The high processing power of the Jetson Nano enables it to
minimize latency in data processing, ensuring that the system can quickly respond
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to changes in the environment. This is especially important in dynamic scenarios,
such as reacting to unexpected obstacles [25].

• Compact Size and Energy Efficiency: The Jetson Nano’s small form factor
(measuring 69.6 x 45mm) and low power consumption (5W to 10W) make it ideal
for integration into compact, energy-constrained systems. This is particularly
beneficial for mobile platforms, such as drones, robots, or wearable devices, where
space and power are at a premium [42].

• Cost-effectiveness: Compared to other high-performance computing platforms,
the Jetson Nano is relatively affordable, making it accessible to a wide range of
users and applications. Its cost-effectiveness, combined with its processing power,
makes it an attractive option for developers working on budget-sensitive projects
that still require robust computing capabilities [16].

4.1.2 High-Accuracy LiDAR: RoboSense RS-LiDAR-M1 v2

I Sensor Specification: The RoboSense RS-LiDAR-M1 v2 is a high-performance,
solid-state LiDAR sensor known for its exceptional accuracy and range capabilities
[52]. This LiDAR system utilizes MEMS (Micro-Electro-Mechanical Systems) tech-
nology, providing precise and efficient scanning capabilities. With a detection range
of up to 200 meters and an angular resolution of 0.1 degrees, this sensor is designed
to capture detailed and precise environmental data. The RS-LiDAR-M1 v2 operates
at a scanning frequency of up to 20 Hz, providing high-density point clouds that are
crucial for advanced perception tasks.

Common uses for the RS-LiDAR-M1 v2 include autonomous driving, smart trans-
portation systems, and robotics. Its high accuracy and reliability make it ideal for
applications requiring precise object detection and environmental mapping, where
safety and performance are critical. Figure 4.2 shows the RoboSense LiDAR used in
this research [51].

Key Specifications:

i Measurement Capabilities:

• Ranging Distance: The RS-LiDAR-M1 can measure distances ranging from
0.5 meters up to 200 meters (with 150 meters achievable using a 10% NIST
diffuse reflector).

• Ranging Precision: The system offers a high precision of ±5 cm within a
range of 10m to 100m, which is critical for applications demanding accuracy.
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Figure 4.2: RoboSense RS-LiDAR-M1 LiDAR [52].

ii Field of View (FOV):

• Horizontal FOV: The LiDAR has a 120° horizontal field of view, covering a
significant portion of the surroundings.

• Vertical FOV: It also features a 25° vertical FOV, with an angular resolu-
tion averaging 0.2° both horizontally and vertically, which allows for detailed
environmental mapping.

iii Output Specifications:

• Data Rate: The RS-LiDAR-M1 supports a data rate of up to 1,500,000
points per second in dual return mode, providing dense point cloud data for
detailed analysis.

• Output Channels: The device outputs data via 1000Base-T1 Gigabit Eth-
ernet using UDP, ensuring fast and reliable communication with processing
units.

iv Laser Specifications:

• Safety: The laser is classified as Class 1 eye-safe, which means it is safe for use
in environments where humans are present. The RoboSense RS-LiDAR-M1
operates at a wavelength of 905 nm, commonly used in commercial LiDAR
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systems due to compliance with stringent eye-safety standards. Eye safety is
paramount, especially in environments where humans may be exposed to laser
emissions from LiDAR systems. The 905 nm wavelength allows the LiDAR
system to emit sufficient power for effective ranging while staying within the
safety limits defined for human eye exposure. This makes RS-LiDAR-M1 an
excellent choice for applications requiring both high performance and stringent
safety measures [32].

• Wavelength: The operating wavelength is 905 nm, which is standard for
many LiDAR systems [51].
The choice of the 905 nm wavelength in the RoboSense RS-LiDAR-M1 is
based on its advantageous properties within the NIR range. This wavelength
is not only effective in terms of performance, but is also compatible with
mature silicon-based photodetector technologies, offering high detection ef-
ficiency. Although LiDAR systems using 1,550 nm wavelengths can achieve
higher power output, they require expensive indium gallium arsenide (InGaAs)
detectors and suffer from greater atmospheric water absorption. In contrast,
905-nm systems can utilize cost-effective and efficient silicon detectors, mak-
ing this wavelength a popular choice in the industry. The combination of high
efficiency, cost effectiveness, and atmospheric resilience solidifies the 905-nm
wavelength as a reliable and practical option for high-performance LiDAR
systems such as the RS-LiDAR-M1 [32].

v Mechanical and Environmental Specifications:

• Power Consumption: The device operates at a power consumption of 15W,
which is relatively low considering its capabilities.

• Operating Voltage: It operates within a voltage range of 9 to 32V DC,
making it versatile for integration into various systems.

• Durability: The sensor is rated IP67 and IP6K9K, indicating it is highly
resistant to dust, water, and other environmental challenges, making it suitable
for outdoor use.

• Operating Temperature: It can operate in extreme temperatures ranging
from -40°C to 85°C, ensuring reliability in diverse climates.

These hardware specifications highlight the capabilities and suitability of RS-LiDAR-
M1 for applications requiring high precision, extensive coverage, and reliable perfor-
mance in challenging environments [51].

II Computing Unit Used: The computing unit for the RoboSense RS-LiDAR-M1 v2
is a ASUS ZenBook Flip S UX370 [1]. The specifications of the laptop include:
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• Processor: Intel® Core™ i7-8550U (1.8GHz quad-core with Turbo Boost up to
4.0GHz)

• Memory: 16GB LPDDR3 2133MHz

• Storage: 512GB PCIe SSD

• Graphics: Intel® UHD Graphics 620

• Display: 13.3” 4K UHD (3840 x 2160) touchscreen

• Connectivity: Wi-Fi 802.11ac, Bluetooth® 4.2

• Operating System: Ubuntu 20.04 LTS

The laptop’s powerful processor and ample memory support efficient data handling
and processing, suitable for managing the high data throughput from the LiDAR
sensor. The decision to use a laptop for this setup was driven by the need for rapid
integration and ease of use.

III Components Involved and Connection: The setup for the RS-LiDAR-M1 v2
involves several key components and connections, as detailed in the user guide:

• LiDAR Sensor: RoboSense RS-LiDAR-M1 v2

• Computing Unit: ASUS ZenBook Flip S UX370

• Power Adapter: 12V DC power adapter to supply power to the LiDAR sensor

• Ethernet Cable: Connects the LiDAR sensor to the laptop for data transmission

• 3D-Printed Adaptor: Custom adaptor for mounting the LiDAR on the tripod

• Additional Interfaces: Include network interfaces for configuring and managing
the sensor settings

These components work together to ensure the stable and efficient operation of the
LiDAR system. The power adapter provides a consistent power supply, while the
Ethernet connection enables high-speed data transfer between the sensor and the
computing unit. The connection topology of the sensor to the computing unit is
shown in figure 4.3 below [51].

The figure 4.3 above illustrates the connectivity and interface setup essential to in-
tegrate the LiDAR system with the associated computing unit. Here is a detailed
explanation of the components and their connections:

• LiDAR Sensor: RoboSense LiDAR was used to collect the environmental data.
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Figure 4.3: Topology of LiDAR and PC [51].
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• Interface Box and AN1 and AN2 Interfaces: These represent the specific channels
or ports on the LiDAR sensor allocated for data transmission.

• Ethernet Connection: The LiDAR sensor is connected to the laptop through
an Ethernet cable. This setup provides a high-speed data transmission link,
ensuring that large volumes of point cloud data are transferred efficiently and
without latency.

• Power Adaptor: The LiDAR sensor requires a dedicated power supply to operate.

• Laptop (Computing Unit): This serves as the computing unit. It is used to
receive and process data from the LiDAR sensor, and can be applied to control
sensor operations.

• Connector 1 and Connector 2: These are used to detail additional connectivity
that might be required for expanded functionality or secondary data processing
channels.

This setup diagram is a blueprint for setting up the LiDAR system in real-world
applications, ensuring all components are correctly connected and configured for op-
timal performance. The practical setup demonstrated in the figure below mirrors this
diagram, but includes the physical objects used in real-life [51].

Figure 4.4: Essential components Involved connecting the RoboSense LiDAR [51].
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In Figure 4.4, components essential for LiDAR data collection are shown. Central-top
to the setup is the LiDAR sensor, visible with multiple cables protruding, which cap-
tures the environmental data crucial for analysis. Adjacent to the sensor, an Ethernet
cable, distinguishable by its yellow color, is positioned to facilitate high-speed data
transfer from the sensor to the computing unit once connected. The power adapter,
necessary for converting AC to DC to power the LiDAR sensor, is also evident, with its
cable ready to be hooked up to provide the needed electricity. Additional protective
black covers are used over the two connectors to protect the sensitive connections and
cabling, ensuring they remain secure from physical and electrical interference during
the setup. This configuration underscores a meticulous preparation phase where each
component is strategically placed to optimize functionality once fully assembled. De-
tailed connection requirements can be found in the RoboSense RS-LiDAR-M1 v2 User
Guide [51].

4.1.3 Data Acquisition Speed and Real-Time Efficiency

When real-time terrain classification and stairs detection systems are implemented, the
speed of data acquisition plays a critical role in determining the effectiveness and respon-
siveness of the system. The data acquisition rate (measured in Hz) refers to the frequency
with which a LiDAR sensor can capture its environment and transmit the data to pro-
cessing. In real-time applications, particularly those where the system must respond to
dynamic environments, faster data acquisition rates are generally preferred to ensure that
all environmental changes are captured accurately and in time.

Cyglidar D1: The Cyglidar D1 operates at a data acquisition speed of 15 Hz, mean-
ing it can capture 15 frames per second. While this speed is sufficient for slower-paced
applications or static scenarios, it may fall short in dynamic environments where a user is
moving quickly or when fast-changing obstacles are present. For instance, when a person
is walking rapidly, ascending stairs, or navigating uneven terrain, a faster data acquisition
speed would allow the system to more accurately detect changes in the environment and
adjust accordingly. In such real-time applications, missing data points due to a lower acqui-
sition rate could result in delayed or inaccurate terrain classification or obstacle detection,
potentially compromising user safety [43].

RoboSense RS-LiDAR-M1 v2: In contrast, the RoboSense RS-LiDAR-M1 v2 offers
significantly higher data acquisition rates, capturing up to 30 Hz or more depending on the
configuration. This higher rate allows the sensor to capture more detailed point clouds in
less time, which is essential for applications where rapid decision-making is required. The
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faster acquisition speed ensures that critical features, such as stairs or terrain transitions,
are detected in real-time without missing key data. This makes the RoboSense LiDAR
more suitable for high-speed or dynamic environments where the user may need immediate
feedback to navigate safely.

Trade-offs and Importance for Real-Time Applications: The trade-off between
the two LiDAR sensors primarily revolves around the balance between speed and applica-
tion requirements. While the Cyglidar D1 is more compact and cost-effective, its slower
data acquisition speed limits its performance in real-time, high-speed scenarios. On the
other hand, the RoboSense RS-LiDAR-M1 v2, with its higher acquisition speed, provides
the ability to capture more detailed data and respond faster, making it ideal for embed-
ded systems where rapid feedback and decision-making are crucial. For real-time terrain
classification and stairs detection, a data acquisition rate of 30 Hz or higher is generally
recommended to maintain system responsiveness and ensure the safety and reliability of
the application [10, 30].

However, the effectiveness of these data acquisition rates is closely tied to the system’s
computational capabilities, which process these incoming data in real-time, as discussed in
the following section.

