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ABSTRACT 

The increasing prevalence of mobility impairments among the global population has 

underscored the need for innovative assistive technologies to enhance the lives of 

individuals with disabilities. IoT-based Adaptive Cooperative Assistive Mobility Devices 

(IoT-ACAMDs) represent a transformative solution, integrating IoT capabilities to 

empower users with tailored support, promoting safety, and fostering independence. 

However, the integration of multiple sensors within ACAMDs poses challenges related to 

accuracy, reliability, and performance. This study addresses these challenges through the 

development of an IoT-based multi-sensor fusion architecture that combines LiDAR and 

camera data to create a unified bird’s-eye view (BEV) mapping of the environment. 

The study introduces the FastSeg3D algorithm, a novel approach for real-time 

segmentation of LiDAR 3D points, including the segmentation of drivable points in 

complex terrains. Utilising the FastSeg3D algorithm, deep learning techniques, Inverse 

Perspective Mapping (IPM), and Bayesian occupancy grid techniques, the study integrates 

LiDAR data with information from six monocular cameras, captured simultaneously from 

different angles. The fusion process results in a BEV mapping of the environment which 

can be used for simultaneous localisation and mapping (SLAM) of a mobile device (robot 

in which the sensors are mounted). 

The study outcomes demonstrate the effectiveness of FastSeg3D achieving real-time 

ground and non-ground point segmentation across varying terrain complexities with an 

impressive average speed of approximately 25 frames per second (fps) on a single core of 

a 7th-generation Intel i5 processor. Moreover, the multi-sensor fusion architecture achieves 

an inferencing fusion speed of 17.8 fps without augmentation and 11.3 fps with 

augmentation on a Ryzen 9 5950 CPU, maintaining an acceptable level of accuracy. The 

FastSeg3D algorithm also outperforms existing methods in terms of recall and intersection 

over union (IoU) metrics, achieving the highest recall of ground points (0.9758-0.998) and 

non-ground points (0.8975-0.9582) in 5 out of 10 scenarios, and the second highest recall 
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of non-ground points in the remaining 5 scenarios. It also achieves the highest mean IoU 

(0.8711-0.944) in 9 out of 10 scenarios, and the second highest mean IoU in the 10th 

scenario with a difference of only 0.221. 

 

This study contributes a comprehensive literature review on sensor data preprocessing, 

automatic extrinsic calibration, and multi-sensor fusion techniques. A novel ground 

removal algorithm, an innovative multi-sensor fusion architecture, a view transformation 

algorithm, and a tailored IoT framework designed specifically for ACAMDs were 

developed during the study. This study also addresses the urgent demand for adaptive and 

robust navigation assistive devices for individuals with mobility impairments, representing 

a significant advancement in the field of multi-sensor fusion for assistive mobility devices.  
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CHAPTER 1: INTRODUCTION 

 

Assistive mobility holds significant importance in improving the quality of life for 

individuals with mobility impairments. The emergence of the Internet of Things (IoT) and 

multisensor fusion technologies has opened new possibilities in various domains like 

healthcare, offering the potential to enhance the assistive mobility experience. By 

seamlessly integrating multiple sensors and cooperative systems within the IoTs, more 

reliable assistance can be developed for individuals in need of assistive mobility [1–3]. This 

chapter explains the research process, including background to the study, problem 

statement formulation, research objective, methodological approaches, contributions to 

knowledge, research hypothesis, publications, and a comprehensive organisational outline 

of the thesis. 

 

1.1 BACKGROUND 

The rapid advancement of technology in recent years has paved the way for innovative 

solutions in various fields, particularly in the realm of assistive mobility devices. As the 

world’s population ages and the number of individuals with mobility impairments 

increases, there has been a growing need for efficient and effective assistive technologies 

to enhance the quality of life for people with disabilities. Adaptive cooperative assistive 

mobility devices (ACAMD) are designed to empower individuals with disabilities or 

injuries to perform activities of daily living (ADLs), such as mobility, self-care, 

communication, and environmental interactions, with greater ease and confidence. These 

transformative devices include smart wheelchairs, smart walkers, cutting-edge prosthetic 

limbs, and advanced hearing aids, among many others. The development of ACAMD has 

been driven by the need to improve the confidence of the acquired information which 

includes the interaction between the user, the environment, and the device. It is also driven 

by the need to follow design specifications, as well as enable customisation to cater for the 

unique requirements of each user to ensure a personalised experience. The ‘cooperative’ 

ability of the ACAMD ensures it is not just efficient as a standalone device, but also its 

ability to integrate with other technologies, forming a symbiotic relationship to provide 
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comprehensive support for individuals with disabilities. This cooperative approach fosters 

a more holistic and inclusive solution, promoting the overall well-being and quality of life 

of the users. The advent of the Internet of Things (IoT) has enabled this cooperative aspect 

of the ACAMD to become increasingly successful [1,4–6]. 

 

The Internet of Things (IoT) is a network of interconnected devices and sensors capable of 

collecting, transmitting, and exchanging data without human intervention. Its applicability 

in the healthcare sector has been recognised for remote monitoring, timely interventions, 

personalised care, and cooperative assistance by integrating with other smart devices. In 

the context of assistive mobility, IoT can be utilised to create smart assistive devices, track 

patient movements, analyse data for improved performance and provide valuable insights 

to caregivers and healthcare professionals. This can also be referred to as the Internet of 

Medical Things (IoMT). To achieve this, various sensors such as accelerometers, 

gyroscopes, cameras, GPS, heart rate monitors, and pressure sensors are integrated into 

assistive devices like smart walkers, smart wheelchairs, wearable sensors, smart canes and 

way finders to detect movements, assess the user's environment, identify potential hazards, 

and create a comprehensive picture of the user's surroundings and needs. The data collected 

from these sensors can be processed and analysed by IoT systems to offer real-time 

feedback and adapt assistance according to the user's needs. For instance, IoT can allow a 

smart wheelchair to sense its environment, avoid obstacles, navigate autonomously, adjust 

its speed and posture, collect and analyse sensor data, and alert caregivers in case of 

emergencies [1,4,7,8]. 

 

These sensors, with unique functions, play a crucial role in developing IoT-based 

ACAMDs (IoT-ACAMDs) that meet the users’ specific needs [1,5,7–9]. Although these 

sensors offer significant benefits for IoT-ACAMDs, the ability to accurately capture precise 

information and make sense of this information remains an active area of research. The use 

of multiple sensors to measure a phenomenon, such as perceiving a user's environment, 

presents a valuable approach to addressing the limitations of individual sensors. By 

combining data from several sensors, multisensor fusion can enhance reliability, 
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robustness, resolution, precision, and other desirable properties, while simultaneously 

reducing uncertainty and ambiguity. In the context of IoT-ACAMDs, multisensor fusion 

plays a crucial role in providing a comprehensive understanding of the user's movements 

and environmental conditions. This leads to more precise and context-aware assistance, 

resulting in improved safety and adaptability in various scenarios. For example, the 

integration of data from GPS, IMU, cameras, Radio Detection and Ranging (RaDAR), 

ultrasonic sensors and LiDAR can significantly enhance the overall perception which 

includes the localisation, navigation and object detection ability of IoT-ACAMDs [10]. 

Similarly, combining data from heart rate monitors, pressure sensors, cameras, and 

microphones allows for comprehensive monitoring of the user's physiological condition 

and behaviour across different modalities [11]. 

 

Generally, the IoT architecture for the IoT-enabled multisensor fusion for ACAMDs 

consists of a perception layer, network layer and application layer. To achieve IoT-enabled 

multisensor fusion for ACAMDs, several factors are considered, depending on the specific 

ACAMDs under consideration. These factors include the user system interface (USI), 

perception techniques that occur in the perception layer of the IoT architecture, 

communication and sensing frameworks performed in the network layer of the IoT 

architecture, the degree of shared control, the ability to autonomously navigate in unknown 

environments, fall prediction and prevention, and personalised activity identification [12]. 

The communication and sensing framework is required to communicate and share 

information in real-time with other devices, if and when needed. Perception techniques are 

essential for accurately perceiving the user's environment and movements. These 

techniques need to be memory-efficient, easily deployable and compact for mobile devices, 

capable of real-time perception, and scalable. With accurate and real-time perception, 

successful autonomous navigation in unknown environments becomes more achievable, as 

the focus can be directed towards localisation and path planning. Consequently, perception 

techniques are one of the most critical factors determining the success of IoT-enabled 

multisensor fusion for ACAMDs [1,10]. 
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Perception techniques refer to the methods and processes used by a system or device to 

sense and interpret information from the surrounding environment. In the context of 

ACAMDs, perception techniques refer to the methods and strategies used to gather and 

interpret sensory information from multiple sensors to enhance the understanding and 

awareness of the environment. These techniques play a crucial role in improving the 

functionality and adaptability of assistive mobility devices when performing actions like 

autonomous navigation or user monitoring. Perception techniques like multisensor fusion 

pipeline can be applied to the camera, LiDAR sensor, GPS, and IMUs to capture and 

combine information for recognizing objects, detecting patterns, and interpreting scenes, 

using algorithms like extended Kalman filter (EKF), particle filters (PF), reinforcement 

learning (RL), or deep learning (DL) [13]. The output of this pipeline returns holistic 

information about the user’s environment, which can then be used by SLAM and path-

planning algorithms for autonomous navigation. 

 

IoT-enabled multisensor fusion for Adaptive Cooperative Assistive Mobility Devices is a 

complex process and still an emerging area of research. For instance, to effectively achieve 

a communication and sensing framework, the network layer (protocols) of the IoT 

architecture is required to address a myriad of challenges. These challenges include 

ensuring data privacy and security to protect sensitive user information, establishing 

reliable data transmission for seamless communication between devices, promoting 

interoperability to enable devices from different manufacturers to work together 

harmoniously, ensuring scalability to accommodate a growing number of connected 

devices, and focusing on accessibility and usability to ensure that the technology is 

inclusive and easy to use for all users [3,14,15]. 

 

Additionally, the bird’s eye view (BEV) multi-sensor fusion pipeline (BEVMSF3D), which 

is a critical aspect of this study, encompasses the development of efficient and accurate 

algorithms for data fusion, context awareness, and decision-making. This BEV multi-

sensor fusion pipeline (BEVMSF3D) has certain prerequisites like proper preprocessing 

and filtering of sensor information, as well as ensuring well-calibrated and synchronized 
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sensors for accurate data fusion [16,17]. Moreover, BEVMSF3D needs to have an 

acceptable computational complexity, and scalability, and strike a balance between 

precision and efficiency to enable real-time multi-sensor fusion for practical deployment. 

For this reason, there are still existing challenges and research opportunities in the 

development and deployment of such a pipeline/architecture for IoT-ACAMDs. 

 

1.2 PROBLEM STATEMENT 

The motivation for this research is to address the research problem of multi-sensor fusion 

data for autonomous navigation of assistive mobility devices. This problem is challenging 

due to the diversity, imperfection, and complexity of sensor data, which require effective 

preprocessing and integration methods. This problem is also relevant for individuals with 

severe physical disabilities, who constitute a significant portion of the global population 

and face difficulties in accessing suitable mobility options [10,18]. While traditional 

assistive mobility devices provide some degree of mobility for individuals with physical 

impairments, they are not suitable for those with combined physical, cognitive, or 

perceptual impairments, such as users with spinal cord injuries (SCI) or cerebral palsy. 

These users need devices that can adapt to their needs and preferences, and navigate 

autonomously with minimal user input, especially in unfamiliar and/or complex 

environments [1,10,19]. Addressing these limitations and providing a comprehensive 

solution that enables adaptive and context-aware assistance is therefore needed. 

 

1.3 THE RESEARCH AIMS AND OBJECTIVES 

This research aims to develop a novel sensor fusion architecture for the adaptation of 

mobility assistance for the user and securely manage this information in the cloud, using 

an IoT framework. The research aim was achieved by addressing the following objectives. 

1. Recommend an efficient multi-sensor calibration method: The first objective of 

this research is to evaluate various automatic extrinsic calibration strategies for 

multiple sensors and recommend a method that ensures efficient and accurate 

calibration for navigation purposes. 
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2. Develop a novel algorithm for Point cloud processing for multi-sensor fusion, 

localisation and behaviour monitoring: The second objective is to develop a 

ground removal algorithm capable of processing 3D point clouds in real-time for 

BEVMSF3D, and the IoT framework for localising users and monitoring their 

behaviour while operating assistive mobility devices. 

3. Develop an architecture for multi-sensor data fusion: The Third objective is to 

develop an architecture that effectively fuses data from multiple sensors to facilitate 

seamless navigation in complex environments. 

4. Recommend a scalable and efficient IoT framework: The fourth objective is to 

investigate and propose a scalable and efficient Internet of Things (IoT) framework 

for managing data transfer between ACAMD devices and the cloud. 

  

1.4 METHODOLOGY AND RESEARCH DESIGN 

The methodology used is as follows: 

 

1. A comprehensive literature review: A literature review of existing solutions for 

IoT-enabled multi-sensor fusion for ACAMDs was discussed and the evaluation of 

existing extrinsic calibration strategies was highlighted. 

2. FASTSEG3D: The development of a novel, fast and adaptive algorithm for ground 

segmentation of 3D point cloud data. This was developed using the ROS 2 platform, 

the C++ point cloud library (PCL), and the C++ OpenCV library. 

3. Sensor data preprocessing and calibration: This involved: 

a. Acquisition of required sensor data. The nuScenes dataset and KITTI 

dataset were considered for the development of the BEV multi-sensor fusion 

pipeline/architecture. 

b. Recommendation of an image preprocessing technique like image 

normalisation and image augmentation for BEVMSF3D. This was achieved 

using the PyTorch platform, and a set of Python libraries (Albumentation, 

matplotlib, numpy, and OpenCV). 
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c. Recommendation of an extrinsic calibration strategy for BEVMSF3D. An 

extrinsic calibration method was recommended for the automatic calibration 

of images and LiDAR (3D point cloud data). 

4. Development of the sensor fusion architecture: After the relevant preprocessing 

and calibration steps were considered, a multi-sensor fusion architecture was 

developed using the PyTorch platform and its necessary libraries for BEVMSF3D. 

5. Recommendation of an IoT framework for ACAMDs: Finally, an IoT 

framework was proposed, specifically an IoT protocol and an algorithm for data 

reduction was discussed to address low latency and scalability challenges common 

to IoT-enabled ACAMDs.  

1.5 CONTRIBUTION TO KNOWLEDGE 

This section outlines the main contributions of this study to the field of IoT-enabled multi-

sensor fusion for ACAMDs. The primary objectives of this thesis were elucidated in section 

1.3, and throughout this study, several significant contributions have been realised. The 

contributions are: 

 

1. In-depth literature review: A comprehensive literature review on the existing 

methods and techniques for sensor data preprocessing, automatic extrinsic 

calibration, and multi-sensor fusion in the context of ACAMDs, identifying the gaps 

and challenges in the current state-of-the-art. 

2. Innovative ground removal algorithm: A novel, fast, and adaptable ground 

removal/segmentation algorithm (FASTSEG3D) that achieves superior 

performance in terms of accuracy and speed compared to the state-of-the-art 

methods for 3D point cloud segmentation, achieving a minimum recall of ground 

points of 0.97, 0.89 recall for non-ground points and a minimum IoU of 0.87 on the 

benchmark dataset, and an average speed of approximately 25 fps on a single core 

of a 7th-generation Intel i5 processor. This algorithm achieves above 1.31% 

improvement in ground recall when compared to similar and recent algorithms (See 

Chapter 6). 
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3. Advanced multi-sensor fusion architecture: A novel multi-sensor fusion 

architecture with automatic calibration that integrates data from image sensors and 

point cloud sensors, resulting in comprehensive and insightful environmental 

information that enhances the localisation and monitoring capabilities of ACAMDs, 

achieving an inferencing fusion speed of 17.8 fps without augmentation and 11.3 

fps with augmentation on a Ryzen 9 5950 CPU, and incorporating a novel automatic 

extrinsic calibration method that does not require any manual intervention or 

calibration objects. 

4. Innovative view transformation algorithm: A novel algorithm for view 

transformation that transforms the fused information from various sensors into a 

unified bird’s-eye view (BEV) mapping of the environment, which can be used for 

simultaneous localisation and mapping (SLAM) of a mobile device, and preserves 

the semantic information of the fused data, utilising Inverse Perspective Mapping 

(IPM) and Bayesian occupancy grid techniques to generate a high-resolution BEV 

mapping of the environment, and preserving the object labels and the drivability 

status of the fused data. 

5. IoT-framework recommendation: A recommended IoT framework tailored 

specifically for ACAMDs has been proposed. This framework proposes a protocol 

and an algorithm for data reduction to integrate Internet of Things (IoT) 

technologies into the realm of ACAMDs, thereby reducing data latency, and 

enhancing their connectivity and overall performance. 

 

1.6 RESEARCH QUESTIONS 

How can an IoT-based multi-sensor fusion architecture be developed and utilised to 

enhance adaptive cooperative assistive mobility devices (ACAMDs) for individuals with 

combined physical, cognitive, or perceptual impairments, such as spinal cord injuries (SCI) 

or cerebral palsy? 

 

To answer this question, the following sub-questions are formulated: 
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1. What are the existing methods and techniques for sensor data preprocessing, 

automatic extrinsic calibration, and multi-sensor fusion in the context of ACAMDs, 

and what are the limitations and challenges that need to be addressed? 

2. How can a novel, fast, and adaptable ground removal/segmentation algorithm 

(FASTSEG3D) be developed and applied to 3D point cloud data to enable efficient 

and accurate segmentation of ground and non-ground points in complex terrains? 

3. How can a novel multi-sensor fusion architecture with automatic calibration be 

designed and implemented to integrate data from image sensors and point cloud 

sensors, resulting in comprehensive and insightful environmental information that 

enhances the localisation and monitoring capabilities of ACAMDs? 

4. How can a novel algorithm for view transformation be proposed and utilised to 

transform the fused information from various sensors into a unified bird’s-eye view 

(BEV) mapping of the environment, which can be used for simultaneous 

localisation and mapping (SLAM) of a mobile device? 

5. How can a recommended IoT framework tailored specifically for ACAMDs be 

proposed and evaluated to integrate Internet of Things (IoT) technologies into the 

realm of ACAMDs, thereby reducing data latency, and enhancing their connectivity 

and overall performance, while ensuring data privacy and security? 

 

1.7 PUBLICATIONS DURING THE STUDY 

1.7.1 Journal paper(s) 

Oladele DA, Markus ED, Abu-Mahfouz AM. Adaptability of Assistive Mobility 

Devices and the Role of the Internet of Medical Things: Comprehensive Review. 

JMIR Rehabil Assist Technol 2021;8(4):e29610. doi: 10.2196/29610. PMID: 

34779786. (Published) 

 

Oladele DA, Markus ED, Abu-Mahfouz AM. Enhancing Security in IoT-Based 

Smart Wheelchair Networks with an Intrusion Detection System for smart cities. 

MDPI-IoT (Submitted) 
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Oladele DA, Markus ED, Abu-Mahfouz AM. An Efficient Feature Selection 

Technique for An Intrusion Detection Framework for IoT-Devices. MDPI-IoT 

(Submitted) 

 

Oladele DA, Markus ED, Abu-Mahfouz AM. BEV-CAM3D: A Unified Bird's Eye 

View Architecture (BEV) for multiple monocular cameras (CAM) and three-

dimensional (3D) point clouds. IEEE Transactions on Neural Networks and 

Learning Systems (Submitted)  

 

1.7.2 Patent(s) 

Oladele DA, Markus ED, Abu-Mahfouz AM. (2023). FastSeg3D: A fast and 

adaptive Ground Segmentation Method of 3D Point clouds using Range Elevation 

Estimation (REE) and window-based model fitting (WBMF) of the 3D point clouds. 

Reference No.: P96434ZP00 VIP/jbg (Submitted to the South African Patent 

Office) 

 

1.7.3 Conference paper(s) 

O. Ayo Daniel, E. Didam Markus and A. M. Abu-Mahfouz, "Internet of Things 

Based Multi-Sensor Fusion for Assistive Mobility Devices," 2021 Conference on 

Information Communications Technology and Society (ICTAS), 2021, pp. 115-

120, doi: 10.1109/ICTAS50802.2021.9395010. 

 

Daniel A. Oladele, Elisha D. Markus, Adnan M. Abu-Mahfouz, Towards an 

adaptable framework for mobility assistive technologies, Procedia Computer 

Science, Volume 198, 2022, Pages 301-306, ISSN 1877-0509, 

https://doi.org/10.1016/j.procs.2021.12.244 
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1.8 ORGANISATION OF THE THESIS 

This thesis is organised as follows: 

 

 Chapter two discusses an in-depth literature review of the foundational components 

crucial for the successful implementation of multi-sensor fusion in the context of 

ACAMDs. 

 Chapter three presents the point cloud preprocessing technique used for this study, 

it further presents the novel FastSeg3D algorithm used for fast segmentation of the 

point cloud, a vital component of the subsequent BEV multi-sensor fusion pipeline 

(BEVMSF3D). 

 Chapter four examines the image preprocessing techniques employed by this study 

for BEVMSF3D. It further highlights the automatic calibration technique used for 

the automatic alignment of point clouds and image features for the sensor fusion 

pipeline.  

 Chapter five presents BEVMSF3D based on all the previously elaborated 

techniques and the pipeline itself. It also highlights the recommended IoT 

framework for the multi-sensor fusion of ACAMDs. 

 Chapter six presents a discussion of the results. 