Real-Time Efficiency

The real-time performance of the LiDAR-based system was a key consideration in both
the stairs detection and terrain classification experiments. Given the high-density point
clouds generated by sensors such as the RoboSense RS-LiDAR-M1 v2, ensuring timely
data processing is essential for maintaining responsiveness in dynamic environments.

In this study, all LiDAR data processing was handled exclusively by a CPU, as the PCL
does not yet offer native support for GPU acceleration. Although this CPU-only approach
was sufficient for the tasks performed, integrating GPU support could potentially reduce
computation times for more complex tasks, such as terrain classification and stairs detec-
tion. However, modifying the current software architecture to support GPU processing
would require significant changes, as PCL is optimized for CPU-based operations.

The computational power utilization percentages and system load during data process-
ing were not explicitly monitored or recorded throughout the experiments. Future work
could include a detailed analysis of resource utilization to identify bottlenecks and areas
for potential optimization, particularly for scaling up to larger or more complex scenarios.

In applications requiring more rapid data processing, GPU integration, potentially
through alternative libraries or hybrid CPU-GPU solutions, could enhance system effi-
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ciency. Careful consideration would be needed to maintain compatibility with PCL or
develop a pipeline that leverages GPU-accelerated frameworks while continuing to use
PCL for other tasks.

4.2 Experimental Setup

The subsequent section describes how the data was collected, including the scenes cap-
tured and their corresponding 3D point clouds from both sensors. This includes both
low-accuracy and high-accuracy LiDARs, used in environments that span from controlled
indoor settings for stairs detection to diverse outdoor conditions for terrain classification.
The experimental setup employed for data collection, crucial for the development and vali-
dation of the stairs detection and terrain classification models discussed, is described. The
setup is designed to ensure the acquisition of high-quality data using two LiDAR sensors:
the low-accuracy Cygbot Cyglidar D1 and the high-accuracy RoboSense RS-LiDAR-M1 v2.
The configurations, supporting components, and specific methodologies utilized for data
collection are tailored to address the unique challenges associated with each application,
i.e., stairs detection and terrain classification.

4.2.1 Low-Accuracy LiDAR Setup: Cyglidar D1

The Cyglidar D1 was utilized in two distinct configurations for data acquisition: i) mounted
on a tripod for stationary data collection, and ii) in a wearable format for dynamic, user-
centric data gathering. This dual configuration approach facilitated a comprehensive en-
vironmental scan, capturing both static features of stairs and the varying terrains encoun-
tered in real world settings. The tripod setup ensured stability and precise alignment for
static data collection, enabling the collection of detailed point-cloud data crucial for stairs
detection algorithms. In contrast, the wearable setup offered mobility, demonstrating the
sensor’s versatility in capturing data from the user’s perspective—an approach particularly
valuable for terrain classification tasks, such as distinguishing between plain and grassy
surfaces.

In the experimental setup, the LiDAR sensor was mounted in both tripod and wearable
formats, with the Cyglidar D1 specifically angled slightly downward at approximately
30 degrees to ensure the initial steps of the stairs were captured within 3-5 walking
steps. This configuration was critical for acquiring detailed point cloud data of both stair
structures and various terrain types, laying the groundwork for the algorithms used in stair
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detection and terrain classification. In addition to that, a mobile workstation mounted on
a walker was employed to manage and process data in real-time, ensuring that the LiDAR
sensor remained stable and properly aligned to deliver consistent and reliable data capture.

The data acquisition process was designed to reliably collect LiDAR data, which is
essential to develop and validate stair detection and terrain classification algorithms. This
process unfolded in two phases: first, the tripod setup was employed for controlled data
collection, followed by the wearable setup for capturing dynamic real-world data.

• Tripod Setup: The tripod set up served as the initial phase of data collection,
providing a stable and repeatable apparatus essential for establishing baseline mea-
surements and calibrating the sensors. The primary purpose of the tripod setup was
to collect high-quality, consistent data from targeted planes, such as floors, walls,
and staircases. This setup allowed for precise control over the sensor’s position and
orientation, ensuring uniform data capture across various environments.

The LiDAR sensor was securely mounted on a tripod, providing a stable platform that
minimized vibrations and other disturbances. This setup facilitated the collection of
detailed point cloud data, crucial for algorithm development and testing. The tri-
pod setup was enhanced by integrating a mobile workstation, comprising a monitor,
keyboard, and mouse. Figure 4.5 demonstrates this sensor setup and the necessary
accessories involved. This configuration enabled real-time monitoring and analysis
of the data being collected, allowing researchers to make immediate adjustments to
the sensor’s settings or position as needed.

During data collection, the tripod was positioned in various locations within the test
environment to capture comprehensive data sets (Fig. 4.6a). The LiDAR sensor
scanned the surroundings, generating point clouds that were stored for later process-
ing and analysis. The point clouds generated from these setups are shown in Figures
4.8a and 4.8b.

• Wearable Setup: The wearable setup was developed to simulate real-world condi-
tions, allowing the LiDAR sensor to be worn on the body to capture dynamic data
as the user moved through different environments. This setup aimed to replicate the
conditions under which assistive technologies would operate, capturing data from the
user’s own perspective (i.e., egocentric view). This setup provided insights into how
the sensor would perform in practical applications, where mobility and adaptability
are crucial.

A GoPro chest strap and mount were modified to accommodate the LiDAR sensor at
the user’s chest level. This positioning allowed the sensor to capture a natural field
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Figure 4.5: Data acquisition setup with tripod and walker
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of view, as the user would experience. To ensure secure and adjustable mounting, a
custom adaptor was designed and 3D printed. This adaptor integrated an adjustable
phone mount with the GoPro buckle base, allowing for fine-tuning of the sensor’s ori-
entation to optimize data capture. Figure 4.6b demonstrates the 3D printed adapter
and the LiDAR worn by the GoPro chest strap.

(a) (b)

Figure 4.6: a) Cyglidar mounted on tripod b) Cyglidar in wearable-format, both connected
with the mobile workstation on walker

The wearable set-up enabled dynamic data collection as the user moved through
various terrains and encountered different obstacles. This setup was particularly
useful for collecting data in environments where the tripod setup was impractical,
such as outdoor settings with uneven surfaces. The point clouds generated from these
setups are shown in Figures 4.8a and 4.8b.

An additional adapter [Fig. 4.7] was designed to mount both the LiDAR sensor and a
smartphone, which recorded video footage of the environment. This setup allowed for
visual verification of the LiDAR data, ensuring that the sensor accurately captured
the scenes it was intended to analyze.

4.2.2 High-Accuracy LiDAR Setup: RoboSense RS-LiDAR-M1
v2

The RoboSense RS-LiDAR-M1 v2, a high-accuracy LiDAR sensor, was exclusively used
in a tripod-mounted configuration due to its larger size and the need for precision in
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Figure 4.7: Cygbot Cyglidar D1 collection mount design with accompanying phone for
validation

(a) Point cloud of the stairs captured by
Cyglidar D1

(b) Point cloud of grassy terrain captured
by Cyglidar D1

Figure 4.8: (a) Point cloud of the stairs captured by Cyglidar D1 in tripod setup, (b) Point
cloud of grassy terrain captured by Cyglidar D1 in wearable setup.
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data collection. Unlike the Cyglidar D1, which was also utilized in a wearable format,
the RoboSense LiDAR was deployed solely in a stationary setup. The associated sensor
components (Fig. 4.4) were carefully connected and placed on a secure surface near the
sensor, since the mobile workstation (Fig. 4.5) was not available at the data collection site.

The stationary tripod configuration allowed for alignment and consistency between data
collection sessions. The RoboSense RS-LiDAR-M1 v2 was positioned in various environ-
ments, focusing on staircases and terrain surfaces, ensuring that the data captured would
be representative of real-world conditions. The data collected with this sensor was intended
to serve as a benchmark for comparing the performance of the algorithms developed using
lower-cost, lower-accuracy LiDAR; Cyglidar D1.

The data processing for the RoboSense RS-LiDAR-M1 v2 was handled exclusively using
a CPU, as the point cloud processing library (PCL) utilized for this study does not support
GPU acceleration. While CPU processing was sufficient for the real-time tasks in this
setup, there is potential for further optimization if GPU integration becomes feasible in
the future.

In the following sections, the specific scenes captured, along with the corresponding 3D
point clouds from both sensors, will be presented, providing a comprehensive overview of
the data acquisition process that underpins this investigation.

Tripod Setup:

The RoboSense RS-LiDAR-M1 v2 was securely mounted on a tripod to ensure stability
and precise alignment during data collection. As depicted in Figure 4.9, the setup in-
cludes several key components that contribute to the accuracy and reliability of the data
acquisition process.

A 3D printed adapter was used to attach the LiDAR sensor to the tripod’s ball-head,
allowing for adjustable positioning and ensuring that the sensor could be perfectly aligned
with the environment being scanned. This setup was further stabilized using a spirit level,
which ensured that the LiDAR was perfectly horizontal, thus avoiding any skewing of the
point-cloud data.

This stationary setup allowed the sensor to be positioned in various environments with
consistent orientation, focusing particularly on staircases and terrain surfaces. The high
accuracy of RoboSense RS-LiDAR-M1 v2, combined with the precision of the tripod setup,
was critical to capture high-quality 3D point clouds that serve as a benchmark for com-
parison with data obtained from the lower-cost Cyglidar D1.
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Figure 4.9: Tripod setup for the RoboSense RS-LiDAR-M1 v2 sensor, featuring a 3D
printed adapter for secure mounting, a spirit level for precise alignment, and a stable
tripod for stationary data acquisition.
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RoboSense LiDAR Tripod Setup: Data Collection for Stair and Terrain Detec-
tion

Figures 4.10 illustrate the experimental setup in which the RoboSense RS-LiDAR-M1 v2
is mounted on a tripod for data collection in different environments. The setup is designed
to capture high-resolution 3D point clouds of both staircases and grassy terrains, which are
essential for developing and testing the stairs detection and terrain classification algorithms
discussed in this thesis.

In Figure 4.10a, the LiDAR sensor is positioned facing a staircase. This configuration
is crucial for capturing the geometric details of the stairs, which are used to train the stair
detection model. The sensor is carefully aligned and stabilized on the tripod to ensure that
the point-cloud data accurately represents the stair structure. The spirit level attached
to the setup ensures that the sensor remains perfectly level, reducing the potential for
skewed data. The corresponding point cloud, shown in Figure 4.10c, provides a detailed 3D
representation of the stairs, capturing their dimensions and surface characteristics essential
for the algorithm’s accuracy.

Figure 4.10b shows the LiDAR sensor directed toward a grassy terrain. This setup is
used to collect data that will be used in terrain classification, specifically to differentiate
between plain surfaces and grassy areas. By capturing the terrain at various distances and
angles, the LiDAR generates a comprehensive dataset that reflects the natural variability of
outdoor environments, which is essential for the robustness of the classification algorithms.
The resulting point cloud, depicted in Figure 4.10d, offers a detailed view of the grassy
terrain, highlighting the texture and depth variations that are critical for effective terrain
classification.

4.3 Conclusion

This chapter provided a detailed overview of the experimental setup and configurations
employed for data collection using both the low-accuracy Cygbot Cyglidar D1 and the
high-accuracy RoboSense RS-LiDAR-M1 v2. The dual format approach with Cyglidar D1,
which utilizes both tripod-mounted and wearable setups, allowed for the comprehensive
acquisition of point cloud data necessary for both stairs detection and terrain classification
tasks. The tripod setup provided stability and precision in static environments, ensuring
high-quality data collection for stair detection algorithms. Meanwhile, the wearable setup
demonstrated the sensor’s versatility and effectiveness in dynamic, real-world scenarios,
particularly in differentiating between plain and grassy surfaces.
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(a) RoboSense LiDAR facing stairs (b) RoboSense LiDAR facing grassy terrain

(c) Point cloud of the stairs captured by Ro-
boSense LiDAR

(d) Point cloud of grassy terrain captured
by RoboSense LiDAR

Figure 4.10: (a) RoboSense LiDAR setup facing a staircase, (b) Corresponding point cloud
of the stairs, (c) RoboSense LiDAR setup facing grassy terrain, (d) Corresponding point
cloud of the grassy terrain.
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The RoboSense RS-LiDAR-M1 v2, deployed exclusively in a tripod-mounted configura-
tion, served as a benchmark for performance evaluation. Its high-resolution data captured
under controlled conditions will be used to assess the effectiveness of the algorithms devel-
oped using the lower-cost Cyglidar D1 sensor.

In summary, the experimental setups described in this chapter are fundamental to the
development and validation of the algorithms discussed in the following chapters. The
collected data not only provides the foundation for accurate and reliable algorithm de-
velopment, but also highlights the trade-offs between sensor accuracy, cost, and practical
deployment in assistive technologies. This chapter thus sets the stage for the detailed
analysis and discussion of the algorithmic results in the following sections.
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Chapter 5

Results

This chapter evaluates the performance of the comprehensive real-time pipeline developed
for stairs and terrain classification studies conducted using: 1) the low-accuracy Cyglidar
D1 and 2) the high-accuracy RoboSense RS-LiDAR-M1 v2. The analysis is structured to
first evaluate the performance of each sensor in its original state, followed by a detailed
examination of how sensor accuracy and added noise impact the terrain classification re-
sults.

The results examining the efficacy of the developed pipeline in processing 3D point
cloud data are discussed, starting with the raw point cloud data obtained from each sen-
sor, progressing through the preprocessing steps (incl. downsampling, noise addition, and
normal extraction steps), and concluding with the classification performance using Support
Vector Machines (SVMs) with both linear and nonlinear kernels.

Each section provides visual representations of the intermediate steps, such as point
clouds at various stages of processing, and the resulting classification boundaries. These
visualizations are critical for understanding the influence of sensor accuracy and noise
on classification results. The final results are analyzed to determine the efficacy of each
approach and to compare the robustness of the algorithm at different levels of sensor noise
and accuracy.

The chapter concludes by summarizing the key findings and providing insights into the
implications of sensor selection and noise handling for terrain classification tasks. This sets
the stage for discussion in the subsequent chapter, where the broader implications of these
results are explored in the context of real-world applications.
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5.1 Stairs Detection using Cyglidar

This section evaluates the performance of a SVM binary classifier with an RBF kernel
for detecting ascending stairs using data collected from both the wearable and tripod
configurations of the Cyglidar D1 sensor. As described in the Chapter 3, the SVM model
was trained to classify the LiDAR data in order to identify the presence of ascending
stairs. The dual setup allowed for comprehensive data collection, capturing the variability
in sensor perspective and distance from the stairs.

Given the limited size of the dataset, a k-fold cross-validation approach was employed
to evaluate the model using multiple data subsets, thereby providing a robust estimate of
model performance. This method enabled the use of the entire dataset for both training
and testing, maximizing the utility of the available data.

To optimize the classifier’s performance, an extensive hyperparameter tuning process
was performed. More details about training about finding the most optimized hyperparam-
eters can be found in chapter 3 in the stairs detection algorithm development section. The
best-performing configuration, which provided the highest classification f1-score across the
10 k-folds, involved tuning the RBF kernel’s key parameters, specifically gamma and the
regularization term (C). Table 5.1 summarizes the final parameters selected. The choice of
hyperparameters played a significant role in fine-tuning the model’s ability to detect stair
scenes, particularly in environments with varying sensor perspectives.

Table 5.1: Final RBF Function Parameters

Gamma C Normalising term
0.1 100

To provide an assessment of the model’s performance, a confusion matrix was generated
by summing the results from all 10 k-folds, as shown in Table 5.2. This matrix gives insight
into the true positives, false positives, true negatives, and false negatives, allowing for a
comprehensive evaluation of the classifier’s ability to detect stairs.

Table 5.3 summarizes the average precision, recall, and F1-score across all 10 k-folds.
The high recall value indicates the classifier’s ability to minimize false negatives, which
is critical for safely detecting stairs in real-time applications where missing a stairs could
lead to serious accidents.
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Table 5.2: SVM 10 K-Fold Total Performance
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Table 5.3: SVM classifier performance

SVM Performance Value

f1-score 0.9696

Recall 0.9736

Precision 0.9872

5.1.1 Performance Metrics Across 10 K-Folds

In addition to the confusion matrix and average metrics discussed earlier, Table 5.4 provides
a comprehensive breakdown of the performance metrics across the 10 k-fold cross-validation
iterations. These detailed metrics enable an in-depth analysis of the classifier’s stability
and robustness.

Table 5.4: Performance Metrics Across 10 K-Folds for Stairs Detection using Cyglidar

Metric Mean Standard Deviation Variance Minimum Maximum Second Moment
Accuracy 0.968271 0.002764 0.000008 0.961020 0.971949 0.937556
Precision 0.952323 0.004556 0.000021 0.946013 0.960688 0.906941
Recall 0.908916 0.010235 0.000105 0.884317 0.925593 0.826234
F1-Score 0.930079 0.005807 0.000034 0.914125 0.936311 0.865081

The metrics in Table 5.4 reveal the consistency of the SVM classifier across the cross-
validation folds. Below is a detailed discussion of the metrics:
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• Accuracy: The model achieved an average accuracy of 96.83% across the folds,
with a minimal standard deviation of 0.28%. This demonstrates the classifier’s
ability to generalize effectively to new data, with very little variance (0.000008)
across folds, indicating consistent performance.

• Precision: The precision averaged at 95.23%, reflecting the model’s reliability in
minimizing false positives. The small standard deviation (0.45%) shows that preci-
sion remains consistent across different folds, with the highest value being 96.07%.

• Recall: With an average recall of 90.89%, the model successfully captured most of
the true positive cases. However, the higher standard deviation (1.02%) and variance
(0.000105) compared to precision suggest that some folds may have involved more
challenging cases or noise, leading to slight inconsistencies in identifying all positive
instances.

• F1-Score: The harmonic mean of precision and recall, the F1-score, averaged at
93.01%, with values ranging from 91.41% to 93.63%. This reflects a balanced
performance, though some folds with higher variability in recall impacted the overall
score.

• Second Moment: The second moment values indicate the distribution of the met-
rics. For example, the second moment for accuracy (0.937556) highlights a tight
concentration of values near the mean, while recall (0.826234) exhibits more spread,
underscoring greater variability in detecting positive cases.

Key Observations:

1. Stability Across Folds: The small variance and standard deviation values for most
metrics highlight the model’s robustness and consistent performance across folds.

2. Precision vs. Recall Trade-Off : The model demonstrated higher precision com-
pared to recall, suggesting a conservative approach to positive predictions that pri-
oritizes avoiding false positives. However, improving recall in future iterations could
further enhance the classifier’s ability to detect all positive instances.

3. Impact of Data Complexity: The variability in recall and F1-score across folds
suggests that certain data subsets may have posed more challenges, likely due to edge
cases, sensor noise, or variations in stair features.
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4. Real-World Applicability: The high mean values for all metrics, coupled with low
variability, confirm the classifier’s reliability for real-time stairs detection tasks using
the Cyglidar D1 sensor.

The insights from this analysis, combined with the confusion matrix and average met-
rics, emphasize the model’s robustness for detecting stairs in diverse scenarios. These
results also underscore the importance of further optimizing the classifier to address vari-
ability in recall and handle challenging cases more effectively.

Limitations

While the SVM model with an RBF kernel provided robust performance in detecting
stairs, there are certain limitations inherent in the binary classification approach used.
The model struggles with edge cases and transitions between stair and non-stair scenes.
These limitations are particularly noticeable in dynamic environments where sensor noise
or complex background structures (e.g., hallways with reflective surfaces) can introduce
confusion.

Additionally, the Cyglidar D1, being a low-cost LiDAR sensor, introduces some level of
noise and inaccuracy, particularly in fast-moving scenes or in areas with high reflectance.
This inherent sensor limitation contributes to both false positives and false negatives, as
illustrated in Figure 5.1. Addressing these limitations could involve incorporating temporal
data to better capture motion dynamics, or using higher-quality sensors with less inherent
noise.

Figures 5.2 and 5.3 further illustrate the classifier’s limitations in misclassifying point
clouds in fast-moving scenes or complex reflective environments. Future work could involve
improving the preprocessing steps to better manage sensor noise or integrating additional
sensors to enhance detection accuracy in these challenging environments.

Error Analysis

The challenges observed in the error analysis of stairs detection align closely with the
computational and deployment constraints highlighted in the literature. Matsumura et al.
[38] introduced a deep learning-based approach leveraging convolutional neural networks
(CNNs) for stairs detection, achieving high accuracy and a low false-positive rate. However,
this approach requires significant computational resources and access to large, annotated
training datasets, which limit its suitability for resource-constrained platforms such as the
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Figure 5.1: Frequency analysis of the top 6 most misclassified scenarios for false negatives
and false positives.

Jetson Nano. Similarly, its generalizability across diverse environments is restricted due
to its reliance on data that may not adequately capture real-world variability. In com-
parison, the SVM-based approach developed in this thesis, which employs RBF kernels,
provides comparable accuracy (F1-score of 96.96%) while significantly reducing compu-
tational overhead. This efficiency is achieved by optimizing the preprocessing pipeline
and utilizing feature-based learning, making it more practical for real-time deployment in
assistive devices.

While the CNN approach proposed by Matsumura et al. demonstrates effectiveness
in ideal conditions, environmental factors such as low illumination and occlusions can
significantly impact its performance. Similar limitations were addressed by Zhao et al.
[71], who fused LiDAR and RGB-D camera data to detect and model stairs in real-time.
Their method enhanced the ability to identify stair geometries, such as tread and riser
dimensions, and improved functionality in rehabilitation applications. However, the use of
RGB-D cameras introduces privacy concerns and requires significant computational power
for multimodal data processing.

The findings in this thesis emphasize that low-cost LiDAR sensors, such as the Cyglidar
D1, are effective for basic stairs detection but encounter challenges in distinguishing com-
plex or occluded stair scenes due to inherent noise and reduced resolution. This observation
aligns with the computational trade-offs discussed by Bansal et al. [2], where real-time pro-
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(a) False Positive: Fast Walking. (b) False Positive: Reflective Office Desks.

Figure 5.2: Examples of False Positives in Fast Walking and Office Desk Reflective Scenes.
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(a) False Negative: Climbing Stairs. (b) False Negative: Plain Surface in Sunlight.

Figure 5.3: Examples of False Negatives: Climbing Stairs and Plain Surface in Sunlight.

cessing of LiDAR data for mobile robotics demanded substantial computational resources.
Potential improvements to address

Discussion

The performance of the SVM classifier with an RBF kernel in detecting ascending stairs
using the Cyglidar D1 sensor demonstrated impressive robustness, with a f1 score of 96.
96% on the 10 k cross-validations. This level of precision is crucial for applications where
reliable detection of stairs is paramount to ensuring user safety, particularly in mobility-
assisted devices. The strong precision and recall metrics of the classifier further underscore
its effectiveness in distinguishing between stairs and non-stairs scenes.

Despite the overall success of the classifier, certain limitations became apparent. False
positives, where non-stair scenes were incorrectly classified as stairs, were primarily ob-
served in scenarios involving rapid movement or environments with high reflectance, such
as hallways with reflective surfaces. These errors, while not as critical as false negatives,
still pose potential inefficiencies by diverting computational resources towards processing
non-existent stairs. Reducing false positives through methods such as incorporating tem-
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poral data or filtering multiple frame sequences could improve the algorithm’s robustness
in dynamic environments. Examples of false positives are shown in Figure 5.2, where fast
walking and reflective office desks were common causes of misclassification.