 Finally, Chapter seven summarises the conclusion and anticipated future works.  
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CHAPTER 2: LITERATURE REVIEW 

 

2.1 INTRODUCTION  

Multi-sensor fusion is a technology that integrates data from multiple sensors to enhance 

the performance of robotic applications, such as perception, navigation [20,21], and 

decision-making [22,23]. IoT-enabled multi-sensor fusion extends this technology by 

accessing data from different locations and devices [24], which can improve the 

functionality of assistive mobility devices, such as smart wheelchairs. However, IoT-

enabled multi-sensor fusion is till an emerging field and faces many challenges, such as 

scalability, security, latency, complexity, precision, efficiency, and calibration errors 

[1,14,25–27]. This literature review examines the current research on IoT-based multi-

sensor fusion for ACAMDs, covering the topics of sensors, sensor data preprocessing, 

automatic extrinsic calibration, multi-sensor fusion, IoT frameworks, and localization. 

 

2.2 SENSOR TYPES AND CHARACTERISTICS 

In the realm of IoT-based multi-sensor fusion for adaptive cooperative assistive mobility 

devices, understanding the strengths and limitations of various sensor types is crucial for 

achieving optimal performance. Sensors serve as the eyes and ears of these mobility 

devices, capturing the surrounding environment in a manner these devices can understand. 

However, each sensor type possesses unique characteristics, leading to inherent strengths 

and limitations that impact their efficacy. The concept of sensor fusion emerges as a 

strategic approach to harness the advantages of diverse sensors while mitigating their 

drawbacks. The strengths and drawbacks of these sensors can be attributed to their unique 

features and properties also known as the sensor’s characteristics [1,10]. 

 

Dead reckoning sensors that measure the position, velocity, acceleration and orientation 

have been used for decades for autonomous navigation. However, they are generally 

considered to be low-precision sensors due to their unreliability as a result of external 

interferences/factors and accumulated errors over time [28–30]. To improve its accuracy 

these sensors have been combined. An example is the Inertial Measurement Unit (IMU) 
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sensor, which is a combination of an accelerometer, gyroscope, and some magnetometers, 

used to measure and report the specific force, angular rate, and orientation of the device, 

enabling IoT-ACAMDs to adjust their speed, direction, and posture according to the user’s 

preferences and environmental conditions. However, its accuracy/precision depends on the 

quality of the sensors, the calibration process, and the error correction methods, and can be 

affected by external magnetic fields, drift, and accumulated error [29,30]. 

 

Another example is the integration of the Global Positioning System (GPS) and the Global 

Navigation Satellite System (GNSS) with IMUs to provide real-time location data and map 

the surroundings for improved navigation. However, the accuracy of GPS is reliant on the 

signal quality received, atmospheric conditions, electromagnetic interference, and the 

ionosphere. Additionally, GPS signals cannot penetrate solid walls or structures, resulting 

in reduced signal quality when obstructed by obstacles such as buildings, trees, mountains, 

or tunnels [31,32]. To further improve accuracy and reliability, optical sensors are often 

used in combination with dead reckoning sensors, as they provide additional information 

about the environment [33–35]. 

 

Optical sensors use light to measure the physical properties of the environment such as 

distance, colour, shape, and reflectivity. These sensors are used to greatly improve 

navigation precision for mobility devices and also to capture a more complete estimate of 

the 3D map of the environment relative to the robot. Optical sensors like cameras and Light 

Detection and Ranging (LiDAR) capture visual information, enabling IoT-ACAMDs to 

recognize obstacles, signage, doorways, and other critical environmental cues [36].  

 

However, cameras have a limited dynamic range, which can cause overexposed or 

underexposed areas in images. The quality of the image is also dependent on factors such 

as illumination, high ISO, and compression levels, while noise, dust, or moisture can also 

affect the image quality. Monocular cameras, which are more affordable, cannot directly 

measure the depth information of their three-dimensional (3D) environment [37,38]. 

LiDAR sensors, on the other hand, can suffer from signal loss during adverse weather 
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conditions like heavy rain and fog, but their main limitation lies in their high cost, making 

them less accessible for certain applications. The more affordable ones suffer from sparse 

resolution due to the fewer number of laser beams that make up the cheaper LiDAR sensors 

[39]. 

 

Table 2-1 shows a summarized sensor types and characteristics of sensors commonly used 

for assistive mobility devices. 

Table 2-1 Sensor types and characteristics 

Sensors Categories Merits Drawbacks 

IMU Dead 

reckoning 

High accuracy, low latency, 

independent of external 

signals 

Drift error, high cost, 

complex calibration 

LiDAR Active 

optical 

High-resolution, long-range, 

3D mapping 

Sensitive to weather, 

expensive, heavy 

Cameras Passive 

optical 

Low cost, easy to use, rich 

information 

Limited by lighting, 

occlusion, and 

perspective 

RADAR Radio Robust to weather, long-

range, doppler effect 

Low resolution, 

interference, clutter 

Position 

(GPS/GNSS) 

Radio Global coverage, high 

accuracy, low power 

Dependent on satellite 

signals, affected by 

multipath and jamming 

Odometry Motion Simple, low-cost, relative 

measurement 

Cumulative error, wheel 

slip, limited by terrain 

Ultrasonic Sound Low cost, easy to use, distance 

measurement 

Low range, affected by 

noise, reflection 

 

2.3 SENSOR DATA PREPROCESSING 

Sensor data preprocessing is an important step in multi-sensor fusion for ACAMDs. It aims 

to improve the quality, efficiency and reliability of sensor data before the fusion process, 
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which affects the accuracy and reliability of the fusion results. Sensor data preprocessing 

also ensures scalability and meaningful insights for decision-making and assistive 

functionalities in IoT-based multi-sensor fusion [40,41]. 

 

The preprocessing steps depend on the type of sensor fusion approach and the type of sensor 

data [42,43]. For point cloud data, preprocessing steps include structuring, filtering, and 

segmenting the point clouds, and extracting features for early, intermediate, and late fusion 

[44–47]. Features from these point clouds can be extracted for intermediate fusion [48,49]  

or late fusion [43,50]. For image data, preprocessing steps include noise reduction, edge 

enhancement, image normalisation and augmentation [51–56], and feature extraction for 

pixel-level, feature-level, and decision-level fusion [57–60]. 

 

Although sensor data preprocessing is a very useful step towards multi-sensor fusion, the 

choice of sensor data preprocessing techniques can either reduce or increase the 

computational complexity of the overall architecture. This section will discuss some of the 

preprocessing approaches used for 3D point cloud sensor data and image sensor data for 

early fusion. 

 

2.3.1 Point cloud preprocessing  

Point clouds are collections of 3D points that represent the real 3D world with geometric 

information and attributes. They are useful for many applications, especially when captured 

by sensors that are robust to illumination and weather changes, such as LiDAR and 

RADAR [61]. However, point clouds have some drawbacks, such as being unstructured, 

can be extremely large, and noisy, and lacking semantic meaning and topology of objects 

in the environment. Therefore, they need to be preprocessed to become meaningful. Point 

cloud preprocessing involves structuring, organising, filtering, and removing outliers from 

point clouds [62,63]. This enables further analysis of point clouds to extract features, such 

as objects and their locations, and to perform localisation, i.e., determining the location of 

the robot relative to objects [64–68]. Point cloud preprocessing techniques apply to various 
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domains. However, the techniques for preprocessing point clouds are the same and 

applicable to multi-sensor fusion of IoT-enabled ACAMDs. 

 

To achieve a structured format for easy extraction of similar geometric features between 

point clouds, earlier preprocessing techniques approached point cloud representation using 

a defined data-structured [69–71] for establishing complex neighbourhood relations and 

extracting point features. In these techniques, raw point clouds were first sorted using space 

partitioning data structures like KD-tree [72] or a tree data structure like Octree [73] before 

a segmentation or clustering algorithm was used to extract point clouds with similar 

features into subsets. This approach has been used extensively in many studies for 

structuring point clouds [74–76], however as the points become larger the complexity 

drastically increases. This is because of the time complexity for sorting point clouds, space 

complexity or memory overhead for large and rapidly changing point clouds, and the 

balancing error that could occur while sorting point clouds [75,77,78]. To address this the 

mapping representation i.e. the elevation or terrain map method was first introduced by 

researchers at Stanford University [79]. This method represents point clouds in a 2D grid. 

Each grid cell has one of three possible values; occupied, free, and unknown. Occupied 

grids were determined based on comparing the vertical heights of two nearby grids with 

threshold height, and a probabilistic test was used to validate the presence of an obstacle. 

Although this project won the 2005 DARPA challenge, this representation did not model 

the free vertical space between a pair of points and therefore was very sensitive to uneven 

terrain. To address this Himmelsbach et al. [80] introduced the efficient partitioning of 

point clouds by representing the XY-plane as a circle of infinite radius and divided into a 

discrete number of segments [81]. Points are assigned to segments or bins according to 

their angular component and range or laser beam component. This approach has become a 

common technique for point cloud preprocessing in recent years [82–84]. 

 

Another very important preprocessing step for point clouds is ground segmentation. Since 

most of the points in the raw point cloud belong to the ground, an accurate ground 

segmentation can significantly reduce the computational cost of performing object 

© Central University of Technology, Free State



17 
 

detection, or multi-sensor fusion tasks. It is also a very useful step for LiDAR odometry to 

obtain strong constraints. Some common segmentation techniques applied to achieve 

ground segmentation include the elevation map method, the plane or ground modelling 

method, the method based on the relationship between adjacent points, the method based 

on Markov Random Field (MRF), and the deep learning method [80,85,86]. 

The ground, plane or modelling method are improvements of the RANSAC plane 

segmentation [87]. The basic concept is to generate a ground skeleton by adopting 

regression algorithms. This approach performs best on flat roads with apparent boundaries. 

To address curved/uneven terrains and increase accuracy, the Gaussian process regression 

(GPR) is commonly used. This approach [88,89] divides a two-dimensional (2D) ground 

segmentation in the 3D polar grid representation map into many one-dimensional (1D) 

GPR problems with a covariance function to lower complexity and improve computational 

efficiency. However, this method is insensitive to stair steps and since it is divided into 

independent segments the overall ground elevation continuity is not assured. A more robust 

regression approach was applied by the authors in [90] to accurately estimate ground 

heights. It integrated the Gaussian process regression with a robust locally weighted 

regression (RLWR) to form a hybrid regression model for estimating road surfaces. 

However, the success of this method is dependent on the accurate selection of pavement 

seed points. Also, because the original RLWR method is slow, the hybrid regression is 

more computationally demanding when compared to the GPR-based method. 

 

The MRF and its variants such as the Conditional Random Field (CRF) use gradient cues 

of the geometry of the road to construct MRF and implement a belief propagation for 

inferencing to classify the robot's environment into different regions. This approach has 

been proven to be robust to uneven terrain [91]. Zhang et al. [91]  proposed the use of MRF 

for ground segmentation and the Loopy Belief Propagation algorithm for inferencing. 

Rummelhard et al. [85] Proposed a SpatioTemporal Conditional Random Field (STCRF) 

with previous timestamp information for ground segmentation and the Expectation 

Maximisation (EM) algorithm for inferencing. Although the MRF and CRF methods have 

been proven to be quite robust to undulated terrain, they are computationally expensive for 
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inferencing and approaches similar to the methods reported in [85], which also require 

additional information from GPS and IMU sensors.  This makes its applicability to real-

time scenarios less realistic. 

 

Because 3D point clouds are usually unstructured and contain objects of varying sizes with 

variable point densities, many researchers choose to exploit similar geometry features 

between points for segmentation, like the distance between points, height difference, angle 

difference, or shape-based. For instance, Moosmann et al. [92] performed ground 

segmentation using the local convexity criteria between points. A neighbourhood graph 

construction was used to structure points, and then segmentation was done based on points 

meeting the neighbouring surfaces criterion, respective to an arbitrary fixed coordinate 

system and their normals. Yang et al. [93] classified shapes using the support vector 

machine (SVM) algorithm and proposed a shape-based method for the segmentation of 

point clouds. The major drawback of this approach is that segmentation accuracy is heavily 

reliant on accurate calculation, and prior knowledge of segmentation criteria (parameters), 

this makes it a computationally demanding approach and not requiring a lot of handcraft 

skills to successfully reuse. 

 

To avoid the complexity of full 3D maps, elevation maps were proposed as an attractive 

alternative. The elevation method was first introduced by researchers at Stanford University 

[79]. This algorithm separates the ground from the non-ground points based on the relative 

height difference. Like Zhang et al. [94], Zermas et al. [95] addressed the uneven terrain 

problem by dividing the ground surface evenly into segments. The region-growing 

clustering algorithm was used on the initial seed ground points for the N number of ground 

surface segments to segment the ground planes that meet a particular distance threshold. 

Generally, the main advantage of the elevation map method is its inexpensive computation 

cost. It is not sensor-specific and is effective when used on fused point clouds built from 

many 3D scans. However, this approach struggles to do well in complex scenes like 

protruding or overhanging objects. To address these challenges, Goga et al. [96] proposed 

the use of a multi-volume grid elevation map to store the start and end heights of the 
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consistent vertical region in each given cell to keep track of the ground planes. However, 

they did not focus on coarse-to-fine ground segmentation and their proposed solution was 

insensitive to slope terrain.   

 

In recent years many deep learning approaches have been introduced for 3D point cloud 

segmentation [97,98]. This technique falls under the category of supervised machine 

learning techniques and is a more advanced technique for extracting abstract features and 

deducing semantic meanings from 3D point clouds. This approach is considered to be the 

most influential and fastest-growing technique in pattern recognition, computer vision, and 

data analysis [99,100]. Because it is a data-driven approach, it is usually computationally 

expensive for model training and inferencing and requires a very expensive human 

annotation process to successfully perceive a handful of objects. For instance, the PointNet 

architectures [97,98,101] proposed a novel model that adheres to permutation invariance, 

transformation invariance and point interactions. These trends of architecture performed 

well on the accuracy benchmarking test but not so well for inferencing time having its best 

inferencing of 4 frames per second (FPS). Besides, the FrustumPointNet which is an 

improvement over the PointNet/PointNet++ requires pre-processing using the camera 

sensor based on another network model to handle calibrated camera images [98]. This also 

increases the inferencing time and is not suitable for LiDAR-only segmentation. Although 

many variants of these deep learning approaches have been proposed [102–104], in their 

benchmarking, they all tend to pay emphasis on accuracy and the number of trainable 

parameters but not inferencing speed. An attempt to improve inferencing speed led to a 

significant drop in accuracy. Furthermore, deep learning approaches require a time-

consuming process of ground truth labelling are performance is potentially degraded when 

applied to new previously unlearned terrains. 

 

For a ground removal/segmentation technique to be effectively used as a preprocessing step 

it needs to be sufficiently fast, efficient, and robust to be employed as a preprocessing step. 

Unlike supervised approaches that involve learned parameters and lots of training, point 

cloud segmentation algorithms including unsupervised clustering algorithms are 

© Central University of Technology, Free State



20 
 

fundamentally the results of geometric constraints and statistical rules [100]. These 

algorithms generally have a well-defined approach towards decision-making (segmenting 

regions) and are interpretable and reusable (data efficient). Also, they do not need to be 

retrained or relabelled to improve accuracy and effectively identify ground points that were 

not previously included in the training dataset [105]. These attributes make them more 

computationally efficient than deep learning approaches. Although deep learning 

approaches are very efficient for applications that do not require real-time usage or have 

limited memory, point cloud segmentation algorithms are still a very common choice for 

applications that require real-time usage or fast preprocessing for downstream applications. 

For instance, for 3D geodata, indoor scenes and autonomous driving scenarios, 

unsupervised clustering algorithms also referred to as unsupervised segmentation can be 

used as a preprocessing step for several processes like feature extraction, classification or 

3D modelling [106–108]. 

 

2.3.2 Image preprocessing 

Some common techniques include noise reduction, edge and contrast enhancement, edge 

detection, image normalisation and augmentation (this includes translation, rotation, 

flipping, resizing, colour space conversion, scaling and skew). For IoT-enabled multi-

sensor fusion, image preprocessing plays a pivotal role in harmonising, standardising and 

reducing the computational complexity of image data for a robust BEV multi-sensor fusion 

pipeline [57,58,60]. 

 

Pixel-level preprocessing techniques, like the Gaussian filter, calculate the weighted 

average of a pixel and its neighbours, effectively reducing high-frequency noise while 

preserving image edges [57]. However, these techniques are computationally intensive and 

may lead to the loss of some pixel details. Meanwhile, edge detection methods like Canny 

edge detection, the Prewitt operator, and the Sobel operator utilise multiple kernels to 

smooth or identify specific types of edges (horizontal or vertical). Nevertheless, this proves 

unnecessary for sensor fusion preprocessing as these tasks are managed by the pipeline's 

feature extraction kernel, rendering these techniques unnecessary [57,60,109]. 
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The more common image preprocessing techniques include image normalisation and 

augmentation. Image normalization also referred to as spatial and intensity transformation 

[112,113], popularized by the Viola-Jones face detection algorithm [110], adjusts pixel 

intensity values to establish similarities between images in terms of lighting and contrast 

effects [111].  Various approaches have been proposed for image intensity normalisation 

[111,112,114–116], each with different levels of computational complexity. For multi-

sensor fusion, the min-max normalisation technique proves sufficient, as it addresses the 

issue of slow convergence during the training and development of the multi-sensor pipeline 

or algorithms [117]. 

 

Image augmentation goes beyond image normalization, creating new instances to prevent 

overfitting and enhance the generalization capabilities of trained ML and deep learning 

(DL) models. Image augmentation can be viewed as a form of data warping [118], 

originally applied in tasks such as handwritten digit classification using convolutional 

neural networks (CNNs). Over the years, this technique has evolved and now encompasses 

a range of methods including geometric transformations and colour space variations [119], 

kernel filters, mixing images [120], random erasing [121], feature space augmentation 

[122], and generative adversarial networks (GANs) [123] as illustrated in Figure 2-1. Many 

of these approaches have been suggested by researchers as valuable tools for improving 

ML and DL models while mitigating the challenge of overfitting. Some examples includes 

geometric transformation, colour manipulation and brightness adjustment. 

 

Geometric transformations, often referred to as traditional augmentation [119], encompass 

operations like flipping, cropping, rotation, translation, scaling, and noise injection. These 

transformations contribute to extending the training dataset, enhancing the rotation and 

translation invariant properties of DL models, and addressing challenges like occlusion 

[124]. Color manipulation and brightness adjustment further diversify image 

characteristics. However, it's crucial to note that these techniques are not exhaustive, and 

their selection depends on the specific objectives of the task at hand. 
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Figure 2-1 Image augmentation techniques 

 

Taylor et al. [119] suggested the application of generic data augmentation techniques to 

substantially diminish the necessity for an extensive collection of labelled training datasets. 

Various augmentation strategies were explore and their respective performances were 

compared. The findings indicated that cropping and geometric transformations exhibited 

the most favourable outcomes. However, the authors acknowledged that their study did not 

encompass a comprehensive exploration of all potential augmentation methods. 

 

Another valuable and prevalent augmentation strategy involves the random selection and 

removal of image regions during the training process. As outlined by Zhong et al. [125], 

the authors seek to mitigate the occlusion challenge frequently encountered by deep 
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learning (DL) models. They achieved this by randomly selecting and erasing specific 

rectangular pixel areas within an image. This practice results in the creation of new images 

with instances of occlusion during training. The complementary nature of this approach 

lead to consistent improvements across image classification, object detection, and person 

re-identification tasks. 

 

Image mixing stands out as another image augmentation technique, operating within the 

input or data space, by combining information from two or more images to forge novel 

compositions. A thorough survey of this technique was undertaken by Naveed et al. [126]. 

Over the years, many methods have been proposed to combine multiple images for 

generating new instances and enhancing generalisation, for instance, SamplePairing [127]. 

Notably, a prominent technique in recent times is the CutMix approach [128], which 

combines the random erasing augmentation technique and the image mixing technique. A 

new image is generated by cutting out rectangular regions of an existing image and 

replacing those regions with rectangular regions of another image. This technique was also 

successful because, unlike the random erase technique, empty regions are replaced by 

patches of images, allowing for efficient use of training pixels and retaining the 

regularisation effect of regional dropout. Experimental evaluations were conducted on 

CIFAR-100, ImageNet, CUB200-2011, Pascal VOC, and MS-COCO datasets, using 

various CNN architectures and results showed that CutMix consistently outperformed 

state-of-the-art augmentation strategies in terms of classification accuracy, localisation 

performance, and transfer learning to object detection and image captioning tasks. 

 

Feature spacing is an additional image augmentation technique commonly employed within 

the learned space, involving the creation of a fresh dataset through insights gathered during 

the training phase. DeVries et al. [129] proposed a domain-agnostic strategy for dataset 

augmentation, conducting transformations within a learned feature space rather than the 

input space. Specifically, these transformations were carried out in the context vector space 

generated by sequence-to-sequence models. Starting from the existing dataset, the authors 

applied straightforward transformations, including noise addition, interpolation, or 
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extrapolation, after identifying the 10 nearest in-class neighbours through a search in the 

learned feature space. This methodology was exemplified using the Arabic digits dataset. 

While the proposed augmentation approach exhibited utility, the author's findings indicated 

that the interpolation technique often led to undesirable overfitting of the model. 