Conversely, false negatives present a more significant concern due to the safety risks
they introduce. In instances where actual stairs were missed, the most common causes
involved fast movements or challenging approach angles, where the sensor had insufficient
time to capture a complete view of the stairs. These false negatives could potentially lead
to hazardous situations in real-world applications. Figures 5.3a and 5.3b depict typical ex-
amples of failure conditions involving stair climbing or detecting plain surfaces in sunlight.
These errors often occurred when the subject was either entering or leaving the sensor’s
field of view, underscoring the importance of maintaining consistent visibility for accurate
detection.

A frequency analysis was performed on the top six scenarios most frequently misclas-
sified to gain insight into the reasons for false positives and false negatives. As shown in
Figure 5.1, the majority of false negatives occurred during stair-climbing events, particu-
larly when the scene was poorly illuminated or the sensor’s field of view was obstructed.
False positives were most frequently observed during fast walking or when reflective sur-
faces, such as metal cabinets or desks, confused the sensor’s readings. These findings
highlight the need for improved preprocessing techniques to better filter noise and reduce
the impact of reflectance on the classifier’s performance.

While the SVM classifier with an RBF kernel performed well in static environments,
the analysis indicates that dynamic environments, especially those involving rapid move-
ment or highly reflective surfaces, still pose significant challenges. Integrating additional
sensors, such as infrared cameras or depth sensors, could provide complementary data to
mitigate these limitations. Furthermore, improving the classifier’s preprocessing pipeline,
for instance by employing advanced filtering techniques to reduce noise, could significantly
enhance detection accuracy.

Finally, it is important to note that the current algorithm operates on a frame-by-frame
basis, which limits its ability to account for temporal context. A potential improvement
could involve incorporating a memory unit or voting system that aggregates data over
a sliding time window. This approach could increase confidence in stair detection by
considering multiple frames in sequence, reducing the likelihood of false negatives or false
positives arising from momentary noise or sensor inconsistencies. This temporal context
could enable the classifier to make more informed decisions in real-time applications, where
rapid and accurate response is critical.
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5.2 Terrain Classification using the Lower Accuracy

LiDAR (Cyglidar)

This section explores terrain classification using the Cyglidar D1, a lower accuracy LiDAR
sensor. The challenges associated with this sensor, due to its limited resolution and pre-
cision, are highlighted, particularly in differentiating between plain and grassy terrains.
The analysis includes visualizations of the raw point cloud, downsampled cloud, extracted
normals, and scatter plots of the normals for both terrain types. The results obtained
using an SVM with a non-linear (RBF) kernel are presented, followed by a discussion on
the difficulties of achieving accurate terrain classification with this sensor.

The preprocessing pipeline developed in this thesis considers efficient noise handling
and feature preservation, tailored specifically for resource-constrained embedded platforms.
This contrasts with conventional high-resource preprocessing techniques used in prior stud-
ies.

5.2.1 Raw and Processed Point Cloud

Figures 5.4a and 5.4b show the raw point cloud data obtained from the Cyglidar D1 sensor
when the sensor was directed toward plain and grassy terrains, respectively.

The subsequent figures 5.4c and 5.4d illustrate the downsampled point clouds after
applying passthrough filtering. The passthrough filter effectively isolates the region of
interest by cropping out unnecessary data points, focusing only on the relevant terrain.
Downsampling further reduces the density of the point cloud, decreasing the computational
load while retaining the essential features of the terrain that are necessary for accurate
classification. This balance between data reduction and feature preservation is critical
for efficient and effective terrain classification using lower-accuracy sensors such as the
Cyglidar D1.

5.2.2 Normal Extraction and Scatter Plot

Figure 5.5 illustrates the extracted normal vectors from the downsampled point clouds for
plain and grassy terrains. These normals provide critical information about the terrain
surface orientation and serve as the primary features for subsequent classification. Note
the components of the normals are expressed in radians.
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(a) Raw point cloud data from Cyglidar D1
(Plain Terrain)

(b) Raw point cloud data from Cyglidar D1
(Grassy Terrain)

(c) Downsampled point-cloud (Plain Ter-
rain)

(d) Downsampled point-cloud (Grassy Ter-
rain)

Figure 5.4: Cyglidar D1 point cloud data: (a) Raw point cloud for plain terrain, (b) Raw
point cloud for grassy terrain, (c) Downsampled point cloud after passthrough filtering for
plain terrain, (d) Downsampled point cloud after passthrough filtering for grassy terrain.
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(a) Normals extracted from plain terrain (b) Normals extracted from grassy terrain

Figure 5.5: Normals extracted from downsampled Cyglidar D1 point clouds for (a) plain
terrain, and (b) grassy terrain.

The figure 5.5 illustrates the normal vectors extracted from the downsampled point
clouds for both plain and grassy terrains. In the context of point-cloud data, normal
vectors provide insights into the surface orientation of the terrain. The normals for plain
terrain (Figure 5.5a) are relatively uniform and consistent, indicating a smooth and flat
surface. This is expected, as plain surfaces generally have minimal variations in height and
structure, resulting in normals that are closely aligned.

On the other hand, normals extracted from the grassy terrain (Figure 5.5b) show greater
variability. The grass introduces a significant amount of surface roughness and irregularity,
which is reflected in the scattered orientations of the normals. This variability is a key
feature that distinguishes grassy (i.e., rough) from plain (i.e., smooth) terrain and forms
the basis for terrain classification.

Following normal extraction, a scatter plot of the X and Y components of these normals
is generated, as shown in Figure 5.6. The scatter plot provides a visual representation of
how normal vectors differ between plain and grassy terrains. The plain terrain normals
(represented by purple points) are tightly clustered, indicating that the surface has minimal
deviation from the mean orientation. This tight clustering is indicative of the uniformity
of the plain surface, where the normals do not vary much in direction. In contrast, the
grassy terrain normals (represented by green points) are more widely dispersed. The spread
of these points in the scatter plot reflects the natural variation in the orientation of the
surface caused by the unevenness and texture of the grass. The wider spread of the normals
of the grassy terrain in the X and Y directions highlights the increased complexity and
irregularity of the surface.
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Figure 5.6: Scatter plot of NormalX vs. NormalY for plain and grassy terrains (components
in radians).
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This distinction between the clustering of normals for plain terrain and the dispersion
for grassy terrain is crucial for the terrain classification algorithm. The differences in the
normal vector distribution provide a reliable feature for distinguishing between these two
types of surfaces, which is essential for applications such as assistive devices or autonomous
navigation where terrain recognition is critical.

The distinct separation between clusters of normals in the scatter plot indicates the
effectiveness of the novel preprocessing and feature extraction pipeline, enabling robust
classification even with lower-accuracy sensors like the Cyglidar D1.

The analysis of these plots will be further discussed in the Results using SVM with
Non-linear (RBF) Kernel section, where the effectiveness of the terrain classification model
based on these features is examined.

5.2.3 Results using SVM with Non-linear (RBF) Kernel

The terrain classification model was evaluated using a Support Vector Machine (SVM)
with a non-linear Radial Basis Function (RBF) kernel. The RBF kernel has been used to
identify complex, non-linear decision boundaries, making it potentially more accurate in
distinguishing between terrains that have overlapping features in the feature space.

In this experiment, the model was trained and validated using a 20-second validation
dataset set aside for each terrain type. The real-time performance was tested on the Jetson
Nano by running the model prediction ROS node in parallel with a rosbag that simulated
data streaming from a sensor.

The results, shown in Table 5.7, indicate that while the RBF kernel can effectively cap-
ture the nuances in terrain classification, it requires substantial computational resources.
The average total time taken for preprocessing, feature extraction, and prediction was ap-
proximately 390.52 ms per sample, which is relatively high for real-time applications. This
longer processing time is primarily due to the computational complexity of the RBF kernel,
which involves evaluating the Gaussian function for each support vector during prediction.

In terms of performance, the model achieved a precision of 1, a recall of 0.5861, and an
F1 score of 0.7355, shown in Table 5.6. These metrics indicate that while the classifier was
highly precise in identifying positive terrain features, it struggled with recall, meaning that
a significant number of true positives (correctly identified terrain features) were missed.
The F1 score, which is the harmonic mean of Precision and Recall, reflects the balance
between these two metrics and highlights the trade-offs involved in using a complex kernel
like the RBF.
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Average Preprocessing
Time (ms)

Average Feature Ex-
traction Time (ms)

Average Prediction
Time (ms)

3.60 1.94 384.98

Table 5.5: Real-time performance of SVM with RBF kernel on Jetson Nano.

Precision Recall F1 Score
1.0000 0.5861 0.7355

Table 5.6: Precision, Recall, and F1 Score for SVM with RBF kernel on Jetson Nano.

While the RBF kernel was able to handle non-linear terrain features effectively, the
relatively low recall suggests that the model may struggle in more dynamic or varied
environments. This can be attributed to the computational complexity and the limited
generalizability of the model in real-time applications where rapid predictions are crucial.
The high computational demand of the RBF kernel would introduce processing delays,
making it less suitable for scenarios where rapid decision-making is essential, such as in
autonomous navigation or assistive technologies.

5.2.4 Discussion

The performance of the SVM classifier using the non-linear RBF kernel on the Jetson
Nano highlights important trade-offs between model complexity and real-time applicability.
While the RBF kernel is capable of capturing complex non-linear decision boundaries, the
computational cost associated with these capabilities proved to be a significant limitation
in a real-time setting. The model demonstrated an average total processing time of 390.52
ms, which is substantial for real-time applications that require rapid decision-making.

In terms of classification performance, the precision of the model was excellent at 1.0,
indicating that the classifier rarely made false positive errors in identifying the terrain
features. However, a recall value of 0.5861 implies that the model failed to detect a signif-
icant number of true positive terrain features, indicating that despite its high specificity,
it had difficulty correctly identifying all relevant features. This is further reflected in the
F1 Score of 0.7355, which represents a balance between Precision and Recall. The results
suggest that although the RBF kernel is theoretically better suited for complex decision
boundaries, its practical performance in this context was limited by the computational
overhead.

Moreover, the high computational complexity of the RBF kernel, requiring evaluation
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of the Gaussian function for each support vector during prediction, contributes to its slower
real-time performance. This delay could potentially hinder its use in scenarios where quick
response times are critical, such as autonomous navigation or assistive devices. These
results underscore the need for careful consideration of model complexity when deploying
machine learning algorithms on resource-constrained platforms like the Jetson Nano.

The comparison of real-time performance metrics is presented in Table 5.7 and the
precision, recall, and F1 score metrics in Table 5.6. The high Precision indicates that the
model is highly specific but the relatively low Recall and F1 Score suggest that it may
struggle to detect all true terrain features in a real-time environment, likely due to sensor
noise and variability in the data.

Metric RBF Kernel
Average Total Time Taken (ms) 390.52
Precision 1.0000
Recall 0.5861
F1 Score 0.7355

Table 5.7: Performance metrics for SVM with RBF kernel on Jetson Nano.

In conclusion, while the RBF kernel is effective in handling non-linear terrain features,
its significant computational cost and lower recall make it less suitable for real-time terrain
classification on embedded systems like the Jetson Nano. The limitations of the Cyglidar
D1 LiDAR sensor, particularly its lower resolution and increased noise, further complicated
the classifier’s performance, highlighting the critical role of sensor precision in achieving
reliable terrain detection. Despite these challenges, the proposed framework successfully
extracted meaningful features from the Cyglidar D1 data, demonstrating its adaptability to
low-cost sensors and its potential for integration into resource-constrained assistive robotics
systems.

The results validate the suitability of this approach for mobility-assistive applications,
such as exoskeletons or smart walkers, where real-time terrain detection is essential to adapt
to environmental conditions, contributing to user safety and autonomy. While the Cygli-
dar D1’s limitations introduce challenges in dynamic or noisy environments, the method-
ology’s ability to adapt and extract actionable features from low-cost sensors reinforces its
practicality in cost-sensitive applications. Future improvements, such as advanced noise
handling techniques and the incorporation of temporal smoothing, could enhance its ro-
bustness. These findings emphasize the system’s potential to advance mobility-assistive
technologies by providing a scalable, efficient, and affordable solution for real-time terrain
classification.
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5.3 Terrain Classification using the Higher Accuracy

LiDAR (RoboSense)

While kernel selection is crucial, the quality of the input data plays an important role in
the effectiveness of the classification model. A sensor with higher accuracy, like the Ro-
boSense RS-LiDAR-M1, would likely produce point clouds with better defined features and
clearer distinctions between different terrain types. This would result in a more pronounced
separation of clusters in the feature space, thereby improving classification accuracy and
potentially reducing the time required for real-time processing. Building on the insights
gained from the Cyglidar D1’s performance, this section explores terrain classification us-
ing the RoboSense RS-LiDAR-M1 v2, a LiDAR sensor known for its higher accuracy and
precision. By leveraging the improved data quality provided by this sensor, the goal is to
achieve more reliable and accurate terrain classification.

The analysis in this section begins with an examination of the raw point cloud data
captured by the RoboSense LiDAR, followed by steps for downsampling and normal ex-
traction. The extracted normals are visualized through scatter plots, allowing for a direct
comparison between the plain and grassy terrains. The results obtained using a linear
kernel in an SVM are discussed in detail.

5.3.1 Raw and Processed Point Cloud

The experimental setup for terrain classification involved data collection for both grassy
and plain terrains. Figure 5.7 shows the tripod setup for the grassy terrain and the view
of the plain terrain where the RoboSense RS-LiDAR-M1 v2 was used to capture the point-
cloud data.

5.3.2 Normal Extraction and Scatter Plot

The processed downsampled clouds for both plain and grassy terrains were subjected to
normal extraction, following the same preprocessing steps as previously described. These
steps included applying a passthrough filter to isolate the region of interest, followed by
voxel grid downsampling to reduce the point cloud density while preserving the essen-
tial geometric structure. The resulting normals, extracted from the downsampled clouds,
provide critical information about the surface orientation of each terrain type.
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(a) (b)

(c) (d)

Figure 5.7: (a) View of the plain terrain, (b) Experimental setup for grassy terrain, (c)
Raw point cloud data for plain terrain, and (d) Raw point cloud data for grassy terrain.
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Figure 5.8 illustrates the normals extracted from the plain and grassy terrains. The
normals for the plain terrain (Figure 5.8a) are relatively consistent and uniformly aligned,
indicating a flat and smooth surface with minimal variation. In contrast, the normals for
the grassy terrain (Figure 5.8b) exhibit more variability, reflecting the uneven and textured
surface characteristic of grass.

(a) (b)

Figure 5.8: Normals extracted from the downsampled RoboSense RS-LiDAR-M1 v2 point
clouds for (a) plain terrain, and (b) grassy terrain.

To further analyze the characteristics of the terrain, a scatter plot was generated to
visualize the relationship between the X and Y components of the normal vectors for both
terrains. As shown in Figure 5.9, the scatter plot reveals a compact and well-separated
distribution of normal components for each type of terrain. Plain terrain normals (depicted
in purple) are tightly clustered, reflecting the uniformity of the flat surface, whereas grassy
terrain normals (depicted in green) display a distinct cluster, although with a wider spread
due to the natural variability in grass texture.

The minimal overlap between the normal vector clusters for the two types of terrain
suggests these features are highly discriminative, making the development of a classifier
to distinguish between plain and grassy terrains relatively straightforward. This contrasts
with the results obtained with the Cyglidar D1 sensor, where the significant overlap in
normal components posed challenges for effective classification.

5.3.3 Results using SVM with Linear Kernel

The table below presents the real-time performance results of terrain classification using
the SVM with a linear kernel on the Jetson Nano. Due to the clear separation between
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Figure 5.9: Scatter plot of NormalX vs. NormalY for plain and grassy terrains using
RoboSense RS-LiDAR-M1 v2.
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the classes in the normal vector components (as highlighted in the scatter plot analysis), a
linear kernel was chosen for this classification task. This choice was made to simplify the
model and reduce computational overhead while maintaining high accuracy.

The results demonstrate that the model performs exceptionally well in real-time condi-
tions, achieving a very high precision of 1 for both terrain classes, a recall of 1 for both, and
an F1 score of 1 for both terrain classes. This indicates that the system almost perfectly
categorizes terrain types without misclassifying them. These metrics reflect the model’s
robustness and reliability in detecting changes in terrain in real time.

In addition, the total processing time, including pre-processing, feature extraction,
and prediction, is approximately 17.68 ms. This indicates that the system is capable of
making terrain classification decisions nearly instantly, making it highly suitable for real-
time applications in embedded systems.

The efficiency of the linear kernel, combined with the precision of the RoboSense LiDAR
sensor, results in minimal prediction time, highlighting the feasibility of deploying this
system in scenarios where fast and reliable terrain classification is critical.

Metric Value (ms)
Preprocessing Time 2.03
Feature Extraction Time 2.40
Prediction Time 13.24
Total Time Taken 17.68

Table 5.8: Real-time performance results using SVM with Linear Kernel on Jetson Nano.

In addition to the processing time metrics, Table 5.9 summarizes the key performance
metrics for the SVM with the linear kernel for both terrain classes, plain and grass:

Class Precision Recall F1 Score Support
Plain 1.0 1.0 1.0 156435
Grass 1.0 1.0 1.0 251749

Table 5.9: Precision, Recall, F1 Score, and Support for SVM with Linear Kernel.

The confusion matrix further confirms the high precision and recall values reported
earlier. The model misclassified only 1 instance of grass as plain and 2 instances of plain
as grass out of a total of over 400,000 instances. This demonstrates the model’s ability
to accurately classify terrain types in real time using the RoboSense LiDAR sensor. The
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Table 5.10: Confusion Matrix for SVM with Linear Kernel.
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model’s ability to correctly classify all terrain frames as negatives indicates that every data
point in this dataset was identified as negative, thereby enhancing the model’s robustness
for this particular use case. This classification performance highlights the model’s high
accuracy in classifying terrain types in real-time using the RoboSense LiDAR sensor. It
demonstrates the robustness and reliability of the model for this specific task, as it correctly
classified both positive and negative examples in the dataset. This results in nearly perfect
performance, demonstrating the effectiveness and reliability of the SVM with the linear
kernel in this application.

To sum up, the linear kernel streamlines the classification procedure while delivering
outstanding accuracy in real-time applications. The precision, recall, and F1 score under-
score the system’s dependability when using high-quality LiDAR data. This method’s ef-
fectiveness is notably boosted by the distinct separation between terrain features, enabling
efficient classification without resorting to more complex and computationally intensive
kernels.

5.3.4 Performance Metrics Across 5 K-Folds for Terrain Classi-
fication

Table 5.11 presents a detailed breakdown of the performance metrics across the 5 k-fold
cross-validation iterations for terrain classification using the RoboSense LiDAR sensor.
These metrics provide insight into the consistency and robustness of the model.

The table illustrates the uniformity of the model’s performance metrics across all folds,
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Table 5.11: Performance Metrics Across 5 K-Folds for Terrain Classification

Metric Mean Standard Deviation Variance Minimum Maximum Second Moment
Accuracy 1.0000 0.0000 0.0000 1.0000 1.0000 1.0000
Precision 1.0000 0.0000 0.0000 1.0000 1.0000 1.0000
Recall 1.0000 0.0000 0.0000 1.0000 1.0000 1.0000
F1-Score 1.0000 0.0000 0.0000 1.0000 1.0000 1.0000

reflecting the reliability of the linear kernel SVM for this application. Below are the key
observations derived from the results:

• Accuracy: The model consistently achieved an accuracy of 100% across all folds.
This exceptional accuracy confirms the model’s ability to classify terrain types (plain
and grass) with complete reliability.

• Precision: Precision, which measures the ratio of true positives to all predicted
positives, also reached 100%, indicating the model’s effectiveness in avoiding false
positives.

• Recall: The recall metric, indicative of the model’s ability to identify all relevant
instances (true positives), similarly achieved a value of 100%. This ensures that no
true terrain instances were missed during classification.

• F1-Score: The F1-score, a harmonic mean of precision and recall, was also 100%,
reflecting the perfect balance between these two critical metrics.

Key Insights:

1. Stability: The metrics displayed no variability across the folds, as evidenced by the
standard deviation and variance values of 0.0000. This underscores the robustness
of the model.

2. Perfect Classification: With no misclassifications in any fold, the confusion ma-
trices for each fold exhibited complete separation of the terrain types.

3. Effectiveness of Features: The results highlight the effectiveness of the normal
vector features (NormalX and NormalY) in enabling the model to achieve such high
performance without the need for more complex kernels or additional features.
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These results demonstrate the exceptional performance of the terrain classification
pipeline, particularly when leveraging high-accuracy LiDAR data from the RoboSense
sensor. Such precision and reliability make this system highly suitable for real-time appli-
cations in assistive technologies, where rapid and accurate terrain detection is critical.

5.4 Terrain Classification using the Higher Accuracy

LiDAR (Robosense) with Added Noise

In this section, the RoboSense RS-LiDAR-M1 v2 sensor was used with artificially added
Gaussian noise to simulate conditions analogous to those of a lower-accuracy, cost-effective
LiDAR sensor. The primary objective of this analysis was to assess the resilience and
robustness of the terrain classification algorithm in these degraded conditions, which are
often encountered in real-world practical scenarios.

Gaussian noise was introduced into the point cloud data at varying levels, specifically 6
and 10 mm. This degradation was designed to test how the classification model performs
when the quality of the data is intentionally compromised. The noise addition process,
detailed in the Methods section, aimed to simulate the challenges faced by systems using
low-cost LiDARs, which inherently produce noisier and less precise data.

The impact of this noise on the point clouds is visually represented in Figures 5.10a
and 5.10b. As seen, the 6mm noise introduces some dispersion, but the overall structure
of the terrain remains recognizable. However, the 10mm noise level results in a signifi-
cantly more distorted point cloud, with greater dispersion and less coherence in the data
points. These images clearly show how increasing noise levels lead to a rougher and less
detailed representation of the environment, which in turn complicates the task of terrain
classification.

Following noise addition, the data was processed to extract normal vectors from the
downsampled point clouds. The scatter plot of the X and Y components of these normals,
shown in Figure 5.11, provides insight into how noise affects the distribution of normals.
With 10 mm of noise, the scatter plot reveals a much wider spread of the points, indicating
a higher degree of variability in the surface orientation. This increased variability reflects
the challenge of distinguishing between plain and grassy terrains when data are degraded.
The overlap between the distributions for plain and grassy terrains is more pronounced
than in the case of clean data, which can complicate the classification process.
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(a) (b)

Figure 5.10: Processed point clouds with added Gaussian noise: (a) 6 mm noise, (b) 10
mm noise.
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Figure 5.11: Scatter plot of NormalX vs. NormalY for plain and grassy terrains with 10
mm Gaussian noise added.
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5.4.1 Results using SVM with Linear Kernel on Noisy Data

To evaluate the real-time capabilities of the terrain classification model under noisy con-
ditions, the SVM with a linear kernel was utilized, similar to the previous section. This
section presents the performance metrics obtained by running the model on the Jetson
Nano using the point-cloud data with 10 mm noise.