 

Additionally, Li et al. [130] proposed a feature space augmentation method named 

"moment exchange (MoEx)," which harnessed moment information (mean and standard 

deviation) derived from learned features in recognition models for dataset normalisation 

and augmentation. The authors accomplished this by substituting the moments of learned 

features from one training image with those from another image, while simultaneously 

interpolating the target labels within the feature space. Experiments conducted on various 

recognition benchmark datasets using diverse models consistently revealed enhancements 

in the generalisation capacity of the baseline networks. However, similar to all feature space 

image augmentation techniques [131,132], these methods entail computational complexity. 

They require preliminary model training to accumulate useful information within the 

feature space, which is a computationally demanding process, before augmentation can be 

performed, followed by retraining the model using both the original and augmented data. 

 

Although image augmentation is an important image preprocessing technique, it can be 

very computationally demanding and there is also a need to be aware of the safety during 

the augmentation process to avoid losing the original features of the original image dataset 

[133,134]. 

 

2.4 AUTOMATIC EXTRINSIC CALIBRATION 

Multi-sensor fusion requires accurate synchronisation of sensors to align their orientation, 

position, and timing. This reduces the error caused by inaccurate calibration of different 

sensors in a fusion framework. Calibration is the process of finding intrinsic and extrinsic 

parameters for each sensor, which affect the quality and consistency of sensory data [135]. 
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Calibration is important for subsequent processing stages, such as sensor fusion, obstacle 

detection, localisation, mapping, and control systems. Intrinsic calibration determines the 

internal mapping of a sensor, while extrinsic calibration establishes a common spatial 

coordinate system for multiple sensors. Sensors usually have factory calibration, but 

extrinsic calibration is more challenging and crucial for multi-sensor fusion. Various 

calibration methods have been proposed, such as feature-based, motion-based, and 

learning-based calibration [136]. 

 

Extrinsic calibration among multi-modal sensors requires synchronised timestamps, which 

can be obtained by hardware or software methods. Hardware synchronisation uses a shared 

clock, usually based on GPS time, to align timestamps from different sensors, but it may 

have errors or delays due to varying sampling frequencies. Software synchronisation 

assigns a timestamp to each sensor measurement, using frequency information from various 

sources, and corrects the synchronisation errors by relating to the lowest frequency sensor 

[137–139] or applying a least-squares method [137,140,141]. 

 

The most common calibration technique is the featured-based calibration technique. This 

technique is quite straightforward and uses a direct or indirect target to establish extrinsic 

calibration for multi-modal sensors. Direct target-based calibration involves using a special 

control field and a ground truth target to determine the sensor poses relative to the reference 

frame. This can be done using techniques such as checkerboard (e.g. a chessboard) 

calibration [142,143], pattern-based calibration [144] and Trihedron target calibration 

[145]. A series of target-based extrinsic calibration approaches of an image sensor 

(charged-coupled devices, CCD camera) on a robot was proposed by the authors in [143], 

which entailed determining the sensor's position and orientation. Three distinct classes of 

calibration procedures were introduced, labelled as A, B, and C, all relying on closed-form 

solutions using a checkerboard target. Class A demanded a precalibrated reference object, 

while Class B leveraged the robot's mobility and necessitated a reference frame. Class C, 

however, did not require a reference object but relied on a visible point. The Tsai-Lenz 

[146] and Shiu-Ahmad [147] methods were utilised as existing B-type calibration 
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techniques and validated against real data. The experimental setup involved mounting a 

CCD camera on a robot and utilising a 2-D grid template for testing the Class B calibration. 

Results highlight that Class A's calibration yields biased outcomes without error-free pre-

calibration, while Class B and C procedures show successful testing. The Tsai-Lenz method 

demonstrates the smallest average standard deviations. The authors acknowledged 

limitations, including the requirement for error-free pre-calibration in Class A and the 

challenge of an underdetermined nonlinear system in calibration, necessitating the 

manipulator's displacement at least twice to solve rotation angle ambiguities. 

 

Another checkerboard approach for the calibration of multi-model sensors was proposed 

for a camera and laser range finder [142]. The authors focused on capturing a planar 

checkerboard pattern and subsequently establishing correlations between the pattern's 

views captured by the camera and the laser range finder using a direct solution to minimise 

algebraic errors arising from these constraints. This is followed by a nonlinear refinement 

phase, to further mitigate re-projection errors. The experiment encompassed diverse 

scenarios involving varying numbers of checkerboard poses, different orientations of the 

checkerboard plane, and fine-tuning of camera intrinsic parameters. The estimated extrinsic 

parameters were compared to the ground truth values and quantifying errors in camera 

orientation and position. Results showed enhanced calibration accuracy and reduced 

variance in estimating intrinsic camera parameters. However, the authors acknowledged 

certain limitations, notably the omission of factors such as the decline in laser points as 

angles increase and potential accuracy issues in corner detection due to foreshortening. This 

is similar to the limitations presented by Kim et al. [148] which also proposed a checkboard 

calibration approach by projecting the corners of the 2D chessboard image onto a 3D space. 

The authors acknowledged that the calibration results are unreliable for calibration object 

distances surpassing 5 meters. 

 

A pattern-based target calibration object approach was proposed by Rodriguez et al. [144] 

for combining a multi-layer lidar and a CCD camera to achieve precise relative sensor pose 

estimation, incorporating confidence information into the calibration, minimising the 
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calibration target size, leveraging multi-layer lidar data, and conducting an in-depth 

analysis of calibration errors and confidence intervals. This was achieved by a circle-based 

target pose estimation, rigid transformation computation, and error-confidence analysis. To 

enhance robustness, a maximum likelihood (M) estimator algorithm and the Levenberg-

Marquardt (LM) algorithm for weight computation and parameter refinement were 

employed. Real-world and simulated scenarios results showed the efficacy of the 

calibration method. Although no limitations were highlighted in the paper, the LM 

algorithm [149] is a combination of the Gauss-Newton algorithm and the gradient descent 

algorithm, is an iterative process that adjusts the step size during each iteration to balance 

between the efficiency of the Gauss-Newton method and the robustness of the gradient 

descent method. This algorithm is common for having the drawback of being stuck in local 

minima and being computationally expensive. 

 

Despite the well-established accuracy and reliability of the target-based calibration method, 

its manual execution can be a laborious task, impeding calibration accuracy. The commonly 

employed error correction algorithms are iterative and computationally demanding, 

prompting the exploration of alternative targetless or target-of-opportunity calibration 

techniques. The targetless method also referred to as indirect target, automatic extrinsic, or 

targetless-based calibration, exploits existing objects within the captured environment to 

estimate extrinsic calibration parameters. This method is termed "targetless" due to its 

independence from specific, manually set calibration targets. Motion-based and learning-

based calibrations are also classified under targetless calibration, with each addressing the 

calibration error problem using a distinct technique. For instance, in 2011, a notable 

advancement was made by Carrera et al. [150] in the domain of multi-camera calibration. 

They introduced a SLAM-based approach for the extrinsic auto-calibration of fixed multi-

camera setups, extending its utility even to camera setups with non-overlapping views. This 

was a significant breakthrough because non-overlapping views pose challenges due to the 

reduced environmental information available and its incompatibility with point registration 

algorithms to directly establish equivalent points across overlapping camera frames.  
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Some researchers [151–153] proposed automating the target-based calibration approaches 

by eliminating the need for user intervention during the calibration process, although an 

artificial target was used. For instance, although Sim et al. [151] used a checkerboard, the 

approach is considered indirect because it does not directly find corresponding features in 

the LiDAR and camera data. Instead, it estimates the extrinsic calibration parameters by 

minimising the distance between corresponding features projected onto the image plane. 

The algorithm uses a v-shaped calibration target with edge and centerline features, and the 

distance between these features is minimised to estimate the calibration parameters. 

 

Guindel et al. [152] and Beltrán et al. [153] automated the pattern-based calibration using 

algorithms to perform extrinsic calibration of lidar-stereo camera pairs without user 

intervention, i.e. extracts corners, edges and/or lines from the target with additional markers 

on the checkerboard using algorithms like plane segmentation (usually using RANSAC 

algorithm or its variance) for point clouds and somethings for image or some other edge or 

plane segmentation algorithm for images, the Levenberg-Marquardt (LM) algorithm for 

parameter refinement, a point registration algorithm to establish optimal rigid 

transformation between the extracted planes from images and point clouds and optimisation 

algorithms to make the approach more robust to errors. The authors highlighted that the 

calibration approach is designed to handle the constraints commonly found in automotive 

setups, such as low-resolution and specific sensor poses. 

 

Davison et al. [154] proposed an automatic motion-based calibration to capture 

synchronised video streams during the robot's traversal through unprepared environments. 

The captured video sequences were individually processed using an adapted version of the 

MonoSLAM algorithm, culminating in refined maps and feature correspondences. These 

outputs undergo further refinement and alignment through bundle adjustment, ultimately 

facilitating global optimisation for the estimation of relative camera poses. Results showed 

the method's proficiency in a four-camera setup, evidenced by smaller differences between 

the method's output and the commercial software's results. However, the authors 

acknowledged the potential constraints of global optimisation in specific scenarios such as 
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occluded and complex terrains. Furthermore, the construction of an environment map for 

each camera before bundle adjustment is a computational caveat. 

 

Moghadam et al. [155] proposed a targetless line-based extrinsic calibration of range and 

image sensors using 3D and 2D line feature extraction and matching techniques for range 

and image respectively in the absence of external artificial targets. This novel algorithm 

capitalises on the inherent linear features present within the scene to accurately determine 

the rigid transformation between the sensors' coordinate frames. To achieve this, the 

technique involves a dual approach of extracting 3D lines from the point cloud and 2D line 

segments from the image, followed by establishing correspondence between them. For the 

2D image line extraction, the process utilises the Canny edge detector along with 

conventional morphological operations to discern dominant edge features within the input 

images. Subsequently, the Hough Transform technique is employed to identify potential 

line segments from the extracted edge features. 

 

To extract the 3D lines, the point cloud data is organised via a kd-tree structure, and the 

region-growing segmentation technique is employed to extract lines from the point cloud. 

Two distinct types of 3D lines are extracted: line segments originating from the 

intersections of two planes, and linear features situated at the boundaries of planes. To 

establish correspondence between 2D image lines and 3D point cloud lines, a point 

registration technique is employed. The nonlinear least squares optimisation technique 

enabled the accurate estimation of relative translation and rotation between the coordinate 

frames of the sensors. Although the algorithm showed promising results and is not limited 

to particular types or configurations of sensors, the region-growing algorithm can be a 

resource-intensive process and the overall accuracy of the calibration is dependent on the 

accuracy of the line detection for both sensors. This approach is similar to the approach of 

calibration using multiple natural targets in the environment like line and plane 

correspondence by Zhou et al. [156]. 
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Pandey et al. [157] proposed a method to achieve automatic extrinsic calibration between 

the lidar and an optical camera system using the maximising mutual information derived 

from surface intensities measured by the sensors. It is a data-driven approach that 

eliminates the need for fiducial calibration targets. To achieve this the Cramér-Rao lower 

bound (CRLB), was computed for estimated calibration parameter variance. The algorithm 

relies on a mutual information (MI)-based cost function and leverages a kernel density 

estimate for a probability distribution. Results showed that the proposed estimator serves 

as an unbiased, minimum variance estimate for calibration parameters. Remarkably, the 

mean error tends toward zero as the amount of calibration data increases. Although the 

authors did not indicate any drawbacks, the success of this approach is dependent on its 

ability to accurately measure surface intensities which could be misleading in low 

illumination or the presence of reflected surfaces. Furthermore, the accuracy increases with 

data therefore it can be CPU intensive to guarantee its efficiency. 

 

Yang et al. [158] highlighted the need for continuous refinement of automatic calibration 

by introducing an online refinement process. The study proposed a rapid deployment of 

monocular visual-inertial systems (VINS) through the utilisation of the natural visual 

features in the environment. A monocular VINS pipeline incorporating IMU preintegration 

and nonlinear VINS with calibration refinement was presented consisting of three key 

phases: estimating camera-IMU rotation, recovering camera-IMU translation and other 

navigation parameters, and optimising the complete 6-DOF camera-IMU calibration. This 

was achieved using a combination of linear sliding window estimation, nonlinear 

optimisation, and continuous refinement. Results indicated the method's ability to achieve 

highly accurate calibration of the camera-IMU transformation, with errors notably below 

0.02 m in translation and 1° in rotation. However, specific techniques employed for this 

online refinement are not detailed. Moreover, the efficiency of this method is dependent on 

its ability to continuously access the internet update environment's natural visual features. 

 

The advancement of deep learning has brought about a paradigm shift in various fields 

including robotic perception. The use of machine learning for calibration is generally 
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referred to as learning-based calibration. Machine learning has led researchers to propose 

robust frameworks/pipelines and tools for multi-sensor calibration. For instance, CalibNet, 

a geometrically supervised extrinsic calibration using 3D spatial transformer networks was 

proposed by Iyer et al. [159] to develop a self-supervised deep network for accurate 

estimation of 6-DoF rigid body transformation between the LiDAR and camera without 

relying on special targets or human intervention. CalibNet uses a 3D Spatial Transformer 

network to learn to solve the calibration problem by leveraging geometric and photometric 

consistency. The network was trained using RGB images and miscalibrated depth maps 

obtained by projecting point clouds onto the camera plane. The network is trained to 

minimise the photometric and point cloud distance losses. Results showed that CalibNet 

can correct for miscalibration up to -20 degrees in rotation and -0.2 meters in translation, 

with low mean absolute errors. CalibNet, however, requires large amounts of data and good 

motion estimates for accurate results, which could limit its applicability to offline scenarios. 

 

Lv et al. [160] also proposed a CNN-based LiDAR-camera extrinsic calibration technique 

to enhance the effectiveness of CNN-based approaches for LiDAR-camera calibration by 

incorporating correspondences across various locations. This is achieved by integrating a 

correlation layer to facilitate matching capabilities and outlining a calibration flow to depict 

the initial projection's deviation from the ground truth. This guides the estimation of 

extrinsic parameters using the EPnP algorithm within the RANSAC framework. The 

performance of CFNet was evaluated on two public datasets, KITTI and KITTI360, and 

demonstrates its superiority over state-of-the-art CNN-based methods in terms of 

calibration accuracy. However, details on its applicability to real-time calibration were not 

discussed. 

 

Table 2-2 Summary of extrinsic calibration techniques 

Reference Calibration 

Technique 

Advantage Disadvantage 

[142,143,148], Checkerboard 

calibration 

Mid-high accuracy Tedious process and can be 

resource-intensive. 
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[144] Sphere-based Robust and mid-

high accuracy 

Can be a tedious process 

and can be computationally 

expensive 

[150] Motion-based Low-mid accuracy May require continuous 

calibration 

[151–153] Automatic 

(Automating the 

target-based 

calibration) 

Low-mid accuracy May require continuous 

calibration 

[154] Motion-based Low-mid accuracy Can have a global 

optimisation problem in 

complex terrain. Can be 

CPU intensive 

[157] MI-based Low-mid accuracy Accuracy is dependent on 

data and Intensity values 

can be misleading. 

[158] Online-based Low-mid accuracy Accuracy is dependent on 

visual features and internet 

availability 

[159,160] Learning-based Low-mid accuracy A large amount of training 

data, and its applicability in 

real-time calibration 

 

2.5 MULTI-SENSOR FUSION TECHNIQUES 

Autonomous navigation requires the mobile robot to perceive, recognise, and map the 

surrounding objects and obstacles, as well as to plan and execute optimal paths to reach its 

goals. To achieve autonomous navigation, robots often rely on multiple sensors that provide 

different types of information, such as image sensors, which include stereo, monocular, 

wide area, and fish-eye, 2D Laser scanners and 3D LiDAR sensors, RaDAR sensors, 

ultrasonic sensors, IMUs, GNSS/GPS, and wheel encoders [161–163]. Multi-sensor fusion 
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techniques are essential for precise positioning and state estimation of mobile robots. These 

techniques involve collecting data from multiple sensors and fusing them to improve the 

accuracy and reliability of the perception and navigation of mobile robots. The fusion 

process involves analysing and screening the signal quality of sensors, filtering, and 

processing sensor information to reduce noise, and fusing data from multiple sensors. 

 

The fundamental purpose of multi-sensor fusion is to accurately determine the robot's 

location to which the sensor is mounted or infer its location by relying on some known 

landmarks in the environment relative to the sensor, and finally identifying obstacles in the 

environment that could obstruct the smooth navigation of the robot the sensors are mounted 

on [164]. Once this has been successfully achieved, a mapping of the environment [165–

168] can be achieved and the most optimised path for the motion of the robot can also be 

achieved [169,170]. 

 

Multi-sensor fusion can be broadly divided into three main categories according to the 

fusion technique applied; early fusion, intermediate fusion, and late fusion [161–163]. 

Early sensor fusion involves combining raw data obtained from different sensors to create 

a more informative representation of the environment or the phenomenon under 

observation. Intermediate sensor fusion involves extracting relevant features from the raw 

data of each sensor and then combining them to form a unified feature vector or matrix. 

Late sensor fusion involves making independent decisions from each sensor data and then 

combining them to obtain a final decision or output [21,135]. 

 

Some authors categorise multi-sensor fusion into centralised and decentralised fusion 

architecture. Centralised fusion architecture involves the integration of data from multiple 

sensors at a central location, while decentralised fusion architecture involves the integration 

of data from multiple sensors at different levels for different tasks, in a distributed manner. 

Decentralised fusion architecture is mostly adopted in mobile robots for assisted 

navigation. Although multi-sensor fusion is divided into three main categories, the 

techniques like the Kalman filter, and Dempster-Shafer theory used for fusion are employed 
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across the different categories [171]. These categories are not clearly distinguished by some 

authors, especially when the hybrid multi-sensor fusion approach is applied. This is 

particularly common in a decentralised sensor fusion architecture, where fusion happens in 

a decentralised manner. 

 

2.5.1 Probabilistic-based techniques 

Probabilistic-based fusion techniques are methods that combine sensor data based on 

probabilities of relevance calculated from the performance of the individual sensors. These 

techniques are based on probabilistic models that use statistical methods to estimate the 

state of the system based on the data from the sensors. These techniques have been applied 

to various domains such as information retrieval, text processing, and multisensor 

environments. Probabilistic-based fusion techniques aim to improve the quality and 

reliability of the fused data by taking into account the uncertainty and variability of the 

source data. Probabilistic-based fusion techniques include Hidden Markov Models 

(HMMs), Conditional Random Fields (CRFs), Kalman filter (KF) and its variants, Monte 

Carlo Models (MCMs) and Particle filter (which is a variant of MCMs, also called 

sequential filtering). 

 

Bayesian filtering is the most common technique used by probabilistic-based fusion 

algorithms and it uses Baye’s theorem to estimate the probability of a state given the 

observations. HMMs [172–174] and CRFs [175,176] are examples of Bayesian filters 

(BFs). KF and its variants are also a type of BF that uses recursive Bayesian filtering to 

estimate the state of a system based on noisy measurements [177–180]. The MCMs [181] 

and Particle filters [182] are another type kinds of BFs that use random sampling techniques 

to approximate the posterior distribution of the state given the observations. By training 

these filters on a set of data, the algorithm’s parameters are optimised to accurately estimate 

the state of the system based on the observations. 

 

These filters are based on Baye’s theorem, which is a formula that expresses the conditional 

probability of an event given some evidence. The Bayes’ theorem can be written as: 
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𝑃(𝐴|𝐵) =
𝑃(𝐵|𝐴)𝑃(𝐴)

𝑃(𝐵)
                                                                                                     (2.1) 

where 𝑃(𝐴 ∣ 𝐵) is the posterior probability of event 𝐴 given evidence 𝐵, 𝑃(𝐵 ∣ 𝐴) is the 

likelihood of evidence 𝐵 given event 𝐴, 𝑃(𝐴) is the prior probability of event 𝐴, and 𝑃(𝐵) 

is the marginal probability of evidence 𝐵.  

 

The Kalman filter is a probabilistic model that estimates the state of a linear system from 

noisy and inaccurate measurements over time, by solving the linear-quadratic-Gaussian 

problem. The filter uses Bayesian inference to update the state recursively in two stages: 

prediction also known as the likelihood of evidence or prior probability and correction also 

known as the posterior probability. In the prediction stage, the filter uses the system 

dynamics model to forecast the next state. It uses the state transition function, 𝐹𝑘 and the 

control input, 𝐵𝑘 to project the state, 𝑥̂𝑘|𝑘−1 and its error covariance, 𝑃𝑘|𝑘−1 to the next time 

step. In the correction stage, based on the new observation, the filter uses the measurement 

model to refine the predicted state, 𝑥̂𝑘|𝑘  and covariance, 𝑃𝑘|𝑘  using a weighted average 

called the Kalman gain, 𝐾𝑘. The filter repeats these stages for each new measurement. The 

main drawback of the Kalman filter is that it assumes linearity and normality of the system 

and the noise. It also assumes that the noise is white and Gaussian [178,180]. The KF can 

be seen as a generative model which has an identical structure to the HMM, except that the 

discrete state and observations are replaced with continuous variables sampled from 

Gaussian distributions. To handle non-linearity, the Extended Kalman Filter (EKF) was 

developed. It linearises the system around the current state estimate using the first-order 

Taylor series. However, this approximation is only valid for small deviations and does not 

fully address the non-linearity. KF can be expressed mathematically as: 

Predict: 

𝑥̂𝑘|𝑘−1 = 𝐹𝑘 𝑥̂𝑘−1|𝑘−1 + 𝐵𝑘  𝑢𝑘                                                                                        (2.2) 
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𝑃𝑘|𝑘−1  =  𝐹𝑘𝑃𝑘|𝑘−1𝐹𝑘
𝑇  +  𝑄𝑘                                                                                             (2.3) 

Correct: 

𝐾𝑘 = 𝑃𝑘|𝑘−1𝐻𝑘
𝑇  (𝐻𝑘𝑃𝑘|𝑘−1𝐻𝑘

𝑇 + 𝑅𝑘)
−1

                                                                         (2.4) 

𝑥̂𝑘|𝑘 = 𝑥̂𝑘|𝑘−1 + 𝐾𝑘(𝑦𝑘 − 𝐻𝑘  𝑥̂𝑘|𝑘−1)                                                                             (2.5) 

𝑃𝑘|𝑘  =  (𝐼 − 𝐾𝑘𝐻𝑘)𝑃𝑘|𝑘−1                                                                                               (2.6) 

where: 

 𝑥̂𝑘|𝑘−1 is an estimate of 𝑥 at time 𝑡 = 𝑘 given measurements up to time 𝑡 = 𝑗. 