The inclusion of noise introduces additional challenges for the classifier, primarily due
to the increased overlap between the normal vector distributions of the two terrain types.
Despite these difficulties, the linear kernel SVM model trained solely on clean data con-
tinued to show robust performance, though with a slight decline compared to the outcomes
with clean data. The table below summarizes the results:

Metric Value (ms)
Preprocessing Time 2.30
Feature Extraction Time 2.40
Prediction Time 15.81
Total Time Taken 20.51

Table 5.12: Real-time performance results using SVM with Linear Kernel on Jetson Nano
on Noisy LiDAR Data.

The small increase in prediction time and overall processing time 5.12 indicates that
the classifier can still operate efficiently under degraded conditions, making it suitable for
real-world applications where sensor noise is often unavoidable. Moreover, these results
highlight the potential of using higher accuracy LiDAR sensors, even with added noise, to
achieve reliable terrain classification in embedded systems with constrained computational
resources. The resilience of the classification algorithm in such scenarios underscores the
importance of sensor precision and quality in real-time applications.

In addition to the processing time metrics, Table 5.13 summarizes the key performance
metrics for the SVM with the linear kernel for noisy LiDAR data:

Class Precision Recall F1 Score Support
Plain 1.00 0.98 0.99 155821
Grass 0.99 1.00 0.99 234360

Table 5.13: Precision, Recall, and F1 Score for SVM with Linear Kernel for Noisy LiDAR
Data.
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Compared to the results obtained with clean high-accuracy LiDAR data, the total
processing time increased slightly, primarily due to the more complex point cloud data
generated by the noise addition. The F1 score remains high at 0.9936, which is only slightly
lower than the 0.999974 obtained with clean data. The recall remains nearly perfect at
0.9999, showing a minimal reduction compared to 0.999948 for the clean LiDAR data.
Precision dropped slightly to 0.9874 due to the slight increase in false positives introduced
by the noise. Despite these minor reductions in performance, the model shows remarkable
resilience in handling noisy data while maintaining real-time processing capability.

Table 5.14: Confusion Matrix for SVM with Linear Kernel on Noisy Data.
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Despite the introduction of noise, the model demonstrated an impressive ability to
classify both plain and grass terrains with minimal misclassifications. The higher number
of false positives reflects the challenge of distinguishing terrain types in noisy environments.
Nevertheless, the high recall and F1 score emphasize the model’s robustness, and its real-
time capability was maintained with only a slight increase in processing time. These results
highlight the practicality of the linear kernel SVM for real-time terrain classification using
noisy LiDAR data, particularly when paired with a robust processing pipeline.

The results with the RoboSense RS-LiDAR-M1 v2 further underscore the potential
of high-accuracy LiDAR sensors in achieving reliable real-time terrain classification. The
pipeline’s performance, characterized by near-perfect F1 scores, demonstrates its adapt-
ability and robustness in handling noise, making it highly suitable for practical deployment
in mobility-assistive technologies. This scalability emphasizes the system’s ability to meet
the demands of diverse and dynamic environments, further validating the approach for
real-world applications.
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5.4.2 Performance Metrics Across 5-Fold Cross-Validation for
Terrain Classification with 10mm Gaussian Noise

The performance of the SVM classifier with a linear kernel was evaluated for terrain clas-
sification using the RoboSense LiDAR data after injecting 10mm of Gaussian noise. The
results highlight the robustness of the classifier in handling noisy data, achieving consis-
tently high metrics across all folds. Table 5.15 presents the detailed metrics obtained from
the cross-validation process.

Table 5.15: Performance Metrics Across 5-Fold Cross-Validation for Terrain Classification
(10mm Gaussian Noise)

Metric Mean Standard Deviation Variance Minimum Maximum Second Moment
Accuracy 0.9985 0.0001 0.0001 0.9983 0.9987 0.9970
Precision 0.9985 0.0001 0.0001 0.9984 0.9987 0.9970
Recall 0.9990 0.0001 0.0001 0.9988 0.9992 0.9980
F1-Score 0.9988 0.0001 0.0001 0.9986 0.9989 0.9975

The results presented in Table 5.15 show a minimal standard deviation and variance
across folds, indicating the consistency of the classifier in terrain classification despite the
introduction of noise. Below are the key observations:

• Accuracy: The classifier achieved an average accuracy of 99.85%, with a standard
deviation of 0.01%, demonstrating its ability to generalize well across different data
splits.

• Precision: An average precision of 99.85% was observed, reflecting the model’s
ability to avoid false positives even in noisy conditions.

• Recall: The recall metric, which measures the detection of true positives, averaged
at 99.90%, highlighting the classifier’s robustness in identifying all relevant instances
despite noise.

• F1-Score: The F1-Score of 99.88% indicates a strong balance between precision
and recall, confirming the classifier’s suitability for noisy data scenarios.

The high performance across all metrics emphasizes the resilience of the linear kernel
SVM in noisy environments. These findings validate the approach for real-world terrain
classification tasks, particularly in scenarios involving mobility-assistive devices where noisy
sensor data is common.
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Error Analysis

While the SVM with a linear kernel performed well overall in noisy conditions, misclassi-
fications did occur, as indicated by the confusion matrix in Table 5.14. Specifically, the
model produced 2980 false positives (incorrectly classifying grass as plain) and 19 false neg-
atives (incorrectly classifying plain as grass). This section analyzes the potential reasons
for these errors and provides insight into the challenges posed by noisy data.

One key explanation for these misclassifications lies in the effect of noise on the normal
vector distributions extracted from the point cloud. The introduction of 10 mm Gaussian
noise tends to scatter the points slightly more than usual, which can affect the calcula-
tion of the surface normals. For flat, smooth surfaces such as plain terrain, the normals
are typically tightly clustered and aligned. However, when noise is introduced, the calcu-
lated normals for plain terrain may become more spread out, resembling those from grassy
terrain, which naturally exhibits more variance in its surface normals due to its inherent
texture. This increased spread in normal vectors for plain terrain could result in misclassi-
fication, as the system may interpret this spread as characteristic of a grassy surface. This
finding aligns with Lalonde et al.’s observations [29], where noise and variability in LiDAR
data led to feature overlap, complicating terrain classification.

Sensor misalignment or environmental interference, such as uneven ground, can further
distort point cloud data, exacerbating the overlap between the feature spaces of plain
and grassy terrains. As Fareed et al. [14] highlighted, robust noise handling is critical
when working with low-cost LiDAR sensors to mitigate the effects of degraded resolution.
Similarly, Lalonde et al.’s work demonstrated that preprocessing techniques, such as local
planarity assessment, could aid in distinguishing terrains even in the presence of noise,
but such methods require computational resources that may not be feasible for resource-
constrained systems like the Jetson Nano.

Additional factors contributing to these errors include:

• Sensor Orientation and Positioning: Depending on the position of the LiDAR
relative to the surface, certain angles can amplify the effects of noise. For instance,
if the LiDAR captures both plain and grassy terrain within the same frame, mixed
signals may arise, leading to misclassification. These findings align with the chal-
lenges reported by Vandapel et al. [65], who observed difficulties in segmenting point
clouds when multiple terrain types were present in a single scan.

• Edge Cases: In instances where the LiDAR captures frames near the transition
between grassy and plain terrains, the system may struggle to determine the appro-
priate class. This scenario is consistent with observations by Lalonde et al. [29],
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where boundaries between terrain types posed significant challenges in achieving ac-
curate segmentation.

• Vegetation and Obstacles: Small patches of vegetation on plain terrain or reflec-
tive surfaces, such as wet patches, can introduce irregularities in the point cloud,
deviating from the expected normal distribution. These findings mirror those of
Kragh et al. [27], who highlighted the difficulties in distinguishing between ground,
vegetation, and objects when using LiDAR data in agricultural fields.

• Lighting and Atmospheric Conditions: Although LiDAR is generally robust
to lighting, environmental factors like fog, rain, or strong sunlight can degrade data
quality. Moore et al.’s video-based approach [40] faced similar challenges, albeit exac-
erbated by image dependency, whereas LiDAR-based methods remain comparatively
less sensitive but not immune to atmospheric variations.

Potential Mitigations

Several strategies could be considered to reduce these misclassifications and improve the
overall performance of the classifier in noisy environments:

• Enhanced Preprocessing: Implementing additional noise filtering techniques, such
as bilateral filtering, could help smooth out the point cloud data before normal es-
timation. This could reduce the scattering effect of noise on the normals and make
the features more distinct for classification.

• Adaptive Thresholding for Normals: Developing an adaptive thresholding tech-
nique that dynamically adjusts the classification boundary based on the noise level or
surface irregularity could help mitigate the overlap between plain and grassy terrain.
This would allow the classifier to be more resilient to noise-induced distortions in the
normal vectors.

• Multimodal Sensor Fusion: Integrating additional sensors, such as stereo cameras
or IMUs, could help provide complementary data to the LiDAR, enhancing the overall
robustness of the system. For example, an IMU could provide information about the
orientation and movement of the device, which could help correct any misalignments
in the LiDAR data. Kragh et al. [27] demonstrated the benefits of multimodal
systems in handling complex terrains.
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• Temporal Smoothing: Incorporating temporal smoothing, where the classification
is averaged over several consecutive frames, as suggested by Lalonde et al., could help
reduce the impact of noisy data in any single frame. This would allow the system
to make more reliable predictions by considering the overall trend in the data rather
than relying solely on individual frames.

5.5 Conclusion

The RoboSense RS-LiDAR-M1 v2 demonstrated significantly better performance in terrain
classification, achieving near-perfect F1 scores, even under noisy conditions. This highlights
the importance of sensor accuracy in producing cleaner point clouds for robust feature
extraction and classification. In contrast, the Cyglidar D1, while cost-effective, exhibited
limitations in handling noise and overlapping features, leading to lower recall and F1 scores
in terrain classification tasks.

These results reveal a trade-off between sensor cost and classification performance,
emphasizing the need for a preprocessing pipeline that can mitigate the impact of noise,
particularly when using low-cost sensors like the Cyglidar D1. The pipeline’s flexibility in
handling data from both sensors underscores its adaptability across hardware configura-
tions.

The misclassifications observed in this analysis highlight the challenges of classifying
terrain in real-time using noisy LiDAR data. Although the SVM of the linear kernel
performed well in general, noise-induced distortions in the point cloud, particularly affect-
ing the normals for plain terrain, contributed to some errors. By implementing additional
noise handling techniques, improving sensor placement, or integrating complementary data
sources, it may be possible to further reduce these errors and enhance the system’s perfor-
mance in real-world scenarios.
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Chapter 6

Conclusion and Future Work

This chapter synthesizes the findings from the terrain classification and stairs detection
experiments, outlines the limitations encountered throughout the research, provides recom-
mendations for LiDAR sensor specifications, and proposes directions for future work. The
results obtained from the experiments using the Cyglidar D1 and RoboSense RS-LiDAR-
M1 v2 sensors have provided significant insights into the challenges and possibilities of
real-time terrain classification and stairs detection in embedded systems.

The results of this research are particularly relevant to the development of mobility-
assistive technologies, such as smart walkers and exoskeletons, where robust real-time ter-
rain classification and stairs detection are critical to ensuring user safety and autonomy

6.1 Summary of Findings

This research explored the effectiveness of terrain classification and stairs detection using
two different LiDAR sensors: the Cyglidar D1, a lower-accuracy sensor, and the RoboSense
RS-LiDAR-M1 v2, a higher-accuracy sensor. The findings provide valuable insights into
the challenges and opportunities presented by these sensors in real-time applications on
embedded platforms like the Jetson Nano.