 𝐹𝑘 is a state transition matrix that describes how to evolve 𝑥 from time 𝑡 = 𝑘 − 1 

to time 𝑡 = 𝑘 in the absence of control inputs. 

 𝐵𝑘 is a control-input matrix that describes how control inputs affect 𝑥. 

 𝑢𝑘 is a control input vector at time 𝑡 = 𝑘. 

 𝑃𝑘|𝑘−1 is an estimate of the error covariance matrix at time 𝑡 = 𝑘 given 

measurements up to time 𝑡 = 𝑗. 

 𝑄𝑘  is a process noise covariance matrix that describes how much noise is added due 

to process dynamics. 

 𝐾𝑘 is a Kalman gain matrix that determines how much weight should be given to 

measurements in the correction stage. 

 𝑦𝑘  is a measurement vector at time 𝑡 = 𝑘. 

 𝐻𝑘  is a measurement matrix that maps true state space into measurement space. 

 𝑅𝑘  is a measurement noise covariance matrix that describes how much noise is 

added due to measurement errors. 

The prediction stage predicts what will happen next, i.e. at the time 𝑡 = 𝑘 based on previous 

estimates i.e. at time 𝑡 = 𝑘 − 1, while the correction stage corrects these estimates based 

on new measurements. The Kalman gain, 𝐾𝑘 determines how much weight should be given 
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to measurements in the correction stage. The process noise covariance matrix, 𝑃𝑘|𝑘−1  

describes how much noise is added due to process dynamics, while the measurement noise 

covariance matrix, 𝑃𝑘|𝑘  describes how much noise is added due to measurement errors. 

 

The Unscented Kalman Filter (UKF) is a recursive Bayesian filtering algorithm that 

estimates the state of a nonlinear system from noisy and inaccurate measurements over 

time. It deals with non-linearity by using a deterministic sampling technique called 

unscented transformation (UT) to select a minimal set of sample points, called sigma points 

around the mean. The sigma points are then propagated through the nonlinear functions, 

from which a new mean and covariance estimate are then formed. The UKF avoids the 

need to linearise the system or compute Jacobians, which can introduce errors or be 

computationally expensive. The UKF was proposed to overcome the limitations of the KF 

and EKF. The UKF does not require linearisation, which makes it suitable for nonlinear 

systems described by the state-space model. The UKF can be expressed mathematically as 

follows [183]: 

Predict: 

𝑥̂𝑘|𝑘−1 =  𝑓(𝑥̂𝑘−1|𝑘−1)  +  𝑊𝑘−1                                                                                       (2.7) 

𝑃𝑘|𝑘−1 =  𝐸 [(𝑥̂𝑘|𝑘−1 − 𝑥̅𝑘)(𝑥̂𝑘|𝑘−1 − 𝑥̅𝑘)
𝑇
] + 𝑄𝑘−1                                                (2.8) 

Correct: 

𝑦̂𝑘 =  ℎ(𝑥̂𝑘|𝑘−1) + 𝑉𝑘                                                                                                          (2.9) 

𝑆𝑘 =  𝐸[(𝑦̂𝑘 − 𝑦̅𝑘)(𝑦̂𝑘 − 𝑦̅𝑘)𝑇] + 𝑅𝑘                                                                            (2.10) 

𝐶𝑘 = 𝐸[(𝑥̂𝑘|𝑘−1 − 𝑥̅𝑘)(𝑦̂𝑘 − 𝑦̅𝑘)𝑇]                                                                               (2.11) 

𝐾𝑘 = 𝐶𝑘𝑆𝑘
−1                                                                                                                         (2.12) 
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𝑥̂𝑘|𝑘 = 𝑥̂𝑘|𝑘−1 + 𝐾𝑘(𝑦̂𝑘 − 𝑦̅𝑘)                                                                                         (2.13) 

𝑃𝑘|𝑘 = 𝑃𝑘|𝑘−1 − 𝐾𝑘𝑆𝑘𝐾𝑘
𝑇                                                                                                   (2.14) 

where: 

 𝑥̂𝑘|𝑘−1 is an estimate of 𝑥 at time 𝑡 = 𝑘 given measurements up to time 𝑡 = 𝑗. 

 𝑓 is a state transition function that describes how to evolve 𝑥 from time 𝑡 = 𝑘 − 1 

to time 𝑡 = 𝑘 in the absence of control inputs. 

 𝑊𝑘−1 is a process noise vector that describes how much noise is added due to 

process dynamics. 

 𝑃𝑘|𝑘−1 is an estimate of the error covariance matrix at time 𝑡 = 𝑘 given 

measurements up to time 𝑡 = 𝑗. 

 𝐸 denotes the expected value. 

 𝑥̂𝑘 is the mean of sigma points at time 𝑡 = 𝑘. 

 𝑄𝑘−1 is a process noise covariance matrix that describes how much noise is added 

due to process dynamics. 

 ℎ is a measurement function that maps true state space into measurement space. 

 𝑉𝑘  is a measurement noise vector that describes how much noise is added due to 

measurement errors. 

 𝑦̂𝑘  is a measurement vector at time 𝑡 = 𝑘. 

 𝑦̅𝑘  is the mean of predicted measurement sigma points at time 𝑡 = 𝑘 

 𝑅𝑘  is a measurement noise covariance matrix that describes how much noise is 

added due to measurement errors. 

 𝑆𝑘  is an innovation covariance matrix at time 𝑡 = 𝑘 given measurements up to time 

𝑡 = 𝑗. 

 𝐶𝑘 is a cross-covariance matrix at time 𝑡 = 𝑘 given measurements up to time 𝑡 = 𝑗. 

 

The Particle filter (PF), also known as sequential Monte Carlo (SMC) filtering, is a 

recursive Bayesian filtering algorithm that estimates the state of a nonlinear system from 
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noisy and inaccurate measurements over time. The PF finds a group of random particles 

propagating in the state space to describe the state of the system. It uses a set of random 

samples also called particles with associated weights to represent the posterior distribution 

of the state. The PF applies to any nonlinear system described by the state-space model, 

and its accuracy approaches optimal estimation. It can adapt to nonlinear and non-Gaussian 

systems well and has no restrictions on measurement and processing noises.  

 

The particles are updated using two steps: prediction and correction. In the prediction stage, 

the filter uses the state transition function and some process noise to move the particles to 

the next time step. In the correction stage, based on the new observation, the filter uses 

Bayes’ rule to update the weights of the particles. The PF can handle multimodal 

distributions and non-Gaussian noise, but it may suffer from particle depletion or 

degeneracy. The PF is considered a solution to the limitations of the Kalman filter (KF) 

and its variants, but this comes at a computational cost, especially in high-dimensionality 

state spaces [184,185]. 

 

PF can be applied by utilising Monte Carlo (MC) simulation and integration to represent 

the state posterior probability distribution function, 𝑝(𝑥𝑘|𝑦1:𝑘), with the help of a set of 

𝑁 ∈ ℕ particles 𝑥𝑘
𝑖 , 𝑖 = 1, 2,… . 𝑁, with corresponding weights 𝑤𝑘

𝑖 , 𝑖 = 1, 2,… . 𝑁. Then, 

𝑝(𝑥𝑘|𝑦1:𝑘) can be approximated by the discrete mass probability distribution of the 

weighted particles, {𝑥𝑘
𝑖 }

𝑖=1

𝑁
 as: 

 

𝑝(𝑥𝑘|𝑦1:𝑘) ≈  ∑𝑤𝑘
𝑖 𝛿(𝑥𝑘 − 𝑥𝑘

𝑖 )

𝑁

𝑖=1

                                                                                  (2.15) 

where 𝑥𝑘 is the state of the system at time 𝑘, 𝑦1:𝑘 are the measurements up to time 𝑘, 𝑤𝑘
𝑖  

are the weights associated with each particle, and 𝛿(𝑥𝑘 − 𝑥𝑘
𝑖 ) is a Dirac delta function 

centered at 𝑥𝑘
𝑖 , which represents the discrete mass probability distribution of the 𝑖-th 

particle. As 𝑝(𝑥𝑘|𝑦1:𝑘), is usually unknown; this MC simulation is based on importance 
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sampling, namely a known probability (importance) density, 𝑞(𝑥𝑘|𝑦1:𝑘) which is usually 

used to represent 𝑥𝑘
𝑖 , and 𝑤𝑘

𝑖  is represented as: 

 

𝑤𝑘
𝑖 ∝ 𝑤𝑘−1

𝑖
𝑝(𝑦𝑘|𝑥𝑘

𝑖 )𝑝(𝑥𝑘
𝑖 |𝑥𝑘−1

𝑖 )

𝑞(𝑥𝑘
𝑖 |𝑥𝑘−1

𝑖 , 𝑦𝑘)
                                                                                    (2.16)  

To reduce the degeneracy of the particle set and improve the approximation of the posterior 

distribution, resampling is needed to get the effective number of particles. The effective 

number of particles is defined as: 

𝑁𝑒𝑓𝑓 =
1

∑ (𝑤𝑘
𝑖 )

2𝑁
𝑖=1

                                                                                                            (2.17) 

 

There are different methods for resampling, such as multinomial, stratified, systematic, or 

residual resampling [186,187]. 

 

Many Bayesian filtering methods have been proposed by researchers for the fusion of 

multiple sensors. For instance, He et al. [188] proposed a hidden Markov model (HMM) 

framework for the probabilistic fusion of multiple sensors within a hidden Markov model 

(HMM) framework for user positioning on mobile devices, for indoor scenarios. Motion 

sensors, lidar and cameras, and WiFi RSSI were fused to estimate the user's positioning in 

an indoor scenario. A graph structure was used for storing the model constructed by 

multiple sensors during offline training and developing a multimodal particle filter for 

seamless information fusion during online tracking.  

 

The result of this technique was promising; however, it was an indoor-based experiment 

implemented on the iOS platform and the authors acknowledged that it would need to be 

executed with state-of-the-art indoor positioning methods. Yang et al. [189] proposed a 

two-stage multi-sensor fusion positioning system with seamless switching for a cooperative 
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mobile robot and manipulator system. Ultrasonic sensors were fused with inertia 

measurement units (IMU) using an extended Kalman filter (EKF), and detection of an 

ArUco marker with a visual sensor. A positioning-switching strategy is implemented based 

on the state of the visual sensor, allowing the robotic manipulator to reposition the mobile 

robot seamlessly. This proposed approach, like most applications of Bayesian filters for 

multi-sensor fusion [190,191] that are used for positioning or the SLAM process, requires 

each sensor to be able to provide meaningful measurement information about the position 

of the robot before they are used to fuse and estimate position. Therefore, the success of 

the positioning system, when used with vision sensors is dependent on the efficient 

localisation of known landmarks by visual sensors. 

 

For this reason, Obando-Ceron et al. [192] proposed the use of CRFs to model with multiple 

geometry and appearance potentials for estimating dense depth maps from camera and 

LiDAR data. The model fuses raw sensor streams at a low level, resulting in dense and 

precise depth estimates that can be used as a unified multi-modal data source for higher-

level estimation problems. The proposed method is evaluated using the KITTI benchmark 

dataset. The proposed method is compared with state-of-the-art techniques using the KITTI 

dataset, and its performance is evaluated in terms of depth estimation accuracy. 

 

2.5.2 Learning-based techniques 

Deep learning-based fusion techniques, particularly convolutional neural networks 

(CNNs), recurrent neural networks (RNNs), long short-term memory (LSTM) networks 

and transformers have gained significant attention, over the past decade, due to their ability 

to identify complex patterns in achieving feature-level and pixel/early fusion of multi-

sensors for mobile robots. CNNs excel in image and video data fusion tasks, while RNNs 

are effective for sequential data fusion from sensors like IMUs. 

 

Many researchers have proposed various architectures and attention mechanisms, to 

capture spatial and temporal dependencies for multi-sensor fusion. This includes 

approaches that process information from individual sensors individually before fusing 
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them, projecting raw LiDAR or RaDAR point cloud onto the image plane and using deep 

learning techniques to perform a semantic representation of fused information [193–195], 

performing a 2D bounding boxes to 3D regression on objects detected in the image plane 

to estimate the 3D equivalent object localisation in image coordinate of the 2D detected 

images [196], using an attention mechanism to aggregate features extracted from multiple 

sensors and leave only important features for object detection [197–199] and several other 

early or feature-level fusion techniques.  

 

The proposed approaches by Dong et al. [193] and Zhuang et al. [194] are examples of 

sensor fusion by the projection of point cloud data from LiDAR and RaDAR onto images, 

see Figure 2-2. Dong et al. [193] developed a method for radar-camera association using 

deep representation learning and global reasoning. Radar points were clustered, and the 

centre of each object cluster was projected onto the corresponding image, using the camera 

and radar intrinsic and extrinsic matrices. The resulting image was trained using the ancho-

based RetinaNet object detection network. A loss sampling mechanism and an ordinal loss 

using a deep association by representation learning called AssociationNet were introduced 

to address imperfect labelling from the radar noisy measurements and enforce critical 

human-like reasoning. Reported results showed a performance of 92.2% F1 score, which 

is 11.6% higher than the rule-based teacher. However, this approach relies on the image to 

address the noisy radar measurement. Furthermore, object detection happens in the image 

plane which becomes an issue in the environment with low illumination. 

 

Zhuang et al. [194] introduced perception-aware losses to measure the perceptual 

difference between the two modalities (monocular camera and LiDAR). LiDAR point 

clouds were projected onto the image to provide station-depth information for the RGB 

image, a two-stream network to extract features from RGB images and point clouds 

separately and the extracted features were fused using effective residual-based fusion 

modules. Unlike [193] the projected image was used as a reference by the perception-aware 

multi-sensor fusion framework (PMF) to optimise the network that fuses the extracted 

perceptual features from the LiDAR-only and Camera-only Network.  
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Results showed that it outperformed the state-of-the-art method by 0.8% in mIoU on the 

nuScenes dataset. However, like the authors in [189], the reference image used for 

optimising multi-modal fusion is in the image frame. This is a major drawback because 

object localisation and position estimation are dependent on the camera view angle and 

field of view. 

 

The network by Chen et al. [195] is one of the early studies that propose a network for 

high-accuracy 3D object detection in autonomous driving scenarios. This study was a major 

contribution to deep learning-based fusion techniques for two major reasons: BEV 

representation of LiDAR 3D point clouds and 2D to 3D bounding box regression. The 

research also reiterated the importance of depth information for deep learning object 

localisation tasks. The MV3D network encodes the sparse 3D point cloud with a compact 

multi-view representation, like a BEV image or BEV map. It generates 3D object proposals 

from a bird's eye view (BEV) map and fuses multi-view features hierarchically for category 

classification and oriented 3D box regression. The network is trained in an end-to-end 

fashion using Stochastic Gradient Descent (SGD) with a learning rate of 0.001 for 100K 

iterations. Results showed that the MV3D network achieved superior performance when 

compared to the state-of-the-art methods in terms of 3D localisation, 3D detection, and 2D 

detection. It outperformed the existing methods by around 25% and 30% AP in 3D 

localisation and 3D detection tasks, respectively. The major drawback was the 

computational cost of using a region proposal network variant with the VGG-16. 

 

With the advent of vision transformers [200], many researchers have begun exploring the 

use of its attention for depth estimation, global context among the LiDAR and camera 

features and its robustness to sensor misalignment. Studies like [197–199] explored the use 

of transformers to capture global contextual information and improve driving performance. 

Chen et al. [199] used a modality-agnostic feature sampler (MAFS) to sample and fuse 

extracted features from each sensor. Proposal-based methods and feature projection-based 

methods for LiDAR and camera fusion were also incorporated.  
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(a) Project Radar points unto an image [193] 

 

(b) Projecting a Lidar point cloud unto an image [194] 

 

Figure 2-2 Projecting point clouds onto an image 
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Drews et al. [197] proposed InverseAug and LearnableAlign, for effectively aligning and 

fusing camera and lidar features in multi-modal 3D object detection. InverseAug inverses 

geometric-related augmentations to enable accurate geometric alignment, while 

LearnableAlign leverages cross-attention to capture correlations between image and lidar 

features during fusion. Results from these approaches showed their effectiveness in 

multimodal sensor fusion. However, like most vision transformers, performance increases 

and it becomes robust when trained on a huge dataset as compared to its CNN counterparts. 

This makes training with vision transformers computationally and memory expensive 

process [201]. 

 

The primary purpose of fusion via deep learning is to train the models to accurately relate 

the objects or landmark location in the sensor frame to the global or world coordinate 

system and align with other sensor modalities. This could be LiDAR, RaDAR, or camera 

image. Many studies approach this without the need to use the intrinsic or extrinsic 

parameters of the sensors, however, because these approaches are entirely data-dependent 

their robustness is limited to the data used for training the model. More recently, many 

researchers have approached this problem as a unified BEV problem and have explored the 

use of deep learning techniques in achieving a unified BEV for multimodal sensors. 

 

2.5.3 Unified BEV for multi-sensor fusion techniques 

Although the use of transformers to develop BEV semantic images has been explored [202–

205], this section will focus on research that employs multi-layer perceptron (MLP) 

networks for transforming monocular images to BEV fusion of images with other sensor 

modalities. The main drawback of the standard CNN network is that it does not excel in 

global context awareness-related tasks. As a result, they are not able to take into account 

the surrounding context of an object or landmark when making predictions, or decisions. 

This is one of the main attractive features that made the vision transformer [200], which 

was introduced in 2021, excel in view synthesis and view perceptive transformation tasks 

because of their self-attention mechanism. Before the use of vision transformers, MLPs 
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[206–216], the use of generative adversarial networks (GANs) [217] and time series 

networks like LSTMs [218,219] were used to address this limitation.  

 

Particularly, for view transformation in the field of autonomous driving, one major 

contribution that has led to other research [206–210,213,214] is the lift splat shoot (LSS) 

concept proposed in 2021 by Philion et al. [211]. The authors proposed an end-to-end 

architecture that extracts a bird’s-eye-view (BEV) representation able to learn how to fuse 

predictions from multiple cameras into a single cohesive representation of the scene while 

being robust to calibration errors. The proposed view transformation method lifts each 

image individually into a frustum of features for each camera and then splats all frustums 

into a rasterized BEV grid. LSS addressed the view transformation of monocular images as 

a rasterization problem.  

 

Inspired by the use of inverse perspective mapping (IPM) for view transformation 

[212,215] and particularly multi-view synthesis techniques [220,221], the intrinsic matrix 

of the camera is used to establish an approximate depth value for each pixel in the image 

and this is used to lift the 2D image to its equivalent 3D point cloud. A common BEV grid 

is created, and the lifted point cloud is splatted onto the BEV grid. The shooting aspect of 

this work is a test of its ability to perform motion planning i.e. to effectively localise objects 

and landmarks and use them for position estimation of the robot’s location in the 

environment. Motion planning is performed using the inferred BEV map to predict the 

trajectory for the ego vehicle i.e. the mobile robot on which the sensors are mounted. 

Although the result showed it was superior when compared to similar camera-only BEV 

representation, it was still not as efficient as methods that utilised depth information in view 

transformation tasks. Furthermore, this approach was a computationally intensive process 

due to the rasterization of each pixel. However, the authors introduced the quick cum sum 

and a data argumentation technique to improve computational cost and performance. 

 

A notable improvement to the LSS [211] concept was the BEVDepth concept proposed by 

Li et al. [210] which introduced a camera-awareness depth estimation module and a Depth 
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Refinement Module to improve the depth prediction accuracy of the LSS and address the 

inadequacy of the depth estimation in camera only approach. This module used explicit 

depth supervision like data from radar or lidar sensors to supervise the depth estimation of 

the camera and counter the side effects of imprecise feature unprojection. This was 

surprisingly successful and BEVDepth achieved a new state-of-the-art 60.9% NDS score 

on the challenging nuScenes test set while maintaining high efficiency. It is the first camera 

model to reach a 60% NDS score in the year 2022. This also highlights the importance of 

multi-sensor fusion especially the inclusion of a direct depth measurement sensor to 

complement the camera sensor which is rich in colour information and resolution. 

 

The BEVDepth contribution led many researchers to explore and propose many variants 

[206–209,213,214] of the LSS and BEVDepth architecture. One such is the BEVFusion 

[208], which fine-tunes existing approaches, reducing the computation cost of multi-sensor 

fusion models by half and improving accuracy on small and distant objects, as well as in 

rainy and night conditions. It diagnosed and lifted efficiency bottlenecks in the view 

transformation with optimised BEV pooling, reducing latency by more than 40×. It also 

introduced some notable image and LiDAR data augmentation techniques. BEVFusion 

achieved state-of-the-art results on the nuScenes detection benchmark, with higher mAP 

and NDS for 3D object detection and higher mIoU for BEV map segmentation compared 

to previous methods. It also demonstrates close-to-real-time inference speed on a desktop 

GPU. However, the authors highlighted that BEVFusion has performance degradation in 

joint multi-task training and has not fully unlocked the potential for larger inference 

speedup in the multi-task setting. 

 

The use of the sensor’s calibration matrix has also been explored by [212,215,216,222] as 

a viable approach to establishing robust and reliable models for global context awareness 

for view transformation of monocular camera images. These techniques use the well-

known computer vision concept called inverse perspective mapping (IPM) [223] as a 

baseline for training deep learning MLP networks to view the transformation of camera 

images to BEV images. This is further described in chapters 4 and 5 of this thesis. For 
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instance, a study by Roddick et al. [212] proposed in 2020, is an example of one of the 

earlier studies that explored this method for view transformation. The authors introduced a 

unified approach for estimating maps directly from monocular images using a single end-

to-end deep learning architecture. It adopts a semantic Bayesian occupancy grid framework 

𝑝(𝑚𝑖
𝑐|𝑧𝑡) based on Baye’s theorem used by Bayesian filters, as presented in section 2.4.1. 

This concept gained popularity in the deep learning community [224] in 2018 for the BEV 

maps, allowing information accumulation over multiple cameras and timesteps. It also 

incorporates ground plane estimation, road segmentation, and 3D object detection in the 

deep learning architecture. This approach is in line with the end goal of BEV multi-sensor 

for autonomous mobile robots, which is to create an estimated map of the robot’s 

environment and the location of the robot relative to the objects. It also uses two well-

known computer vision concepts i.e. the IPM [225] and the Bayesian occupancy grid 

[224,226] as the baseline of the network. Results showed a relative improvement of 9.1% 

and 22.3% compared to the best-performing existing method on the NuScenes and 

Argoverse datasets, respectively. 

 

Sim2Real [215] is another study that explored the use of the IPM approach to transform 

3600 camera image to BEV. This approach does not rely on manually labelled data and 

was trained on the CARLA synthetic dataset. The result showed its efficiency in achieving 

semantic BEV from images. However, its performance on real-world data is not explicitly 

mentioned. Further research [222] explored the use of just the IPM method for the front-

view monocular image to BEV panoptic semantic segmentation at a pixel level. Figure 2-

3 shows the Roddick et al. [212] architecture as an example of how camera to BEV is 

achieved. 

 

© Central University of Technology, Free State



49 
 

 

(a) Fusing multi-cameras to semantic BEV map using Bayesian occupancy grid 
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(b) Applying the IPM concept to extracted image features for a single image 

 

Figure 2-3 Architecture for Multi-image Fusion to BEV [212]  

 

2.5.4 IoT protocols and data management techniques for ACAMDs 

For an IoT framework to be deemed suitable for multi-sensor fusion which involves time-

sensitive networking, it needs to meet the following requirements: low latency, high 

throughput, and real-time processing capabilities amongst other requirements [227–231]. 

One of the IoT architectures that has been extensively explored and recommended for real-

time multi-sensor networks in smart cities is the edge architecture. This is because of its 

setup to allow data processing at the network's edge, which reduces latency and bandwidth 

usage [232–237]. For instance, the Cloudlet computing (CC) architecture which is the type 

of mobile cloud computing (MCC) [238], consists of small cloud infrastructures called 

cloudlets for performing data processing and storage close to the end devices. This in turn 

improves the idea of a decentralised multi-sensor fusion architecture and also improves 

security because it is difficult for a cyber attack to occur on all cloudlets at the same time. 

It also improves scalability as more cloudlets can be added to the entire architecture. 

 

Another example is the fog computing framework [239–241] that allows a huge number of 

heterogeneous (wireless and sometimes autonomous) ubiquitous and decentralised devices 

to communicate and potentially cooperate among themselves and with the network to 

perform storage and processing tasks without the intervention of third parties. De Donno et 
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al. [233] defined the fog computing network as a system-level horizontal architecture that 

distributes resources and services of computing, storage, control and networking anywhere 

along the continuum from Cloud to Things, thereby accelerating the velocity of decision-

making. This summarises the advantages of the fog network and its suitability for multi-

sensor fusion architecture. More details of the fog architecture for the IoT Framework are 

highlighted in chapter six of this report. 

 

2.6 CONCLUSION 

This chapter offers a comprehensive literature review on IoT-based multi-sensor fusion 

techniques for ACAMDs, with a focus on three critical aspects: sensor data preprocessing 

techniques, automatic extrinsic calibration methods, and multi-sensor fusion techniques. 

The existing body of work concerning sensor data preprocessing techniques encompasses 

various approaches aimed at noise reduction, enhancing sensor data quality, extracting 

pertinent information, and minimising resource consumption during the multi-sensor fusion 

process. Automatic extrinsic calibration techniques are designed to ensure accurate sensor 

synchronisation while harmonising their orientation, position, and temporal data 

acquisition. However, the selection of preprocessing and extrinsic calibration techniques 

depends on their intended application. Furthermore, the ongoing challenge lies in striking 

a balance between speed and performance. 

 

The multi-sensor fusion techniques subsection presents algorithms for effectively 

combining sensors, such as cameras and lidar sensors, to generate rich and dependable 

information for informed decision-making. Two prominent categories of techniques are 

probabilistic-based and learning-based methods. Additionally, a recent learning-based 

approach known as the unified bird's eye view (BEV) technique, was introduced. This 

approach employs deep learning techniques to fuse camera sensors with lidar or radar 

sensors, creating a unified top-down view suitable for Simultaneous Localisation and 

Mapping (SLAM) and autonomous navigation tasks. However, it is essential to note that 

while the BEV technique holds promise, it is still in the early stages of development, 
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requiring extensive testing and optimisation to fully realise its potential and applicability 

in real-time scenarios. 

 

Lastly, the chapter reviews IoT protocols and management techniques aimed at improving 

data latency in robotic communication networks. These protocols facilitate efficient data 

sharing among sensors or mobile robots.  
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CHAPTER 3: LIDAR POINT CLOUDS  

 

3.1 INTRODUCTION 

Light Detection and Ranging (LiDAR) sensor is a common sensor of choice for 

autonomous navigation systems (robots) to capture 3D point cloud information for 

perception tasks, like object detection and SLAM. This is because of its ability to capture 

accurate distance information about objects in the environment. This makes it a very crucial 

sensor for significantly improving the accuracy of depth perception and environmental 

mapping tasks. The fusion of Lidar data with other sensors enables more robust and reliable 

SLAM systems. 

 

This chapter explores the concept of LiDAR point cloud and its significance in the context 

of IoT-based multi-sensor fusion techniques for adaptive corporative assistive devices. The 

chapter presents the generation and processing of LiDAR point clouds, including the 

challenges associated with processing large amounts of data and segmenting point cloud 

information in complex terrain. Furthermore, it proposes a novel algorithm titled 

“FASTSEG3D: A Fast and Adaptive Ground Segmentation Method of 3D Point Cloud for 

the efficient segmentation of ground and non-ground points in complex environments. This 

algorithm would be used to process the lidar point cloud information before it is passed 

into the multi-sensor fusion architecture presented in chapter five. 

 

3.2 LIDAR POINT CLOUD 

LiDAR technology is a remote sensing system that captures spatial information about the 

environment by emitting laser beams and measuring the time it takes for the beams to return 

to the sensor. It uses the concept of time-of-flight measurement, which means that it 

calculates the distance to an object or surface by multiplying the speed of light by the time 

it takes for the laser beam to emit, reflect and return. The data collected by LiDAR is stored 

as a point cloud, which is a collection of data points plotted in 3D space using a 3D laser 

scanner. Each point in the point cloud represents a real point in the environment, and the 

data captured includes the following: spatial information, such as the 𝑥, 𝑦, and 𝑧 
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coordinates of each point in the point cloud, intensity, which is the strength of the laser 

beam returned by each point in the point cloud, and the ring or laser beam value. LiDAR 

systems can also be integrated with IMUs or GNSS to capture GPS information alongside 

the spatial information of the environment [223]–[225], however, the data captured by the 

LiDAR system itself is the major focus of this chapter. 

 

The design of the LiDAR sensor requires a comprehensive calibration of its intrinsic 

parameters before it is deemed ready for use by the end user. Therefore, information like 

its revolutions per minute (RPM), the laser beam divergence angle, also known as the 

vertical angle, angular resolution (horizontal/Azimuth angles), laser pulse duration, laser 

wavelength, detector sensitivity and scan pattern are always known and documented in the 

sensor datasheet. The information captured by a LiDAR sensor for a single point 𝑝𝑖 in the 

point cloud, 𝑃 can be expressed as: 

 

𝑝𝑖 =

[
 
 
 
 
𝑥𝑖

𝑦𝑖

𝑧𝑖

𝑖𝑖
𝑟𝑖 ]

 
 
 
 

=

[
 
 
 
 
𝑑𝑐𝑜𝑠(𝜃𝑣) sin(𝜃ℎ)

𝑑𝑐𝑜𝑠(𝜃𝑣) sin(𝜃ℎ)

𝑑𝑠𝑖𝑛(𝜃𝑣)

𝑖
𝑟 ]

 
 
 
 

          (3.1) 

 

where 𝑑 is the distance measured by the laser beam, 𝜃𝑣 is the vertical angle of the beam, 

𝜃ℎ is the horizontal angle of the beam, 𝑖 is the intensity value and 𝑟 is the ring value. This 

can also be explained as for a given laser beam 𝑟, its horizontal angle 𝜃ℎ is determined by 

its position in one revolution and its vertical angle 𝜃𝑣 is determined by its position in one 

scan line. The distance 𝑑 and intensity 𝑖 are measured by the time-of-flight and reflection 

strength of the laser pulse respectively. Therefore, the point cloud by a LiDAR sensor can 

be expressed as follows, see Figure 3-1: 
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𝑃 = [

𝑥1 𝑦1 𝑧1 𝑖1 𝑟1
𝑥2 𝑦2 𝑧2 𝑖2 𝑟2
⋮ ⋮ ⋮ ⋮ ⋮

𝑥𝑛 𝑦𝑛 𝑧𝑛 𝑖𝑛 𝑟𝑛

]            (3.2) 

 

For the LiDAR sensor to be used with other sensors, certain information and steps are 

crucial as explained in section 2.2 of chapter two. These include its timestamp information, 

calibration of its extrinsic parameters relative to the other sensor’s coordinate or the world 

coordinate and preprocessing of the raw captured unorganised point cloud. This chapter 

presents a novel algorithm titled “FASTSEG3D: A Fast and Adaptive Ground 

Segmentation Method of 3D Point Cloud Using Range Elevation Estimation (REE) and 

Window-Based Model Fitting (WBMF) of the 3D Point Clouds. 

 

 

(a) Raw display of KITTI point cloud which uses the Velodyne 64E 
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(b) Raw display of nuScenes point cloud which uses the Velodyne 32E 
 

Figure 3-1 LiDAR point cloud with depth information 

 

3.3 FASTSEG3D 

FastSeg3D is a novel algorithm developed during this study for segmenting raw captured 

point clouds from a LiDAR system into ground and non-ground points in real-time. As 

highlighted in section 2.2.1 of chapter two of this report, for a ground/segmentation 

technique to be effectively used as a preprocessing step, it needs to be sufficiently fast i.e. 

in real-time, efficient, and robust. The FastSeg3D algorithm’s main novelty lies in its 

method of organizing raw point clouds via a unique data structure, its significant 

improvement to the elevation estimation technique and its method of smoothening/refining 

the initially estimated ground and non-ground point clouds via the window-based model 

fitting technique, which requires just a single iteration of the raw point clouds to properly 

classify points into ground and non-ground point. The FastSeg3D algorithm uses a fast 

point representation technique to quickly organise and filter outlier points in the point cloud 

at the same time. Subsequently, a fast elevation technique called the range elevation 

estimation (REE) technique is employed as the first module of the FastSeg3D algorithm to 

get a rough approximation of ground and non-ground points in a given point cloud in as 
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little as 7 milliseconds on average. This is further refined by using the window-based model 

fitting (WBMF) technique to address the over-segmentation problem, making it robust 

enough for complex terrains, while still achieving real-time segmentation of 19 

milliseconds on average. Figure 3-2 shows a block diagram of the FastSeg3D algorithm, 

which includes the REE and WBMF modules. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-2 Developed FastSeg3D block diagram 

 

3.3.1 Problem definition 

For a given 3D point 𝑝𝑖 with cartesian coordinates {𝑥𝑖, 𝑦𝑖 , 𝑧𝑖}, in a 3D LiDAR point cloud 

𝑃 = {{𝑥1, 𝑦1, 𝑧1 }, {𝑥2, 𝑦2, 𝑧2 }, {𝑥3, 𝑦3, 𝑧3 }, … , {𝑥𝑛 , 𝑦𝑛 , 𝑧𝑛}, where 𝑝𝑖 ∈  𝑅3 and 𝑃 contain 𝑁 

number of points. The task is to estimate the number of points 𝑝𝑖  in 𝑃, with guaranteed 

recall and precision performance, that can be classified as a ground class, including 

relatively flat [226] surfaces like drivable surfaces, terrain, sidewalks, and other flat 

Obtain Cloud Points 

Range Image Representation 

Range Elevation Estimation 

Window Based Model Fitting 
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surfaces or a non-ground class, which includes vehicles, humans, and static and movable 

objects. 

 

3.3.2 Organising point clouds: Point cloud representation 

 

 

 

 

 

 

 

 

 

 

 

 

(a) A graphical representation of the distribution of points in a point cloud according 

to its spatial information. 

 

 

 

 

 

 

 

b) The 2D range image representation of Point Cloud 

 

Figure 3-3 Point Cloud Representation 
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Figure 3-4 Flowchart of the FastSeg3D Algorithm 
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Figure 3-4 shows the complete flowchart of the FastSeg3D algorithm, which is an 

expansion of the block diagram shown in Figure 3-2. Figure 3-3 shows the point cloud 

representation of the raw captured point cloud. 

 

Since the 2D range image representation technique has demonstrated its performance, 

effectiveness in point distribution over varying distances and inexpensive computational 

cost for point cloud representation, like the ring elevation map [227] and the polar grid 

technique [79], the FastSeg3D employs similar representation method to achieving a fast 

means of organising the raw captured point clouds. The range values 𝑟𝑖 and azimuthal angle 

𝜃𝑖 (horizontal angles) of each point 𝑝𝑖 in the point cloud, 𝑃 is used to represent all points 

as a 2D image 𝑃(𝑟,𝜃). 

 

To achieve this, an empty placeholder 2D image 𝑃(𝑟,𝜃) is created and also a data structure 

{ 𝐼(𝑟,𝜃), 𝐿(𝑟,𝜃) , 𝐸(𝑟,𝜃), 𝑑(𝑟,𝜃) , 𝛼(𝑟,𝜃) } is created for fast lookup. Where the attributes in the data 

structure are the unique features of every point in the point cloud; cloud Index 𝐼(𝑟,𝑎), Point 

Labels 𝐿(𝑟,𝑎), Elevation Value 𝐸(𝑟,𝑎), Distance of point to origin 𝑑(𝑟,𝑎), and Inclination 

angle 𝛼(𝑟,𝑎). The range value and azimuthal angle values for a given point 𝑝𝑖 in the point 

cloud, 𝑃 can be expressed as: 

 

𝑟𝑖 = √𝑥𝑖
2 + 𝑦𝑖

2                                                                                                                        (3.3) 

𝜃𝑖 = 𝑓𝑙𝑜𝑜𝑟 (
Ɵ𝑑𝑒𝑔𝑟𝑒𝑒

360
)                                                                                                          (3.4) 

𝑊ℎ𝑒𝑟𝑒, Ɵ𝑑𝑒𝑔𝑟𝑒𝑒

= {

0,                            𝑖𝑓 𝑦(𝑟,𝜃) = 0, 𝑎𝑛𝑑 𝑥(𝑟,𝜃) = 0 

𝑎𝑡𝑎𝑛2(𝑦(𝑟,𝜃), 𝑥(𝑟,𝜃)) ,                      𝑖𝑓 𝑦(𝑟,𝜃) ≥ 0

𝑎𝑡𝑎𝑛2 (𝑦(𝑟,𝜃), 𝑥(𝑟,𝜃)) + 2𝜋,             𝑖𝑓 𝑦(𝑟,𝜃) < 0

                               (3.5) 
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The maximum row range of the 2D image 𝑃(𝑟,𝛼) is determined by the approximate 

maximum range of accurate measurements from most common LiDAR systems like the 

Velodyne 32E, and 64E, used by autonomous robots. This value is usually around 70 

meters, therefore the range of values for the row of the 2D image, which represents the 

range values of each point in the point cloud, is set to 0 – 70 meters. 

 

The maximum column range of the 2D image 𝑃(𝑟,𝜃) is determined by using the rated angular 

resolution (horizontal/Azimuth) of the LiDAR datasheet, which is between the range of 

0.10 to 0.40. Since the LiDAR sensor/system performs a 3600 scan, it is divided by the 

resolution to estimate the maximum column range. That is 
3600

0.40  which gives a value of 900. 

Now the best case which is 
3600

0.10  gives a value of 3600 but this is only possible if the LiDAR 

system is run at a very low RPM of about 300 which is not ideal for capturing point clouds 

in real time. Most LiDAR systems used for navigational purposes are configured to run at 

maximum speed (approximately 20Hz) with an RPM of about 1200, which accounts for 

the angular resolution of 0.40. With a calculated value of 900, the formula 2𝑛 is used to 

find the closest value to but greater than 900 to ensure that the image representation of the 

point cloud conforms with the standard computer vision resolution for images. Therefore, 

the maximum column value is set to 1024 for 32-beam laser LiDAR and 2048 for 64-beam 

laser LiDAR systems. 

 

Every point in the point cloud is allocated to a cell/pixel in the 2D image once its calculated 

values fall within the 2D image range image. Furthermore, points that fall within the range 

of 0 – 2 meters are filtered out to account for points that fall on the ego vehicle during the 

LiDAR system scan. This condition can be expressed as follows: 

 

𝑝(𝑟,𝜃) ∈ 𝑐𝑒𝑙𝑙(𝑖,𝑗) {

𝑅𝑖 ≤ 𝑅(𝑟,𝜃) < 𝑅𝑖+1,        𝑤ℎ𝑒𝑟𝑒  𝑖 ∈ {0, I − 1}

𝑖 = Ɵ𝑛𝑜𝑟𝑚 = 𝑓𝑙𝑜𝑜𝑟 (
Ɵ𝑑𝑒𝑔𝑟𝑒𝑒

360
) ,      𝑤ℎ𝑒𝑟𝑒  𝑖 ∈ {0, I}

                  (3.6) 
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3.3.3 Algorithm 1: Range elevation estimation (REE) 

After allocating points to the 2D range image, the minimum elevation values and the 

elevation thresholds of each cell/pixel in the point cloud are estimated and used to 

determine the ground and non-ground points from all valid points in the 2D range image. 

Traversing across adjacent points i.e. across the columns in the 2D range image, the 

minimum elevation, 𝐸𝑚𝑖𝑛   is determined by comparing the third spatial coordinate value of 

the previous point, 𝑧(𝑖−1,𝑗) and the current point, 𝑧(𝑖,𝑗) to find the minimum value. This 

value is set as the minimum value for the current cell or pixel. The algorithm is shown in 

Table 3-1. 

 

Table 3-1 Algorithm 1: Coarse segmentation of point cloud using REE technique 

 Algorithm 1: Coarse Segmentation (REE) 

 
Input: Raw Point Cloud 

Output: Labelled Point Cloud 

Params: 

1 𝐸𝑡: elevation tolerance 

2 for each 𝑝(𝑟,𝑎) in Cloud do 

3       𝑝(𝑟,𝑎) ∈ 𝑐𝑒𝑙𝑙(𝑖,𝑗) ; 

4       𝐸(𝑖,𝑗) = 𝑧(𝑟,𝑎); 

5       𝑙𝑎𝑏𝑒𝑙(𝑟,𝑎) =  𝑔𝑟𝑜𝑢𝑛𝑑; 

6 

7 

8 

9 

10 

11 

 for each 𝐸𝑚𝑖𝑛  in 𝐸(𝑖,𝑗) do 

       𝐸𝑚𝑖𝑛 (𝑖,𝑗) = min(𝐸(𝑖,𝑗) , 𝐸(𝑖−1,𝑗)  +  𝐸𝑡) ; 

 for each 𝑝(𝑟,𝑎) in Cloud do 

       𝑝(𝑟,𝑎) ∈ 𝑐𝑒𝑙𝑙(𝑖,𝑗) ; 

       if 𝑧(𝑟,𝑎) ≥ 𝐸𝑚𝑖𝑛 (𝑖,𝑗) + 𝐸𝑡 

             𝑙𝑎𝑏𝑒𝑙(𝑟,𝑎) =  𝑛𝑜𝑛_𝑔𝑟𝑜𝑢𝑛𝑑; 

 

The elevation values are calculated using the 𝑧(𝑟,𝜃) coordinate of each point in the point 

cloud and an elevation tolerance 𝐸𝑡 of 0.2 meters along the row which is also called 

adjacent points 𝐸(𝑖−1,𝑗) , 𝐸(𝑖,𝑗) of the range image. The elevation tolerance 𝐸𝑡  is allow 

enough tolerance to accommodate all possible ground points during the first segmentation 
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process. For the condition 𝑟 = 0, where the row number is zero, the elevation value is the 

same as the minimum third spatial coordinate of the point(s) in the current cell/pixel. This 

can be expressed as: 

𝐸min(𝑖,𝑗)  =  {
𝐸(𝑖,𝑗) ,                                            𝑃(𝑟,𝜃) , 𝑓𝑜𝑟  𝑟 = 0

𝐸(𝑖−1,𝑗)  +  𝐸𝑡 ,                                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                    (3.7) 

Using the set elevation threshold 𝐸𝑡  and the estimated minimum elevation for each cell 

𝐸min(𝑖,𝑗), a threshold value 𝐸𝑡ℎ  is set for each cell and used to segment points in that cell as 

a ground or non-ground point. Therefore, points equal to or above the threshold value 𝐸𝑡ℎ  

are labelled as non-ground points, and points below as ground points. This is expressed as: 

𝐸𝑡ℎ = 𝐸min (𝑖,𝑗) + 𝐸𝑡                                                                                                             (3.8) 

 

3.3.4 Algorithm 2: Window-based model fitting (WBMF) 

The REE coarse segmentation techniques result in a high level of over-segmentation of 

ground points. This is understandable because all valid points within the range image are 

labelled as ground points before the elevation threshold 𝐸𝑡ℎ  is used to segment non-ground 

points. To address this the window-based model fitting technique is employed to adaptively 

calculate the unique spatial and geometric features of each point in a predefined 

region/window size which is a subsection of the entire range image. As shown in Figure 3-

5 and Table 3-2. This window is traversed across the column and the spatial and geometric 

features for each point within the current window are re-calculated. These values are 

updated in the data structure and used to perform a fine-grain segmentation of the initially 

segmented points in the point cloud. 
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Figure 3-5 The window-based model fitting technique 

 

The 2D image is divided into smaller regions by calculating the subset region dimension. 