These findings provide crucial insights for assistive robotics, where real-time perception
systems are necessary to navigate complex environments and enhance the mobility and
independence of users with physical disabilities.

• Stairs Detection with Cyglidar D1: The detection of ascending stairs using the
Cyglidar D1 sensor was a critical component of this research. Despite the sensor’s
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limitations in resolution and noise handling, the Support Vector Machine (SVM)
classifier with a Radial Basis Function (RBF) kernel demonstrated that effective
stair detection is possible even with lower-accuracy hardware. Both wearable and
tripod configurations were utilized to capture diverse perspectives.

The classifier achieved an average F1 score of 96.96%, which is notable given the
limitations of the sensor. However, certain conditions, such as rapid movement and
environments with high reflectance (e.g., hallways with reflective surfaces), led to
misclassifications. False positives primarily occurred in fast-moving scenarios, where
objects like walls or corners were misinterpreted as stairs. False negatives—where
actual stairs were missed—were more critical, occurring most often during quick ap-
proaches or when the sensor’s field of view was partially obstructed. These results
indicate that while the Cyglidar D1 can effectively detect stairs in controlled envi-
ronments, its performance is hampered in more dynamic conditions.

This underscores the importance of proper sensor placement and preprocessing tech-
niques, both of which significantly influence classification accuracy. The Cyglidar
D1’s limitations in resolution and noise handling were evident, but the classifier’s
performance remained sufficient for detecting stairs in less complex environments.

• Terrain Classification with Cyglidar D1: The terrain classification experiments
with the Cyglidar D1 sensor presented more significant challenges. The sensor’s lower
accuracy resulted in substantial overlap between the normal vectors for plain and
grassy terrains, making it difficult to achieve high classification results. The scatter
plots of normal vectors illustrated this overlap, with the RBF kernel struggling to
effectively separate the two classes.

Real-time performance was constrained due to the computational demands of the
RBF kernel, which is computationally expensive and less suited for embedded systems
like the Jetson Nano. Despite these limitations, the findings provide useful insights
into the challenges of using lower-accuracy LiDAR sensors for terrain classification.
The need for more distinct features, better preprocessing, and possibly alternative
classification methods became evident when working with noisier and less detailed
data.

• Terrain Classification with RoboSense RS-LiDAR-M1 v2: The transition
to the higher-accuracy RoboSense RS-LiDAR-M1 v2 sensor significantly improved
classification performance. This sensor’s higher resolution and precision led to a
clearer separation of normal vectors between plain and grassy terrains, as evidenced
by more compact and distinct scatter plots.

98



Even with a simpler linear SVM kernel, the classification F1 score was significantly
higher—reaching 99.90%—and the processing times were much faster compared to
the RBF kernel used with the Cyglidar D1. The linear kernel’s simplicity and effi-
ciency made it particularly advantageous, allowing the system to operate in real-time
on the Jetson Nano with minimal computational overhead. These results highlight
the benefits of using a high-accuracy sensor for terrain classification in embedded
systems, where both accuracy and processing speed are essential.

• Impact of Noise on Terrain Classification: To simulate conditions that might
be encountered with lower-accuracy, cost-effective LiDAR sensors, Gaussian noise
(up to 10 mm) was added to the RoboSense LiDAR data. This experiment aimed
to assess the robustness of the terrain classification algorithm under degraded data
conditions. Even with significant noise, the algorithm maintained a high F1 score
of 99.36% and showed only a slight increase in processing times compared to clean
data.

Scatter plots of normal vectors with added noise revealed increased overlap between
the two terrain classes, reflecting the challenge of distinguishing between them when
data quality is compromised. Nonetheless, the classifier’s ability to handle this noise
while maintaining high F1 scores underscores its robustness and suitability for real-
world applications, where sensor data may often be noisy or degraded.

6.2 Limitations

Despite the promising results obtained in this research, several limitations were encountered
that should be acknowledged. These limitations are categorized into algorithmic, dataset,
and hardware constraints that influenced the overall performance and generalizability of
the findings.

• Algorithmic Limitations: The reliance on a binary classification model, particu-
larly for stairs detection, constrained the algorithm’s ability to handle complex scenes
with multiple transitions or edge cases. The use of an SVM with an RBF kernel was
effective in certain scenarios but came with significant computational overhead. This
high computational demand made it challenging to achieve real-time performance,
especially on resource-constrained platforms like the Jetson Nano.

Additionally, the frame-by-frame processing approach did not fully capture the tem-
poral context of the scenes, which is critical in dynamic environments. The lack of
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temporal information likely contributed to the misclassification of fast-moving ob-
jects or transitions between stairs and non-stair scenes. Furthermore, focusing solely
on SVM models limited the exploration of other classification techniques that might
have provided better performance, especially for larger and more complex datasets.
Algorithms such as deep learning models, random forests, or ensemble methods were
not explored due to the computational constraints but could potentially offer im-
proved accuracy and robustness.

• Dataset Limitations: The dataset used in this research, particularly for stairs
detection, was relatively small and lacked diversity. This limitation affected the
ability of the classifier to generalize across different environments and scenarios. The
k-fold cross-validation technique was employed to maximize the utility of the available
data, but the small dataset size inherently constrained the model’s exposure to a wide
variety of scenes and conditions.

A more extensive and diverse dataset would be necessary to fully validate the effec-
tiveness of the developed models. The dataset primarily included data from specific
terrains and stairs, which may not represent the variability encountered in real-world
applications. For instance, variations in stair design, material, and lighting condi-
tions were not comprehensively captured, limiting the applicability of the results to
other environments. The limited number of samples also restricted the ability to
train more complex models that typically require larger datasets to achieve optimal
performance.

• Hardware Limitations: The Jetson Nano, chosen for its balance between cost and
processing power, imposed significant limitations on the complexity of the algorithms
and the resolution of the point clouds that could be processed in real-time. While the
platform was sufficient for demonstrating the feasibility of real-time terrain classifi-
cation and stairs detection, its limited computational resources restricted the use of
more advanced machine learning models, such as deep neural networks, which could
potentially offer better performance.

The hardware constraints also influenced the preprocessing steps, such as the degree
of downsampling applied to the point cloud data. While downsampling was necessary
to reduce the computational load, it also led to a loss of detail that could have
contributed to better classification accuracy. The Jetson Nano’s limited memory and
processing power required careful optimization of the algorithms to ensure real-time
performance, but this optimization often came at the cost of reduced accuracy or the
exclusion of potentially useful features from the data.
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Furthermore, the use of a single LiDAR sensor in each experiment limited the abil-
ity to compare results across different hardware setups. While the RoboSense RS-
LiDAR-M1 v2 provided higher accuracy and better performance than the Cyglidar
D1, the conclusions drawn about the effectiveness of these sensors are specific to the
hardware used and may not generalize to other LiDAR models or configurations.

• Reliance on Frame-by-frame Processing: The algorithm’s reliance on frame-by-
frame processing, while sufficient for controlled experiments, may not fully address
the dynamic and complex environments encountered in mobility-assistive devices.

These limitations highlight areas where future research could focus on improving the
generalizability and robustness of the terrain classification and stairs detection models,
particularly in the context of real-time applications on resource-constrained hardware.

6.3 Recommendations

This section outlines recommendations based on the findings of this thesis, which examined
the performance of LiDAR-based systems for stairs detection and terrain classification in
real-time applications. Although the results demonstrated the potential of both low- and
high-resolution LiDAR sensors, it is important to emphasize that these recommendations
are made within the limited scope of this research. The recommendations provided here
are based on the data and algorithms tested within this study and do not constitute
comprehensive guidelines. Further testing with a broader range of datasets, sensors, and
environments is necessary to fully validate these recommendations.

Based on practical experience with handling and operating the LiDAR sensors investi-
gated, the following recommendations aim to provide insights into the trade-offs between
different sensor attributes. Selecting the appropriate LiDAR sensor for real-time applica-
tions involves balancing several critical factors: resolution, noise tolerance, field of view,
range, and cost. Each of these factors can significantly influence the system’s overall
performance in detecting stairs or classifying terrain. The specific needs of a particu-
lar application, such as precision, speed, and environmental conditions, should guide the
decision-making process when choosing a LiDAR sensor. drawing from the experiences
gained in this thesis. However, please note these recommendations based on preliminary
investigations in a small set of devices and should be considered with care.

• Resolution: The results of this thesis indicate that sensor resolution plays a key role
in distinguishing between complex features such as stairs detection and terrain-type
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classification. However, based on specific application requirements, an ultra-high-
resolution sensor may not always be necessary. A resolution closer to 0.2°, similar to
the Robosense LiDAR, should provide sufficient detail for tasks such as stairs detec-
tion and terrain classification, especially when combined with robust post-processing
algorithms. In environments where precision is less critical and the features are more
pronounced (e.g., clear transitions between terrain types), this resolution can offer a
good balance between cost and computational demands. The use of slightly lower
resolution (closer to 0.2° than 0.75°) can still maintain acceptable performance, as
long as efficient data filtering and feature extraction techniques are employed. Fi-
nally, a resolution ranging from 0.4° to 0.6° could be sufficient for the applications of
stairs detection and terrain classification.

• Noise Tolerance: Noise tolerance is a critical factor for real-time systems, par-
ticularly in environments where sensor data may be compromised by reflections,
movement, or environmental factors. In this thesis, noise tolerance was tested us-
ing Gaussian noise, with the algorithm maintaining high accuracy up to 10 mm of
added noise. Based on this, it is recommended that sensors chosen for similar appli-
cations should be able to tolerate noise levels of 10 mm or less without significant
performance degradation. However, further testing with other types of noise, such as
Poisson or Salt-and-Pepper noise, may provide a more comprehensive understanding
of noise impacts. Ideally, sensors should come equipped with internal noise reduction
capabilities or be integrated with preprocessing techniques like Kalman filtering to
enhance data reliability. Overall, it is the researchers’ view that resolution plays a
more significant role than noise tolerance.

• Range and Field of View: For stairs detection and terrain classification in real-
time, the field of view (FOV) and range of the sensor are crucial for providing the
system with enough context to detect changes in the environment in advance.

Range: While the RoboSense RS-LiDAR-M1 v2 offers a much longer range, a range
of 5 to 7 meters should be sufficient to detect stairs or terrain transitions early enough
to allow the system to respond in real-time for the specific application of stairs and
terrain classification. This range provides enough lead time for decision-making and
control without overburdening the system with excessive data from distant objects.
It should be noted that the appropriate range may vary depending on the application,
and systems operating in larger, more dynamic environments may require a longer
range and wider FOV. For wearable systems or close-range applications, the Cyglidar
D1’s specifications are more than adequate.

Field of View: It is difficult to suggest a particular range of FOV, as it depends
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on the application and setup of the sensor on the equipment. Considering LiDARs
are usually less accurate/precise around its boundaries, the common practice of pro-
cessing LiDAR data has been to crop towards the center of the frame, similar to a
passthrough filter where the sensor frame is cropped from all three axes to focus on
the region of interest.

Let’s examine the FOV for the following applications:

– Stairs Detection: To effectively detect stairs, it’s important to clearly define
the problem’s scope. For instance, if the goal is to identify stairs while a person
ascends and then pauses at the mid-stair landing before looking at the stairs, a
broader FOV might be essential, similar to what a RoboSense sensor offers. In
contrast, for most scenarios, a FOV comparable to the Cyglidar D1, which is 60°
by 120°, should suffice. This range allows for the detection of several stair steps
and ensures the stairs are identified as soon as they enter the sensor’s frame.
Additionally, the detection success is influenced by the user’s turning rate and
the placement of the LiDAR sensor.

– Terrain Classification: For identifying various terrains, a sensor with a sig-
nificantly smaller FOV can be sufficient since the area of interest is merely the
section directly ahead of the user. Therefore, a sensor with a FOV comparable
to Cyglidar D1 should be adequate.

• Processing Speed: Real-time systems depend heavily on the sensor’s ability to cap-
ture and transmit data quickly. In this study, Cyglidar D1 operated at 15 Hz, which
was sufficient for moderate-speed applications. For applications requiring faster re-
sponse times, sensors that can capture data at higher frequencies (e.g., 20 Hz or
more) may be necessary. Ensuring that the sensor’s data output speed is compatible
with the system’s processing capabilities is essential to maintain the real-time nature
of the application, particularly in dynamic environments or with moving objects.

• Cost-Effectiveness: High-end sensors such as RoboSense RS-LiDAR-M1 v2 deliver
superior performance but come at a significant cost, which could be prohibitive in
consumer-level or large-scale deployments. More affordable options, like the Cygl-
idar D1, provide adequate performance for applications where ultra-high precision
is not necessary. As LiDAR technology evolves, the cost-performance trade-off is
expected to narrow. With ongoing advancements in manufacturing and scaling of
solid-state LiDARs, it is likely that future iterations of lower-cost sensors will offer
higher precision and accuracy. Therefore, more affordable sensors with improved
performance are expected to become available, further lowering the barriers to the
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widespread adoption of LiDAR in real-time applications such as assistive devices and
autonomous systems.

In conclusion, these recommendations, drawn from the limited experience of this re-
search, suggest that selecting the right LiDAR sensor requires careful consideration of
trade-offs between resolution, noise tolerance, field of view, range, and cost. Although
high-performance sensors offer significant advantages in terms of accuracy and reliability,
their cost may not always be justified, especially in applications where moderate accuracy
is sufficient. Further testing across various conditions and with different sensors would
provide more conclusive insights into the optimal configurations for real-time terrain clas-
sification and stairs detection systems.

6.4 Future Work

Future research directions have been identified based on the limitations and findings of
this study. These areas offer potential improvements in the performance, robustness, and
applicability of LiDAR-based terrain classification and stairs detection systems.

• Alternative Preprocessing Techniques: The preprocessing of LiDAR data plays
a critical role in the overall effectiveness of classification algorithms. Future work
could explore more sophisticated preprocessing methods, especially for lower-accuracy
sensors like the Cyglidar D1. One potential avenue is time-based downsampling,
which averages data points over time to reduce variability and create a more stable
representation of the scene. This method could be particularly useful in dynamic
environments where the scene changes rapidly. Moreover, implementing a voting or
confidence-based system that evaluates multiple frames over a sliding time window
could enhance the reliability of the classification by reducing the impact of transient
noise and sensor errors.

• Feature Engineering and Alternative Classification Methods: Although this
study focused on SVM classifiers with RBF and linear kernels, deeper investigation
of alternative classification techniques is recommended. Methods such as k-Nearest
Neighbors (kNN), maximum likelihood estimates, or even deep learning approaches
could be explored to potentially enhance accuracy or reduce computational overhead.
Additionally, feature engineering could be further refined by identifying new features
that capture critical aspects of the terrain or stairs more effectively. Alternatively,
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feature-free methods like Deep Neural Networks could be employed to automatically
learn relevant features from the data, bypassing the need for manual feature extrac-
tion. Ensemble methods or hybrid models that combine the strengths of multiple
classifiers could also be considered to improve robustness and generalization.

• Optimization for Computational Efficiency in Onboard Processing: One of
the critical challenges in deploying real-time LiDAR-based terrain classification and
stairs detection systems on embedded platforms is achieving computational efficiency
without compromising accuracy. Onboard processing is constrained by limited com-
putational resources, such as reduced memory, lower processing power, and limited
energy availability, particularly on platforms like the Jetson Nano.

Future work should investigate optimization techniques that can make the existing
framework more efficient for onboard processing. For instance, model pruning and
quantization methods could be explored to reduce the computational complexity
of the SVM classifiers without significant degradation in performance. These tech-
niques involve simplifying the model structure by removing redundant parameters or
using lower-precision representations of weights, thereby reducing memory usage and
speeding up inference times.

Additionally, implementing parallel processing pipelines tailored for specific hard-
ware architectures, such as GPUs or tensor cores, can significantly enhance compu-
tational throughput. Employing lightweight libraries and frameworks optimized for
embedded devices, such as NVIDIA TensorRT or ONNX, could also improve runtime
performance.

Another promising area is the exploration of low-complexity feature extraction meth-
ods that reduce the dimensionality of the input data. Simplifying preprocessing
steps, such as normal vector estimation, or incorporating dimensionality reduction
techniques like PCA, can alleviate the computational burden of real-time operations.
Such methods should be carefully evaluated to ensure they preserve the critical fea-
tures required for high classification accuracy.

Furthermore, the trade-off between model complexity and processing speed could be
better balanced by implementing adaptive models. For example, the system could
employ simpler linear classifiers during low-variability scenarios (e.g., flat terrain)
and dynamically switch to more complex non-linear classifiers when intricate fea-
tures (e.g., overlapping stairs or noisy terrain) are detected. This adaptive approach
could improve computational efficiency by minimizing the use of resource-intensive
algorithms during straightforward classification tasks.
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Finally, optimizing energy consumption for onboard processing is a crucial consider-
ation for long-term deployments, particularly in mobile applications such as assistive
devices or autonomous navigation. Future research could focus on developing energy-
efficient algorithms by optimizing data transfer and memory access patterns, as well
as implementing power-aware scheduling strategies for computational tasks.

By addressing computational efficiency in onboard processing, these optimizations
will enable the proposed system to meet the stringent real-time requirements of
resource-constrained environments, paving the way for robust, scalable, and energy-
efficient deployments in real-world applications.

• Real-Time Temporal Context Integration: One of the key limitations identified
was the algorithm’s reliance on frame-by-frame classification, which does not fully
exploit the temporal continuity of the data. Future research could focus on integrat-
ing temporal context into the classification process. This could be achieved through
the use of memory units, recurrent neural networks, or a voting system that considers
the classification results over a sequence of frames. Such approaches could enhance
the system’s ability to accurately classify terrains and detect stairs by leveraging the
consistency of features across multiple frames, thereby reducing the likelihood of false
positives and negatives in dynamic environments.

• Extended Dataset and Real-World Testing: The relatively small and controlled
dataset used in this study limits the generalizability of the findings. To address this,
future work should involve the collection of a larger and more diverse dataset that
includes various types of stairs and terrains under different environmental conditions.
Real-world testing is crucial for evaluating the model performance in more challenging
and unpredictable scenarios. Furthermore, incorporating data from different LiDAR
sensors with varying specifications would help refine sensor recommendations and
improve overall robustness of the system. Testing in diverse settings, such as outdoor
environments with varying lighting and weather conditions, could provide deeper
insights into the practical applicability and limitations of the system.

• Inclusion of Descending Stairs: This study primarily focused on detecting as-
cending stairs due to their relative simplicity in terms of data capture and feature
extraction. However, the inclusion of descending stairs poses unique challenges that
should be addressed in future work. Descending stairs introduce complexities such
as more varied user movement patterns, which can affect the stability of the LiDAR
data, and a narrower vertical field of view, making it difficult to extract consistent
features. Additionally, the risk of misclassification increases as elevation changes in-
troduce more noise into the point cloud data. Addressing these challenges is crucial,
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as misclassification in descending stairs could lead to critical safety hazards, such as
falls. Future work should aim to collect an extended dataset that includes descending
stairs under various environmental conditions. Refinement of the model to handle
these challenges will enhance its robustness and advance safely and effectiveness in
real-world scenarios where both ascending and descending stairs are present.

• Exploration of Soft Margin SVM: While this study focused on the use of hard
margin SVMs for terrain classification and stairs detection, future research should
explore the implementation of soft margin SVMs. Soft margin SVMs introduce a
regularization parameter (C) that allows the model to balance the trade-off between
maximizing the margin and tolerating some misclassifications. This approach could
enhance the classifier’s robustness in handling noisy or overlapping data, particularly
in real-world environments where such variability is prevalent. Investigating the effect
of different values of C on the model’s performance could provide valuable insights
into the optimal configuration for specific applications. Additionally, the inclusion
of soft margin SVMs could improve the system’s ability to generalize across datasets
with higher levels of complexity or noise, further extending the applicability of the
methodology to diverse environments.

6.5 Conclusion

This study presents a novel framework for terrain classification and stairs detection using
LiDAR sensors, specifically designed for real-time embedded applications. Unlike previous
approaches that often depend on high-end hardware or camera-based systems, this research
demonstrates the practicality of utilizing low-cost LiDAR sensors. By addressing privacy
concerns crucial in assistive robotics, it offers a more accessible and secure solution.

The thesis investigates the challenges and opportunities associated with LiDAR-based
terrain classification and stairs detection, with a focus on the performance of various sen-
sors and algorithms in real-time scenarios. It provides a comprehensive analysis of the
strengths and limitations of both low- and high-accuracy LiDAR sensors, emphasizing the
pivotal roles of sensor precision, cost, and computational efficiency in achieving reliable
classification and system performance.

The findings provide a unique contribution to the field of assistive robotics by high-
lighting practical trade-offs between sensor cost, computational efficiency, and performance,
which are rarely addressed in existing literature.
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• Stairs Detection: The stairs detection experiments using the Cyglidar D1 sen-
sor demonstrated that it is possible to achieve effective stair detection with lower-
accuracy sensors, but with some limitations. The SVM classifier with an RBF kernel
achieved a commendable accuracy of 96.96%, despite the challenges posed by the
sensor’s resolution and noise. However, the system was prone to false positives in
fast-moving scenarios and false negatives in cases where the stairs were partially ob-
scured or approached quickly. These findings highlight the need for careful sensor
selection and preprocessing techniques, as well as the importance of considering the
requirements of the specific application, such as range and resolution, rather than
defaulting to the highest performing sensor available.

• Terrain Classification: The terrain classification tasks revealed significant perfor-
mance differences between Cyglidar D1 and RoboSense RS-LiDAR-M1 v2 sensors.
Although the Cyglidar D1’s lower resolution posed challenges, leading to more over-
lap between terrain types, it still provided valuable data when coupled with advanced
postprocessing techniques. On the other hand, the RoboSense RS-LiDAR-M1 v2 of-
fered significantly clearer separation of terrain types due to its higher resolution,
allowing faster and simpler classification with a linear SVM kernel. However, this
comes with an increase in cost and computational overhead. Depending on the ap-
plication, lower-resolution sensors such as the Cyglidar D1 may suffice, especially in
environments with more pronounced terrain features or where cost and computational
efficiency are prioritized.

• Impact of Noise: The results demonstrated the robustness of the classification al-
gorithm in handling noise, particularly with up to 10mm added Gaussian noise. This
capability ensures that the system can function reliably even in noisy environments,
which is essential for real-world applications. However, further testing with other
noise types would be beneficial in fully understanding the sensor limitations under
various conditions.

In conclusion, this research has underscored the importance of carefully balancing sensor
performance with cost and computational efficiency in LiDAR-based terrain classification
and stairs detection tasks. Although high-end sensors such as the RoboSense RS-LiDAR-
M1 v2 significantly improve accuracy and processing speed, more affordable sensors, such
as the Cyglidar D1, can still perform adequately for specific applications with the right al-
gorithmic support and pre-processing steps. The findings of this study provide a foundation
for future work that may further explore how to maximize performance in cost-sensitive
or resource-constrained environments.
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