This subset is set to a dimension of (
𝑅𝑤

16
,
𝑅ℎ

5
), where 𝑅𝑤 is the range image width and 𝑅ℎ is 

the range image height. This dimension is depicted as (𝑤, 𝑐) which means (window row, 

window column). This is also referred to as the window dimension. This fixed dimension 

has the condition that w is less than or equal to r and r divides w without a remainder. The 

same applies to 𝑐 and 𝑎. This can be expressed as: 

(𝑤, 𝑐) = (
𝑅𝑤

16
,
𝑅ℎ

5
)                                                                                                               (3.9) 

Where the following conditions: 𝑤 ≤ 𝑟, 𝑤 % 𝑟 = 0 and 𝑐 ≤ 𝜃, 𝑐 % 𝜃 = 0 must be met. 

 

Using the initial ground points as candidate points i.e. 𝐺𝑘, in a sliding window manner, as 

shown in Figure 3-5, The best seed points are determined from initial ground points in the 

current window. This is selected based on the first 𝑘 set number of initial ground points 

with the lowest elevation value 𝐸(𝑤,𝑐)
𝑖  in the current window which is indicated by 

superscript 𝑖. Where 𝑘 is a minimum of 5 and a maximum of 20 points in the current 

window, 𝑖. This is expressed as: 

 

 

 

 

Window 

Traverse or Sliding along the column 
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𝐺𝑘 =  𝑎𝑟𝑔𝑚𝑖𝑛(𝐸(𝑤,𝑐)
𝑖 )        𝑘 = {0,1,2,… , 𝐾} 𝑎𝑛𝑑 5 ≤ 𝐾 ≤ 20.                            (3.10) 

Using the best seed points 𝐺𝑘 For the current window, the covariance matrix 𝑀 is calculated 

and the eigenvectors (𝑣1, 𝑣2, 𝑣3) and eigenvalues (𝜆1, 𝜆2, 𝜆3) of the covariance matrix 𝑀 are 

calculated. 𝑀, eigenvectors, and eigenvalues are calculated using the standard covariance 

matrix formula for principal component analysis (PCA). 

 

A plane model 𝑀𝑤 is computed. This model is developed using the normal vector 𝑛𝑤⃗⃗⃗⃗  ⃗ to 

the plane equation. The normal vector 𝑛𝑤⃗⃗⃗⃗  ⃗  of the plane model is a, b, c. This can be 

expressed as: 

 

𝑀𝑤 =  𝑎𝑥 + 𝑏𝑦 + 𝑐𝑧 + 𝑑 = 0                                                                                         (3.11) 

𝑑 =  −(𝑎𝑥0 + 𝑏𝑦0 + 𝑐𝑧0)                                                                                                (3.12) 

 

The normal vector of the plane model is used to compute unique features, adaptively, for 

all points in the current window. This feature includes the distance for points from the 

normal vector (𝑑(𝑤,𝑐)), the elevation of point reference to normal vector ((𝐸(𝑤,𝑐))
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗), and the 

angle of inclination ((𝛼(𝑤,𝑐))
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗) of point reference to the normal vector.). 𝑑(𝑤,𝑐) is the distance 

for points in the current window to the plane origin or normal vector distance 𝑑. The normal 

vector distance 𝑑, as expressed in equation 3.12 is the point of origin for the current 

window. The new values are updated to the data structure of the point cloud therefore the 

(𝑤, 𝑐) coordinates would match the (𝑟, 𝜃) coordinate of the data structure. These values are 

expressed as: 

 

𝑑(𝑤,𝑐) =
𝑎𝑏𝑠(𝑎 × 𝑥(𝑤,𝑐) +  𝑏 ×  𝑦(𝑤,𝑐) +  𝑐 × 𝑧(𝑤,𝑐) +  𝑑)

√(𝑎2 + 𝑏2  +  𝑐2)
                                       (3.13) 

𝐸(𝑤,𝑐)
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  =  𝑧(𝑤,𝑐) × 𝑐                                                                                                             (3.14) 
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𝛼(𝑤,𝑐)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = atan (
𝐸(𝑤,𝑐)

𝑑(𝑤,𝑐)
)                                                                                                     (3.15) 

 

A set threshold is used to filter out non-ground points from initially segmented ground 

points. Thresholds are set based on the common estimated values considered to be 

associated with ground points. These threshold values are: 

 𝑑𝑡ℎ  which is set as 1 meter. A point of distance less than or equal to 3 meters is 

generally regarded as a ground point, i.e. 0 ≤  𝑑𝑡ℎ ≤ 3 meters. 

 𝛼𝑡ℎ : A slope or inclination angle close to 00 is considered as ground. The 

threshold is set to 10. I.e 00 ≤ 𝛼𝑡ℎ ≤ 50. 

 𝐸𝑡ℎ  : Usually points less than 0.3 meters are considered as ground points. The 

threshold is set to 0.2m. I.e 0 ≤  𝐸𝑡ℎ ≤ 0.3 meters. 

Table 3-2 Window-based model fitting (WBMF) algorithm for fine-grain segmentation 

 Algorithm 2: Window-based Model Fitting (WBMF).  

 

Input: REE image 

Output: Labelled Point Cloud 

Params: NOTE: 
𝑙𝑎𝑏𝑒𝑙(𝑟,𝜃) 0 𝑖𝑠 𝑔𝑟𝑜𝑢𝑛𝑑, 1 𝑖𝑠 𝑛𝑜𝑛 𝑔𝑟𝑜𝑢𝑛𝑑, 𝑎𝑛𝑑 2 𝑖𝑠 𝑖𝑛𝑣𝑎𝑙𝑖𝑑. 

1 

2 

3 

4 

5 

6 

7 

8 

W: Window size 

𝑃(𝑀 𝑋 𝑁): REE image 

𝑗: Number of points per window 

𝛼𝑡ℎ : Slope threshold 

W, C: Windows dimension. 

𝑑𝑡ℎ : Distance threshold 

𝐸𝑡ℎ : Elevation threshold 

𝐺𝑘 : Candidate ground points, k is the total candidate points 

for 𝑊(𝑤,𝑐) 

9 

10 

11 

12 

for each 𝑊(𝑤,𝑐) 𝑖𝑛 𝑃(𝑀 𝑋 𝑁) do 

      if 𝑗 ≥  𝑘 do 

            computer 𝑀𝑤, 𝑑(𝑤,𝑐), 𝐸(𝑤,𝑐), 𝑎𝑛𝑑 𝛼(𝑤,𝑐); 

            for 𝑝(𝑟,𝜃) in 𝑊(𝑤,𝑐) do 
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13 

14 

15 

16 

                  if 𝑙𝑎𝑏𝑒𝑙(𝑟,𝑎) 𝑖𝑠 0, 𝐸(𝑤,𝑐) > 𝐸𝑡ℎ , 𝑜𝑟 𝑑(𝑤,𝑐) >

𝑑𝑡ℎ , 𝑜𝑟 𝛼(𝑤,𝑐) > 𝛼𝑡ℎ 

                        𝑙𝑎𝑏𝑒𝑙(𝑟,𝑎) = 1; 

      else 

            add 𝑊(𝑤,𝑐) 𝑡𝑜 𝑊(𝑤+1,𝑐) 

  

 

3.4 CONCLUSION 

In this chapter, a Fast and Adaptive Ground Segmentation Method of 3D Point Cloud, 

FastSeg3D algorithm was developed. This algorithm begins by converting a raw input 3D 

point cloud into its equivalent 2D range image by deriving the range information and 

azimuth angle values of each point from each point in the given 3D point cloud. A data 

structure is also created to store relevant information for segmentation and the range image 

is used to perform a quick estimation of ground and non-ground points using a set threshold 

and establishing a similarity between adjacent points in the range image. The initially 

estimated points are then used as candidate points to perform a fine-grain segmentation of 

the given point cloud to address the over-segmentation of ground points using a window-

base model fitting technique. 
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CHAPTER 4: THE CAMERA MODEL AND AUTOMATIC 

EXTRINSIC CALIBRATION  

 

4.1 INTRODUCTION 

Sensor calibration is the process of determining the intrinsic and extrinsic parameters of a 

sensor. Sensor calibration parameters are crucial for understanding how a sensor derives its 

measurement or captured values relative to the actual data i.e. the real-world coordinates 

[247,248]. This chapter presents the process of establishing sensor calibration parameters 

and proposes an extrinsic calibration process for the sensor fusion pipeline presented in 

chapter five of this report.  

 

4.2 INTRINSIC AND EXTRINSIC PARAMETERS 

Intrinsic calibration refers to the process of determining the internal parameters of a sensor 

that affect its measurements. These parameters are specific to the sensor itself and do not 

change as the sensor's position or orientation changes. For instance, for image sensors 

(cameras), intrinsic calibration involves determining parameters like focal length, principal 

point, lens distortion coefficients, and sensor resolution. These parameters are necessary to 

establish a relationship between the 2D pixel coordinates in the pixel frame of the captured 

image and the image sensors’ 3D coordinates in the camera frame. 

 

For LiDAR sensors, the intrinsic parameters involve determining the laser beam divergence 

angle, laser pulse duration, laser wavelength, and detector sensitivity. These parameters are 

usually calibrated by the manufacturer before the sensor gets to the customer [249]. The 

intrinsic parameters like the pulse width, pulse repetition frequency, antenna gain, 

beamwidth, and transmitter power, for the RaDAR sensors, are also calibrated by the 

manufacturer before the sensor gets to the customer [250,251]. This intrinsic calibration 

process is likewise applicable to ultrasonic sensors, which possess intrinsic parameters 

including pulse width, pulse repetition frequency, antenna gain, beamwidth, and transmitter 

© Central University of Technology, Free State



69 
 

power [252]. Sensors with already calibrated intrinsic values do not usually require 

recalibration when used alone unless they are used in combination with other sensors.  

 

In contrast, extrinsic calibration concerns the determination of the transformation between 

the local coordinate system of the sensor and the global coordinate system. This entails 

finding the real-world position and orientation (pose) of the sensor. Extrinsic calibration 

becomes crucial when integrating data from multiple sensors or when establishing a 

connection between the sensor's measurements and a shared reference frame. The extrinsic 

calibration of multiple sensors is usually prone to errors during the fusion process. The 

most common is data misregistration between sensors and the reprojection error that occurs 

when projecting a sensor's information into the coordinate frame of another sensor 

[143,152,157]. To reduce these errors many extrinsic calibration methods have been 

proposed, which were extensively discussed in section 2.3 of chapter two of this report. 

The following subsections will explain the process of establishing calibration for an image 

sensor and propose a lidar-camera automatic calibration technique for BEVMSF3D. It will 

also propose an automatic calibration technique for the sensor fusion pipeline. 

 

4.2.1 Image sensors 

To determine the calibration parameters of an image, several methods can be employed, 

and these methods can be categorised into four main approaches: checkerboard, pattern-

based, self-calibration, and multi-camera calibration. The process of calibration relies on 

an understanding of specific spatial positions and orientations of objects in the real 3D 

world. This understanding is then used to establish a relationship by calculating the 

calibration parameters between the images of the 3D objects and the known geometry. 

 

Checkerboard calibration is performed by taking pictures of a checkerboard pattern, which 

has clear edges and corners, from various angles. By detecting these corners, the intrinsic 

and extrinsic parameters of the camera can be estimated. The commonly used algorithms 

for checkerboard calibration include Zhang’s method [253] and Bouguet's method [254]. 

Multi-camera calibration becomes relevant when multiple cameras capture images of a 
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scene with a predetermined geometry. Detected features from these images are then utilised 

to estimate the intrinsic and extrinsic parameters for each camera. An example is a stereo 

camera that consists of a left-side and a right-side camera. For multi-camera calibration, 

Zhang's method and Bouguet's method are also applied to achieve accurate results. 

 

Pattern-based calibration shares similarities with checkerboard calibration. It entails 

capturing images of recognisable patterns, such as circles, spheres, and grids which are also 

called squared patterns and ECochecks. Figure 4-2a shows an example of an ECocheck 

mixed with a circle-based pattern for robust calibration. These patterns are utilised to 

identify features for estimating the intrinsic and extrinsic parameters of the camera. The 

widely employed algorithm for pattern-based calibration is Tsai's method [255]. Another 

algorithm also used is the Heikkila-Jain's method [256]. 

 

  

(a) Ideal checkerboard image (b) Checkerboard image with the effect of 

positive radial 
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(c) Checkerboard image with the effect of 

negative radial 

(d) Checkerboard image with the effect of 

decentering 

 

(e) Checkerboard image with the effect of prismatic distortions 

(f)  

Figure 4-1 Checkerboard Images with different possible kinds of lens distortions [253] 

 

 

(a) 2D Pattern-based (circle and ECochecks) image for pattern-based calibration. 

(b)  
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(c) 3D Pattern-based image for pattern-based calibration. 

 

Figure 4-2 Pattern-based image, undistorted [153] 

 

Self-calibration involves using a single camera to capture images of a scene with a known 

geometry, often a flat surface. By detecting features in these images, the intrinsic and 

extrinsic parameters of the camera can be estimated [257]. A common algorithm for self-

calibration is the Faugeras self-calibration [258,259]. 

 

4.2.1.1 Camera modelling 

The pinhole camera concept is a simplified model used in computer vision and photography 

to understand how a camera captures images. This conceptual model operates under the 

assumption that light travels in straight lines and enters the camera through a small hole, 

forming an inverted image on the image plane. In this model, the camera aperture is 

represented as a point, and no lenses are used to focus light. However, the pinhole camera 

model does not consider geometric distortions, blurring caused by lenses, or discrete image 

coordinates. It serves as a first-order approximation of the mapping from a 3D scene to a 

2D image, with its validity depending on the camera's quality. 

 

The pinhole camera model assumes that the image plane, which captures the light rays, is 

situated in front of the pinhole, although in reality, it is located behind the pinhole. It also 

assumes that all light rays from different points converge at the pinhole, also known as the 
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centre of projection or the camera centre. The image of a point is the projection of that point 

on the image plane, where the line from the camera centre to the point intersects the image 

plane. Finally, it assumes that the camera, points, and objects are located in the world space 

[260]. 

 

(a) The Pinhole camera concept [261] 

 

(b) Pinhole Camera Modelling: ideal projection of a 3D object on a 2D image [262] 
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(c) Intrinsic Parameters: Camera-to-image transformation, also called projecting 3D points 

from the camera onto the image plane 

 

Figure 4-3 Camera modelling 

 

To capture a scene from the 3D world coordinate system to the 2D image coordinate, the 

extrinsic parameters i.e. the information about the location of the camera in the 3D world 

coordinate are used to transform the scene onto the camera’s frame. After this, the intrinsic 

parameters are used to transform the 3D scene in the camera's frame into the image 

coordinate. The general camera model equation can be expressed as: 

𝑃𝑖 = 𝐾 × 𝑃𝑐 = 𝐾 × [𝑅 | 𝑡] × 𝑃𝑤                                                                                           (4.1) 

[
𝑢
𝑣
𝑤

] =

[
 
 
 
 
𝑓𝑋𝑐

𝑍𝑐

𝑓𝑌𝑐

𝑍𝑐
𝑤 ]

 
 
 
 

= [
𝑓 𝑠 𝑝𝑥

0 𝑎𝑓 𝑝𝑦

0 0 1

] [

𝑋𝑐

𝑌𝑐

𝑍𝑐

1

] = [
𝑓 𝑠 𝑝𝑥

0 𝑎𝑓 𝑝𝑦

0 0 1

] [

𝑟11 𝑟12 𝑟13

𝑟21 𝑟22 𝑟23

𝑟31 𝑟32 𝑟33

0 0 0

|

𝑡𝑥
𝑡𝑦
𝑡𝑧
1

] [

𝑋𝑤

𝑌𝑤

𝑍𝑤

1

]      (4.2) 

Where: 

 𝑤: is the scaling factor.  

 𝑃𝑖: Homogeneous coordinates of a point, 𝑃 in the image, a (3 x 1) matrix.  

𝑷 = (𝒑𝒙, 𝒑𝒚) 𝑍𝑐 

𝑓𝑌𝑐

𝑍𝑐
 

𝑓 

C 

𝑌𝑐 

𝑃𝑤  
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 𝑃𝑐: Homogeneous Coordinates of a point, 𝑃 in the world with respect to (wrt) the 

(3D) camera coordinate system. It is a (4 x 1) matrix. 

 𝑃𝑤: Homogeneous Coordinates of a point, 𝑃 in the (3D) world coordinate system. 

It is a (4 x 1) matrix. 

 𝐾: The camera intrinsic matrix which can also be called the camera matrix. It is a 

(3 x 3) matrix. 

 [𝑅 | 𝑡]: The camera extrinsic matrix, a (4 x 4) matrix. 

 𝑅: The camera rotation matrix, a (3 x 3) matrix. 

 𝑡: The camera translation matrix, a (3 x 1) matrix. 

 𝑓: focal length. Also referred to as 𝑓𝑥  by the basic pinhole model. See Figure 3-3c. 

 (𝑢, 𝑣): The Euclidean coordinates of the point in the image or the pixel location. 

 𝑠: the skew factor. This is very close to zero for digital cameras. 

 𝑎: the aspect ratio. 𝑎𝑓 is often referred to as 𝑓𝑦  by the basic pinhole model. This is 

usually set to 1. 

 𝑝𝑥  𝑎𝑛𝑑 𝑝𝑦: are the principal points also called the camera offset. 

 𝑋𝑐 , 𝑌𝑐 , 𝑍𝑐: are the coordinates of a point, 𝑃 in the world with respect to (wrt) the 

(3D) camera coordinate system. 

 𝑟11𝑡𝑜 𝑟33: is the rotation matrix 𝑅. 

 𝑡𝑥 , 𝑡𝑦, 𝑡𝑧: is the translation matrix. 

 

The modelling of a camera is based on the pinhole camera concept, as shown in Figure 4-

3 and Figure 4-4. This model contains a set of parameters that transform homogeneous 3D 

world coordinates 𝑃𝑤 to homogeneous 2D image coordinates 𝑃𝑖, see equations 4.1 and 4.2. 

The calibration techniques seek to estimate ten to eleven unknowns. For digital cameras, 

the skew factor, 𝑠 can be approximated as zero. These unknowns consist of four to five 

intrinsic unknowns, three rotations and three translation extrinsic parameters relative to the 

world’s coordinate. The focal length, 𝑓 is the distance between the camera coordinates and 

the image plane, measured in pixels. It determines the magnification and angle of view of 

the image plane. The focal length, (𝑓𝑥 , 𝑓𝑦) relates according to the camera's aspect ratio, 
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𝑎 =
𝑓𝑦

𝑓𝑥
. This is usually set to one (1) and it is the relationship between the width and the 

height of the image plane [263]. The principal point, (𝑝𝑥 , 𝑝𝑦) describes where the point is 

in the image plane. It is the pixel in the image plane through which the optical axis of the 

camera passes through. 

 

To account for radial and tangential lens distortion, the radial coefficients 𝑘1, 𝑘2, 𝑘3 and the 

tangential coefficients 𝑝1, 𝑝2 are introduced and it is expressed mathematically as: 

[
𝑥𝑐𝑜𝑟𝑒𝑐𝑡𝑒𝑑

𝑦𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑
] = (1 + 𝑘1𝑟

2 + 𝑘2𝑟
4 + 𝑘3𝑟

6) [
𝑥
𝑦] + [

2𝑝1𝑥𝑦 + 𝑝2(𝑟
2 + 2𝑥2)

𝑝1(𝑟
2 + 2𝑦2) + 2𝑝2𝑥𝑦

]           (4.3) 

Where: 𝑟 =  √𝑥2 + 𝑦2, (𝑥, 𝑦) are the old pixel coordinates of the point in the image, and 

(𝑥𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 , 𝑥𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑) are the corrected pixel coordinates. 

The difference between different camera models is in their methodologies for deriving the 

intrinsic parameters within the intrinsic matrix, denoted as 𝐾. These differences pertain to 

whether the model accounts for lens distortion and the specific approach adopted to rectify 

this distortion. The common distortions are shown in Figure 4-1. The radial distortion 

manifests in the form of the ‘barrel’ or ‘fish-eye’ effect, while the decentering distortion 

can also be referred to as tangential distortion occurs when the lenses are not perfectly 

aligned with the imaging plane. Prominent methodologies for estimating camera calibration 

parameters include Tsai's, Zhang's, Heikkila's, and Bouguet's algorithms, all designed to 

address common lens distortions, i.e. radial and/or tangential. 

 

For instance, Tsai's calibration algorithm [255] is based on the pinhole model and operates 

under the assumption of first-order radial distortion in the camera. Under this premise, 

image pixels experience distortion solely along the radial direction, allowing the 

employment of the radial alignment constraint (RAC) model to linearise the calibration 

process.  
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Zhang’s calibration algorithm [253] requires the camera's observation of a planar pattern 

from multiple (at least two) orientations. This algorithm models radial lens distortion. The 

estimation of calibration parameters involves a closed-form linear solution through 

homography, followed by a nonlinear optimisation technique utilising the maximum 

likelihood criteria. 

 

Heikkila's calibration algorithm [256,264] also adopts the pinhole camera model and 

accommodates both radial and tangential lens distortions. Initial parameter estimation relies 

on the direct linear transformation (DLT), disregarding lens distortions. Parameter 

refinement occurs through nonlinear estimation, considering both noise and lens 

distortions. The ultimate parameters are derived by minimising the total squared error 

between the model and observed data.  

 

Bouguet's approach [254], as implemented in the CalTech Calibration Toolbox, builds 

upon Heikkila's intrinsic camera model. In the initialisation phase, homography is 

computed for all points across a series of images, and intrinsic parameters are set to 0 to 

initialise distortion. Subsequently, extrinsic parameters are established for each pattern 

image. The final nonlinear optimisation, akin to Zhang's method, integrates Maximum 

Likelihood estimation, complemented by tangential distortion coefficients. 

 

Decentering distortion, originally modelled by Conrady [265], was later redefined by 

Brown [266] shortly after proposing a camera model for radial distortion [267]. The 

primary objective of calibration involves determining external parameters like position and 

orientation relative to a world coordinate system and internal camera parameters like the 

principal point or image centre, focal length, and distortion coefficients. While some 

manufacturers pre-specify intrinsic camera parameters, they can also be ascertained 

through well-established calibration techniques. Since the introduction of pinhole and 

Brown camera models [267], numerous calibration techniques have been introduced 

[253,255,256,258,259,264,268,269] to address diverse lens distortions. To explain camera 

calibration techniques, this discussion will underscore a set of general prerequisites and 
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expound upon the Direct Linear Transform (DLT) [270] calibration estimation method. 

Furthermore, the most common lens distortion like the radial and tangential lens distortion 

equation for correction will also be presented. No matter the approach used for calibration 

the target pattern objects must have sharp, detectable edges and corners. 

 

To estimate the calibration parameters of a camera the following requirements are needed: 

 

 The target object should consist of two orthogonal planes, for Tsai’s calibration 

method i.e. 3D objects, see Figure 4-2b. For Zhang’s calibration method, the target 

object should consist of a 2D target object. 

 There should be prior knowledge of the 3D coordinates, size and shape of the target 

object. 

 For DLT, at least six (6) control points on a 3D calibration target object and their 

corresponding 2D coordinates in the image should be known. It is however 

recommended to have above 20 control points. 

 

4.2.1.2 Direct Linear Transform (DLT) 

To determine the internal and external parameters of the camera the direct linear transform 

(DLT) algorithm can be used. This is represented as a homogeneous linear equation similar 

to Equation 4.2. The idea of DLT is to represent the perspective projection equation as a 

homogeneous linear equation and solve it by standard methods. Therefore, the pinhole 

camera model equation: 

𝑥 = [
𝑥
𝑦
1
] = [

𝑢
𝑣
𝑤

] = 𝐾𝑅[𝐼3| − 𝑋0]𝑋 = [
𝑓𝑥 𝑠 𝑝𝑥

0 𝑓𝑦 𝑝𝑦

0 0 1

] [

𝑟11 𝑟12 𝑟13 𝑡𝑥
𝑟21 𝑟22 𝑟23 𝑡𝑦
𝑟31 𝑟32 𝑟33 𝑡𝑧

] . [

𝑋𝑤

𝑌𝑤

𝑍𝑤

1

]      (4.4)  

Where: 

 𝑥 is the observed image point 

 𝐾 is the intrinsic camera matrix 

© Central University of Technology, Free State



79 
 

 𝐼 is an Identity matrix 

 𝑅 is the rotation matrix 

 𝑋0 is the translation matrix. 

 𝑋 = [

𝑋𝑤

𝑌𝑤

𝑍𝑤

1

]  is the control point in the world coordinate. 

Let 𝑀 = 𝐾𝑅[𝐼3| − 𝑋0], therefore; 

𝑥 = 𝑀𝑋 = [

𝑚11 𝑚12 𝑚13 𝑚14

𝑚21 𝑚22 𝑚23 𝑚24

𝑚31 𝑚32 𝑚33 𝑚34

 ] . [

𝑋𝑤

𝑌𝑤

𝑍𝑤

1

]                                                                 (4.5)  

The Matrix 𝑀 can be decomposed into the intrinsic and extrinsic parameters of the camera. 

Let 𝑃 = [

𝑋𝑤

𝑌𝑤

𝑍𝑤

1

] and [

𝑚1
𝑇

𝑚2
𝑇

𝑚3
𝑇

] = [

𝑚11 𝑚12 𝑚13 𝑚14

𝑚21 𝑚22 𝑚23 𝑚24

𝑚31 𝑚32 𝑚33 𝑚34

 ] 

To decompose M to pixel coordinates would result in: 

𝑢 =
𝑤𝑢

𝑤
=

𝑚1
𝑇 . 𝑃

𝑚3
𝑇 . 𝑃

 𝑎𝑛𝑑 𝑣 =
𝑤𝑣

𝑤
=

𝑚2
𝑇 . 𝑃

𝑚3
𝑇 . 𝑃

                                                                         (4.6) 

(𝑚1
𝑇 − 𝑢𝑖𝑚3

𝑇). 𝑃𝑛 = 0 𝑎𝑛𝑑 (𝑚2
𝑇 − 𝑣𝑖𝑚3

𝑇). 𝑃𝑛 = 0                                                         (4.7) 

This can then be represented as: 

[
𝑃1

𝑇 0𝑇 −𝑢1𝑃1
𝑇

0𝑇 𝑃1
𝑇 −𝑣1𝑃1

𝑇] [

𝑚1

𝑚2

𝑚3

] = [
0
0
]                                                                                        (4.8) 

Equation 4.7 represents the DLT for conversion of the Homogenous matrix M to pixel 

coordinate for a single point. A stack of 𝑛 points would become: 
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[
 
 
 
 
 
𝑃1

𝑇 0𝑇 −𝑢1𝑃1
𝑇

0𝑇 𝑃1
𝑇 −𝑣1𝑃1

𝑇

:
:

𝑃𝑛
𝑇 0𝑇 −𝑢𝑛𝑃𝑛

𝑇

0𝑇 𝑃𝑛
𝑇 −𝑣𝑛𝑃𝑛

𝑇 ]
 
 
 
 
 

[

𝑚1

𝑚2

𝑚3

] =

[
 
 
 
 
0
0
:
:
0
0]
 
 
 
 

                                                                                        (4.9) 

 

This can be rewritten as 𝑄.𝑀 = 0, where matrix 𝑄 is the known matrix and matrix 𝑀 is 

the unknown matrix. With more points, with a recommended value of above 20, it becomes 

a lot easier to solve for the unknown matrix using the least square solution, which minimises 

the sum of square residuals, ||𝑄𝑀||
2
, subject to the constraint ||𝑀||

2
= 1. This can be 

solved through Singular Value Decomposition (SVD). The solution is the eigenvector 

corresponding to the smallest eigenvalue of the matrix 𝑄𝑇𝑄. Once 𝑀 has been determined, 

it can be decomposed into the intrinsic and extrinsic parameters of the camera. To set the 

orthogonal constraint for 𝑅 the QR Decomposition with Gram-Schmidt can be used. To 

minimise the lens distortion the non-linear optimisation algorithm, LM algorithm can be 

used, this is called minimising the reprojection error. The above mathematical expression 

does not model the lens distortion. 

 

4.3 AUTOMATIC EXTRINSIC CALIBRATION 

For this sensor fusion pipeline, the automatic extrinsic calibration problem is modelled as 

a unified bird’s eye view (BEV) problem as presented in section 2.4.4 of chapter two of 

this report. To achieve this the following subsections explain the steps taken. 

 

4.3.1 Remove ground points 

The removal of ground points is achieved using the FastSeg3D algorithm. For visualisation 

purposes, Figure 4-4 shows the point cloud of non-ground points only. 
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4.3.2 Transform object points to the image camera frame and projection to 2D BEV 

Using the camera’s intrinsic matrix parameters 𝐾 which can be obtained using Zhang’s or 

Tsai’s calibration method, the point cloud objects 𝑃𝑜𝑏 are converted to the camera frame. 

For the point cloud object 𝑃𝑜𝑏, with the expression: 

 

𝑃𝑜𝑏 =

{{𝑥1
𝑜𝑏, 𝑦1

𝑜𝑏, 𝑧1
𝑜𝑏, 𝑖1

𝑜𝑏}, {𝑥2
𝑜𝑏, 𝑦2

𝑜𝑏, 𝑧2
𝑜𝑏, 𝑖2

𝑜𝑏 }, {𝑥3
𝑜𝑏, 𝑦3

𝑜𝑏, 𝑧3
𝑜𝑏, 𝑖3

𝑜𝑏 }, … , {𝑥𝑛
𝑜𝑏, 𝑦𝑛

𝑜𝑏, 𝑧𝑛
𝑜𝑏, 𝑖𝑛

𝑜𝑏}}. 

 

The equivalent transformed point cloud 𝑃𝑐𝑎𝑚 can be expressed as: 

𝑃𝑐𝑎𝑚 = 𝐾 × 𝑃𝑜𝑏𝑗         𝑓𝑜𝑟 𝑃𝑜𝑏𝑗

= {𝑥1
𝑜𝑏, 𝑦1

𝑜𝑏, 𝑧1
𝑜𝑏}, {𝑥2

𝑜𝑏, 𝑦2
𝑜𝑏, 𝑧2

𝑜𝑏},… , {𝑥𝑛
𝑜𝑏, 𝑦𝑛

𝑜𝑏, 𝑧𝑛
𝑜𝑏} (4.10) 

 

𝑃𝑐𝑎𝑚

= [

𝑥1
𝑛𝑜𝑟𝑚 𝑦1

𝑛𝑜𝑟𝑚 𝑧1 𝑖1
𝑥2

𝑛𝑜𝑟𝑚 𝑦1
𝑛𝑜𝑟𝑚 𝑧2 𝑖2

⋮ ⋮ ⋮ ⋮
𝑥𝑛

𝑛𝑜𝑟𝑚 𝑦1
𝑛𝑜𝑟𝑚 𝑧𝑛 𝑖𝑛

]                                                                                          (4.11) 

 

The x and y spatial coordinates of the point cloud objects transformed to the camera frame 

are normalised to account for possible large focal lengths and principal point values. Since 

the third row of the camera intrinsic matrix is homogenous i.e. [0 0 1], the z-axis is 

multiplied by 1 and would not need normalisation. Furthermore, the intensity is 

concatenated and so does not need to be normalised. 
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Figure 4-4 Point cloud of object points only after FastSeg3D 

 

With the point cloud transformed into the camera frame, both images and the point cloud 

are seen by the robot to be taken by the same sensor. The only difference is the extrinsic 

matrix, which is addressed using the image preprocessing technique (augmentation) for 

deep learning models. Furthermore, the need to transform point cloud objects to the camera 

frame would no longer be necessary once the inverse perspective mapping (IPM) for 

unified BEV is introduced in Chapter 5 of this report. 

 

4.3.3 Project 3D object points in the camera frame to BEV 

To address the differences in the extrinsic matrix, both the image and point cloud data need 

to be transformed into a unified BEV. To begin, the 3D object points in the camera frame 

are projected onto a 2D BEV RGB image map. This is achieved using a variant of the 

MV3D [271], and Complex-Yolo [272] RGB-map techniques. Inspired by Simon, et al 

(Complex-Yolo) [272], the RGB map is encoded by height, intensity and density. The 

modified size of the grid map is defined with n = 512 and m = 512 as compared to Complex-

Yolo of n = 1024 and m = 512. This is to suit the preferred feature extractor network, 
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EffecientDdet [273] for this research. These 3D point clouds are then projected and 

discretised into a 2D grid with a resolution of 0.08m. The RGB feature channels (𝑧𝑟 , 𝑧𝑔, 𝑧𝑏 

with 𝑧𝑟,𝑔,𝑏 ∈ ℝ𝑚× 𝑛 are calculated for the input point cloud 𝑃 ∈ ℝ3 of the captured 

environment. This can be expressed as: 

𝑃 =  {[𝑥, 𝑦, 𝑧]𝑇   𝑓𝑜𝑟 𝑥 𝑎𝑛𝑑 𝑦 ∈  [−70𝑚, 70𝑚], 𝑧 ∈  [−2.73𝑚, 3.27𝑚]}             (4.12) 

The x and y are set to a 70m radius just as it was for the FastSeg3D, and the z-axis is set at 

a total height is 6m to account for most objects in the environment, including common 

buildings, 𝑧 − 𝑎𝑥𝑖𝑠 above 6m are capped at 6m. 

Therefore, the equivalent pixel values for the RGB-map image are calculated as follows: 

𝑧𝑔  =  𝑚𝑎𝑥(𝑃𝑖 −>𝑗 . [0, 0, 1]𝑇)                                                                                          (4.13) 

𝑧𝑏  =  𝑚𝑎𝑥(𝐼(𝑃𝑖−>𝑗))                                                                                                        (4.14) 

𝑧𝑟  =  𝑚𝑖𝑛(1.0,
𝑙𝑜𝑔(𝑁 +  1)

64
)   𝑓𝑜𝑟 𝑁 = | 𝑃𝑖−>𝑗|                                                       (4.15) 

where: 

𝑃𝑖−>𝑗: is the mapping function of points with index i to it corresponding cell value j 

𝐼(𝑃𝑖−>𝑗): is the intensity of points in the given point cloud. 

In addition to the Complex-Yolo approach the derived 𝑧𝑟 , 𝑧𝑔, 𝑧𝑏 are multiplied by 255 and 

clamped using the unsigned integer (𝑢𝑖𝑛𝑡8) datatype (i.e. 0 to 255) to account for the 

normalisation performed during the RGB-map calculation. This is expressed as (also see 

Figure 4-5): 

𝑧𝑟,𝑔,𝑏 = 𝑚𝑎𝑥 (0,𝑚𝑖𝑛(255, 𝑧𝑟,𝑔,𝑏 × 255))                                                                  (4.16) 
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Figure 4-5 3D Point cloud of object points in camera frame projected to 2D BEV image 

 

4.3.4 Perform image processing to make model translation and rotation invariant 

The fusion pipeline, which will be discussed in detail, in Chapter 5, is a hybrid architecture 

that combines deterministic algorithms (FastSeg3D) with deep learning to give a robust 

multi-fusion pipeline. To achieve robustness for the architecture, an image preprocessing 

step is necessary as discussed in section 2.2.2 of Chapter 2. This is crucial for achieving 

automatic extrinsic calibration. 

 

Deep learning models, like the convolutional neural network (CNN) models by default are 

not translation and rotation invariant. Since the filter slides from left to right and top to 
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bottom across an input image and activates when it comes across a particular edge-like 

region, corner, or colour blob, the pooling technique over spatial position helps to make it 

moderately translation invariant [274]. To further improve the translation invariant 

capability of CNN models it has to learn translations as highlighted by Biscione, et al [275]. 

 

With the help of image augmentation techniques, CNN models can learn to be translation 

and rotation invariant [276]. This is crucial in making the model robust and efficient for 

multi-sensor fusion. To achieve this the following algorithm is implemented as presented 

in Table 4-1. 

 

Table 4-1 Image preprocessing algorithm for robust rotation and translation invariant sensor fusion network 

model 

 

 Image Augmentation Algorithm 

 
Input: Camera Images (𝐼𝑀) 

Output: List of Camera and Augmented Images 

Params: 

1 

2 

3 

4 

𝑅𝑙𝑖𝑚𝑖𝑡 : Rotation limit in degree. Maximum Degree of rotation 

𝑅𝑝𝑟𝑜𝑏: Rotation Probability 

𝐹𝑝𝑟𝑜𝑏: Flip Probability 

𝑆𝑙𝑖𝑚𝑖𝑡: Shift limit 

 

5 

 

for each 𝐼𝑀 in the dataset do 

6       𝑅𝑜𝑡𝑎𝑡𝑒 (𝑅𝑙𝑖𝑚𝑖𝑡 = 3600, 𝑅𝑝𝑟𝑜𝑏 = 0.9); 

7       𝐻𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙 𝐹𝑙𝑖𝑝 (𝐹𝑝𝑟𝑜𝑏 = 0.5); 

8 

9 

10 

      𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝐹𝑙𝑖𝑝 (𝐹𝑝𝑟𝑜𝑏 = 0.5); 

      𝑆ℎ𝑖𝑓𝑡𝑅𝑜𝑡𝑎𝑡𝑒 (𝑆𝑙𝑖𝑚𝑖𝑡 = 0.2, 𝑅𝑙𝑖𝑚𝑖𝑡 = 3600, 𝑅𝑝𝑟𝑜𝑏 = 0.5); 

 Append augmented image to dataset list. 
 

 

The algorithm in Table 4-1 defines the image augmentation technique for training a robust 

rotation and translation invariant multi-sensor fusion architecture. This algorithm is 

© Central University of Technology, Free State



86 
 

inspired by existing studies on addressing the translation and rotation invariant problem of 

CNN and deep learning models using image preprocessing techniques [275,277] and was 

fine-tuned during training to suit the sensor fusion architecture. This algorithm implements 

four transformation techniques: `Rotate`, HorizontalFlip, VerticalFlip, and ShiftRotate. 

The Rotate transformation rotates the image by a random angle between -360 and 360 

degrees and a rotation probability of 0.9. A 0.9 probability means that every time the code 

runs, there is a 90% chance that it will be rotated randomly. The HorizontalFlip 

transformation flips the image horizontally with a probability of 0.5. The VerticalFlip 

transformation flips the image vertically with a probability of 0.5. Finally, the ShiftRotate 

transformation applies random shifts with a shift limit of 0.2 and rotations to the image 

with a probability of 0.5. A 0.2 shift limit means that the image can be shifted up or down 

the height or width by up to 20% of the original image. Samples of the augmented images 

are presented in Figure 4-6. 

 

 

(a) Original Image 
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(b) Transformed images via image augmentation 

 

Figure 4-6 Sample Image Augmentation 
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4.4 CONCLUSION 

In this chapter, the common calibration processes for image sensors were presented using 

the camera model concept and the Direct Linear Transform technique. An automatic 

extrinsic calibration technique was then proposed for the multi-sensor fusion architecture 

for this report. This technique was achieved using image augmentation and normalisation 

techniques to make multi-sensor fusion model rotation and translation invariant. With a 

rotation and translation invariant model, the model becomes robust enough to learn the 

unified BEV perspective mapping (see Chapter 5) of features from different camera inputs 

fused with the LiDAR BEV features. This becomes achievable for the model after the 

intrinsic matrix of the camera sensor has been predetermined using any of the common 

calibration (Zhang's and Tsai's) techniques highlighted in this chapter. 
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CHAPTER 5: BEVMSF3D AND IOT FRAMEWORK  

 

5.1 INTRODUCTION 

In this chapter, the unified BEV for single or multiple camera(s) and lidar fusion is 

presented. The sensor fusion pipeline consists of four modules which are the feature 

extraction module, the view transformation module, the feature fusion module and the 

classifier module. Figure 5-1 presents an overview of BEVMSF3D. 

 

(a) Each Camera image passes through the backbone and extracted features are 

passed through the View transformer to its equivalent BEV  

View Transformer 

BACKBONE 
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(b) The single Lidar Point cloud image is also passed through the Backbone to 

obtain its BEV features 

 

 

(c) The BEV Lidar and Camera features are Concatenated to give a single BEV 

Feature 

Figure 5-1 The sensor Fusion Pipeline 

 

BACKBONE 

Camera BEV Features 

Lidar BEV Features 
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5.2 MULTI-SENSOR FUSION ARCHITECTURE  

5.2.1 Sensor data preprocessing 

To begin the BEVMSF3D architecture, the image augmentation technique is employed to 

enhance the robustness of the trained fusion model, during the training phase. This 

technique is aimed at ensuring the model's ability to handle rotations and translations 

effectively, as elaborated in section 4.3.4. The novel FastSeg3D algorithm, as detailed in 

section 3.3, is employed on the raw point cloud data to effectively remove ground points. 

The 3D point cloud object is then converted to its equivalent BEV image in RGB format, 

as presented in section 4.3.3. 

 

As emphasised in section 2.4.3 of chapter two, it is worth noting that most ground truth 

data used in training deep learning models for computer vision tasks, such as object 

detection, heavily relies on depth information, primarily obtained from LiDAR sensors. 

Therefore, the incorporation of LiDAR information plays a significant role in enhancing 

the efficiency of our model for assisted navigation. 

 

5.2.2 Feature extraction: The backbone module 

To extract the features of the camera image and LiDAR image, the EfficientNet [278] and 

BiFPN modules were employed as the multi-sensor fusion backbone. EfficientNet is a 

family of convolutional neural networks that scales up convolutional neural networks by 

balancing network depth, width, and resolution to achieve better performance. The 

architecture uses depthwise separable convolutions which are a combination of depthwise 

convolutions and pointwise convolutions. Depthwise convolutions apply a single filter to 

each input channel separately while pointwise convolutions apply a 1x1 filter to combine 

the output of depthwise convolutions, see Figure 5-2. The EfficientDet [279] model uses 

EfficientNet as the backbone network and a newly proposed multi-scale features fusion 

block called Bidirectional Feature Pyramid Network (BiFPN). 
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Figure 5-2 A Single EfficientNet Mobile Inverted Bottle Neck Convolution (MBConv) and its improvement 

for EfficientNet version 2 [278] 

 

The BiFPN is part of the family of FPN, which was proposed first by [280] to address the 

problem of detecting small objects by fusion different levels of feature extracted sizes. This 

is an improved version of the Neural Architecture Search Feature Pyramid Network (NAS-

FPN) [281] that allows for bidirectional feature fusion between different levels of the 

feature pyramid. BiFPN achieves bidirectional feature fusion by allowing features from the 

low-resolution P3 levels to high-resolution P7 levels to repeatedly flow in both top-down 

and bottom-up ways, using a weighted feature fusion strategy to combine features based on 

their importance. This makes it more efficient than previous feature networks, see Figure 

5-3. 
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(a) Family of FPN 

 

(b) BiFPN 

Figure 5-3 BiFPN and the FPN family [279] 

 

The EfficientNet and BiFPN have shown better accuracy and efficiency than existing 

convolutional neural networks and FPNs. This forms the backbone of BEVMSF3D for this 

report, and it is used to extract camera images and point cloud BEV images for further 

processing. 

 

Given an input tensor 𝑋𝑖, which could be the camera image 𝑋𝑖
𝑐𝑎𝑚 or point cloud image 𝑋𝑖

𝑝𝑐
, 

with tensor shape (𝐻𝑖 , 𝑊𝑖 , 𝐶𝑖), where 𝐻𝑖 and 𝑊𝑖  are the spatial dimensions and 𝐶𝑖 is the 
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channel dimension and a function 𝑌𝑖 = 𝐹𝑖(𝑋𝑖), where 𝐹𝑖 is the operator and 𝑌𝑖 is the output 

tensor of the input 𝑋𝑖. A ConvNet N representing a list of convolution layers can be 

expressed as: 

𝑁 = 𝐹𝑘 ∗. . .∗ 𝐹2 ∗ 𝐹1(𝑋(𝐻𝑖,𝑊𝑖,𝐶𝑖)
) =  ∗𝑗=1...𝑘 𝐹𝑗(𝑋(𝐻𝑖,𝑊𝑖,𝐶𝑖)

)                                          (5.1) 

Where * is the symbol for convolution, 𝑘 is the total number of times the convolution is 

performed and 𝑗 is the current convolution. 

 

Given a set of extracted features 𝑃𝑖
𝑖𝑛 (where 𝑖 is the extracted feature level number) from 

input tensor 𝑋𝑖, the BiFPN uses a set of weights 𝑤𝑖 and 𝑤𝑖
′ to perform feature fusion across 

feature levels. This can be expressed as: 

𝑃6
𝑡𝑑 = 𝐶𝑜𝑛𝑣 (

𝑤1. 𝑃6
𝑖𝑛 + 𝑤2. 𝑅𝑒𝑠𝑖𝑧𝑒(𝑃7

𝑖𝑛)

𝑤1 + 𝑤2 + 𝜖
)                                                                    (5.2) 

𝑃6
𝑜𝑢𝑡 = 𝐶𝑜𝑛𝑣 (

𝑤’1. 𝑃6
𝑖𝑛 + 𝑤’2. 𝑃6

𝑡𝑑 + 𝑤2. 𝑅𝑒𝑠𝑖𝑧𝑒(𝑃5
𝑜𝑢𝑡)

𝑤’1 + 𝑤’2 + 𝑤’3 + 𝜖
)                                          (5.3) 

Although the point cloud BEV features are already in BEV format, this is not the case for 

the camera feature image. Therefore, this has to be addressed using camera intrinsic 

parameters to perform a perspective mapping as discussed in the next subsection. 

 

The features extracted for a single camera image are presented in Figure 5-4. Each feature 

level is set to a depth (channel size) of 128. Therefore, the features for each level are 128 

depth each and shape (𝑤, ℎ) varying from (64, 64) for the highest resolution features, 𝑃7 

to (4, 4) for the lowest resolution, 𝑃3. 
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(a) A condensed view of extracted features for Levels P7 to P3 

 

(b) The first 8 of 128 channels of the level P7 of the extracted features 

 

Figure 5-4 Features of a single camera image 
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5.2.3 Inverse perspective mapping (IPM) and the view transform module 

The inverse perspective mapping is a well-known concept in computer vision (CV). It is a 

transformation technique used to map a 3D object which has been projected onto a 2D 

image plane to a new position to create a new 2D image, like a top-down or bird's-eye view 

(BEV) image. It is often applied to remove the perspective effect from a vehicle’s front-

facing camera and to remap its images into a 2D domain, resulting in a top-down view 

[282,283]. The BEV image attempts to preserve distance and parallel lines, correcting the 

perspective effect. IPM involves using a homography matrix 𝐻 that relates the coordinates 

(𝑥, 𝑦) of a point 𝑃𝑠𝑟𝑐 in the image plane to the coordinates (𝑋, 𝑌) of the same point 𝑃𝑑𝑠𝑡 in 

the BEV plane. The matrix can be computed from the camera intrinsic matrix 𝐾 and the 

ground plane equation 𝑀, or learned from data using a deep neural network. The 

homography projection matrix 𝐻 can be expressed as 𝐾[𝑅|𝑡] where K is the intrinsic matrix 

of the camera and [𝑅|𝑡] is the extrinsic matrix of the camera [223]: 

𝐻 = 𝐾[𝑅|𝑡] = [
ℎ11 ℎ12 ℎ13

ℎ21 ℎ22 ℎ23

ℎ31 ℎ32 1
]                                                                        (5.4) 

In OpenCV, this can be estimated without using the camera intrinsic and extrinsic matrices 

using a function called getPerspectiveTransform once four points in the source plane 𝑀𝑠𝑟𝑐 

and destination plane 𝑀𝑑𝑠𝑡  have been defined. This known or estimated Homography 

matrix (perspective transform) is then used to warp the source image plane to the 

destination plane (i.e. BEV image). Warping a source point 𝑃𝑠𝑟𝑐 to a destination point 𝑃𝑑𝑠𝑡 

can be expressed as: 

𝑃𝑑𝑠𝑡 = 𝐻𝑃𝑠𝑟𝑐                                                                                                              (5.5) 

𝑃𝑠𝑟𝑐 = 𝐻−1𝑃𝑑𝑠𝑡                                                                                                         (5.6) 

The destination plane is formulated using the plane mathematical equation: 

𝑀𝑑𝑠𝑡 = 𝑎𝑋 + 𝑏𝑌 + 𝑐𝑍 + 𝑑                                                                                                 (5.7) 
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This plane mathematical equation is the same as equation 3.11. This model is used to create 

a mesh grid for the BEV plane with 𝑍 = 0. 

Figure 5-5 shows an example of an image transformed from its front camera to a top-down 

view (BEV). 

 

Figure 5-5 Traditional IPM from Front to Top-down View 

 

Using deep learning (supervised learning) the IPM technique can be trained to properly 

represent a front-view image to a top-down image. This process is achieved using the 

following steps: 

 

5.2.3.1 Resample features 

The camera image features are resampled using the camera's intrinsic matrix and the created 

BEV mesh grid, see equation 5.7. First, the extracted features from the image are 

transformed into the camera coordinates using the camera intrinsic matrix. This camera 

coordinates are repositioned to look like the camera is facing down in a top-down manner. 

Figure 5-6 shows the relationship between the image plane and the BEV plane. Therefore 

only the columns of the intrinsic matrix that are responsible for representing the features in 
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the BEV plane are used for resampling. The algorithm to accomplish this step is shown in 

Table 5-1. 

 

Table 5-1 Resample features algorithm 

 
Algorithm: Resampling Image Features to Bird's Eye View (BEV) 

Camera Coordinate 

 

Input: 

features: Image Features 

calib: Calibration Matrix (3 x 3) 

resolution: BEV Resolution 

dimensions: BEV Grid dimensions in the format [𝑥𝑚𝑖𝑛 , 𝑧𝑚𝑖𝑛 , 𝑥𝑚𝑎𝑥 , 𝑧𝑚𝑎𝑥] 

 

Output: 

Resampled Features in BEV Camera Coordinate 

 

Initialisation: 

 

near ← dimensions[1] 

far    ← dimensions[3] 

grid  ← _create_bev_grid(resolution, dimensions) 

 

1 Transform to Camera Coordinates: 

2       𝐶𝑎𝑚𝑐𝑜𝑜𝑟𝑑  = 𝑐𝑎𝑙𝑖𝑏𝑦=0 × 𝑔𝑟𝑖𝑑; 

3 Calculate bev x-coordinates and z-coordinates: 

4        𝑥𝑏𝑒𝑣 =
camcoord(𝑥)

𝑐𝑎𝑚𝑐𝑜𝑜𝑟𝑑(𝑦)
; 

5        𝑥𝑏𝑒𝑣_𝑛𝑜𝑟𝑚 = (
𝑥𝑏𝑒𝑣

𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠𝑠𝑖𝑧𝑒
× 2) − 1; 

6        𝑧𝑏𝑒𝑣 = (
𝑐𝑎𝑚𝑐𝑜𝑜𝑟𝑑(𝑦) – 𝑛𝑒𝑎𝑟

𝑓𝑎𝑟 – 𝑛𝑒𝑎𝑟
× 2) − 1; 

7        𝑔𝑟𝑖𝑑𝑐𝑜𝑜𝑟𝑑 = 𝑚𝑎𝑥 (−1.1,𝑚𝑖𝑛 (1.1, 𝑠𝑡𝑎𝑐𝑘(𝑥𝑏𝑒𝑣𝑛𝑜𝑟𝑚
, 𝑧𝑏𝑒𝑣))) ; 

8        𝒈𝒓𝒊𝒅_𝒔𝒂𝒎𝒑𝒍𝒆(𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 𝑔𝑟𝑖𝑑𝑐𝑜𝑜𝑟𝑑) 

 

The resampler algorithm begins by initialising parameters such as the near and far 

dimensions and creating a BEV grid for resampling based on the specified resolution and 

dimensions. This grid is created using PyTorch’s mesh grid function, which creates a 

rectangular grid from an array of 𝑧𝑚𝑎𝑥 − 𝑧𝑚𝑖𝑛 with an increment of the specified 

𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 and an array of 𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛 with an increment of the specified 𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛. It 
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then transforms the grid into camera coordinates using the provided calibration matrix. 

Subsequently, it calculates x-coordinates and z-coordinates to form grid coordinates. These 

grid coordinates are clamped to be between -1.1 and 1.1. This resolution of approximately 

2m is set to strike a balance between accuracy and speed. Finally, the algorithm performs 

grid sampling, using PyTorch’s grid sample function, on the input image features using the 

calculated BEV grid coordinates, resulting in resampled features in the Bird's Eye View 

(BEV) camera coordinate system as the output. 

 

The grid sample function performs a spatial transformation on the given features to the 

specified grid coordinate, the input and output shape remains the same, only a 

transformation of features to the specified new coordinates.  

 

  

(a) Coordinates of the source point 𝑃𝑠𝑟𝑐 

in the front-view image plane 

(b) Coordinates of the destination point 

𝑃𝑑𝑠𝑡 relative to the front-view 

image plane 

 

Figure 5-6 Relationship between the image plane and the BEV plane 

 

5.2.3.2 View transform module 

Although features have been resampled to the top-down view, the resampler only performs 

a mathematical transformation, see equations 5.4 to 5.6. This is prone to errors and 

distortion, as shown in Figure 5-5. To address this, the model would need to learn to make 

corrections to any wrongly positioned or transformed features. The view transformer 
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module is designed to address this. To achieve this the algorithm in Table 5-2 shows how 

learnable convolution layers are incorporated to improve the view transformation. 

 

Table 5-2 Algorithm of view transform features 

  

 Algorithm: View Transform Features 

 

Input: 

features: Image Features 

calib: Calibration Matrix (3 x 3) 

resolution, 𝒓𝒆𝒔: BEV Resolution 

dimensions: BEV Grid dimensions in the format [𝑥𝑚𝑖𝑛 , 𝑧𝑚𝑖𝑛 , 𝑥𝑚𝑎𝑥 , 𝑧𝑚𝑎𝑥] 

in_channels, 𝒄𝒉𝒊𝒏: Number of Input Channels 

channels, 𝒄𝒉: Number of Intermediate Channels 

ymin, ymax: BEV Y-coordinates. See Figure 5.6. This is set to (−1.0, 1.0). 

focal_length, 𝒇𝒃𝒆𝒗: Specified the camera 𝑓𝑜𝑐𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ in the top-down 

view (BEV) position. 

 

Output: 

Resampled Features in BEV Camera Coordinate 

 

Initialisation: 

 

conv ← 𝐶𝑜𝑛𝑣2𝐷(𝑐ℎ𝑖𝑛 , 𝑐ℎ, 𝑘𝑒𝑟𝑛𝑒𝑙 = 1) 

bn     ← 𝐺𝑟𝑜𝑢𝑝𝐵𝑎𝑡𝑐ℎ𝑁𝑜𝑟𝑚(16, 𝑐ℎ) 

resampler  ← _𝒓𝒆𝒔𝒂𝒎𝒑𝒍𝒆𝒓(𝑟𝑒𝑠, 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠) 

in_height, 𝒉   ←  𝑟𝑜𝑢𝑛𝑑𝑢𝑝 (𝑓𝑏𝑒𝑣 ×
𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛

𝑧𝑚𝑖𝑛
) 

𝒚𝒎𝒊𝒅            ←  
𝑦𝑚𝑎𝑥+𝑦𝑚𝑖𝑛 

2
. 

depth         ←  𝑟𝑜𝑢𝑛𝑑𝑢𝑝 (
𝑧𝑚𝑎𝑥−𝑧𝑚𝑖𝑛

𝑟𝑒𝑠
) 

fc                ←  𝐶𝑜𝑛𝑣1𝐷(𝑐ℎ × ℎ, 𝑐ℎ × 𝑑𝑒𝑝𝑡ℎ, 𝑘𝑒𝑟𝑛𝑒𝑙 = 1). This is the fully 

convolution layer. 

out_channels  ←  channels 

 

 

1 for 𝑝𝑎𝑖𝑟(𝑓𝑒𝑎𝑡, 𝑐𝑎𝑙) in 𝑝𝑎𝑖𝑟(𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 𝑐𝑎𝑙𝑖𝑏): 

2       focal length 𝑓 = 𝑓𝑥; 

3       𝑜𝑓𝑓𝑠𝑒𝑡, 𝑝 = 𝑝𝑥; 

4       𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝑚𝑖𝑑𝑑𝑙𝑒, 𝑣𝑚𝑖𝑑 = (
𝑦𝑚𝑖𝑑×𝑓

𝑧𝑚𝑖𝑛+𝑝
) ; 
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5       𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝑚𝑖𝑛𝑖𝑚𝑢𝑚, 𝑣𝑚𝑖𝑛 = (
𝑣𝑚𝑖𝑑−ℎ

2
) ; 

6       𝑣𝑒𝑟𝑡𝑖𝑐𝑎𝑙 𝑚𝑎𝑥𝑖𝑚𝑢𝑚, 𝑣𝑚𝑎𝑥 = (
𝑣𝑚𝑖𝑑+ℎ

2
) ; 

7       𝑓𝑒𝑎𝑡𝑝𝑎𝑑 = 𝑝𝑎𝑑(𝑓𝑒𝑎𝑡, [0, 0,−𝑣𝑚𝑖𝑛 , 𝑣𝑚𝑎𝑥 − 𝑓𝑒𝑎𝑡𝑠𝑖𝑧𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑥−𝑎𝑥𝑖𝑠]); 

8 stack the padding features: 𝑓𝑒𝑎𝑡𝑠𝑡𝑎𝑐𝑘 = ∑ 𝑓𝑒𝑎𝑡𝑝𝑎𝑑(𝑖)
𝑛
𝑖=0,…,𝑛 ; 

9 Conv2D, bn, and ReLU features, 𝑓𝑒𝑎𝑡𝑐𝑜𝑛𝑣; 

10 flatten the convolved features: 𝑓𝑒𝑎𝑡𝑓𝑙𝑎𝑡 = 𝑓𝑙𝑎𝑡(𝑓𝑒𝑎𝑡𝑐𝑜𝑛𝑣); 

11 fc the flattened features: 𝑓𝑒𝑎𝑡𝑏𝑒𝑣 = 𝑓𝑐(𝑓𝑒𝑎𝑡𝑓𝑙𝑎𝑡); 

12  𝒓𝒆𝒔𝒂𝒎𝒑𝒍𝒆𝒓(𝑓𝑒𝑎𝑡𝑏𝑒𝑣 , 𝑐𝑎𝑙𝑖𝑏); 
 

The algorithm begins by initialising several parameters. These parameters are; the 

convolution layer, batch normalisation type, and an instance of the resampler algorithm. 

The algorithm refines the features before they are passed to the resampler. This is major 

because the resampler only focuses on resampling input features, there is a need to properly 

define the BEV image plane (𝑋, 𝑌). To define the BEV image plane, the 𝑌-coordinate is 

determined to be a total of 2m i.e. (−1𝑚, 1𝑚), see input. This 𝑌 coordinate is used to pad 

the initially resampled features to adjust its column (i.e. 𝑌-axis) size, see line 7. The final 

BEV would have its x-axis unchanged, see line 7 (0, 0 represents 𝑥𝑚𝑖𝑛  and 𝑥𝑚𝑎𝑥). To 

achieve this the set 𝑌-coordinate, a set focal length, 𝑓𝑏𝑒𝑣  and the Z-coordinate of the 

predefined grid extent or dimension is used to determine the height (ℎ), which is the input 

height. Also, the 𝑦𝑚𝑖𝑑  and 𝑑𝑒𝑝𝑡ℎ of the BEV camera coordinates about the BEV plane are 

initialised. 

 

After initialising the relevant attributes, the features are padded to suit the new BEV set 

environment. This is achieved using the focal length and principal point of the x-axis of the 

camera’s intrinsic parameters, remember the y-axis is zero, as shown in Figure 5-6. A new 

vertical minimum and maximum value are determined and used to pad the input features. 

These padded features and stacked up together and convolved. This convolution layer is 

responsible for learning and correcting features. This is then flattened and passed through 

the fully convolution layer which serves as a decoder to decode the input features that have 

been adjusted to be in line with the BEV image plane. 
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5.2.3.3 Applying the view transform to all feature levels 

So far, the view transform features and resampler algorithms are designed to transform the 

features for a given level e.g. 𝑃6 to BEV image plane, see section 5.2.2 and Figure 5-4. To 

apply this to all feature levels a simple algorithm is used to organise features into a list, 

each position holding the features for a level. Then iteratively, the view transform and 

resampler are performed on each level and all the features for each level are concatenated 

(i.e. merged) to return a single merged feature for that particular level. This algorithm is 

presented in Table 5-3. 

 

Table 5-3 Algorithm to apply view transform to all feature levels (also called Pyramid features) 

 

 Algorithm: Transform Pyramid Features to BEV. 

 

Input: 

features: List of Image Features 

calib: Calibration Matrix (3 x 3) 

resolution, 𝒓𝒆𝒔: BEV Resolution 

dimensions: BEV Grid dimensions in the format [𝑥𝑚𝑖𝑛 , 𝑧𝑚𝑖𝑛 , 𝑥𝑚𝑎𝑥 , 𝑧𝑚𝑎𝑥] 

in_channels, 𝒄𝒉𝒊𝒏: Number of Input Channels 

channels, 𝒄𝒉: Number of Intermediate Channels 

ymin, ymax: BEV Y-coordinates. See Figure 5-6. This is set to (−1.0, 1.0). 

focal_length, 𝒇𝒃𝒆𝒗: Specified the camera 𝑓𝑜𝑐𝑎𝑙 𝑙𝑒𝑛𝑔𝑡ℎ in the top-down view 

(BEV) position. 

 

Output: 

List of Resampled Features for each level in BEV Camera Coordinate 

 

Initialisation: 

 

view_transform list, 𝑻𝒙𝒍𝒊𝒔𝒕 ← 𝑣𝑖𝑒𝑤 𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚 

for 𝑖 in size of 𝑻𝒙𝒍𝒊𝒔𝒕 : 

       𝑓𝑙𝑒𝑣𝑒𝑙                    ← 
𝑓𝑏𝑒𝑣

(𝑖+3)2
 

       𝑧𝑙𝑒𝑣𝑒𝑙 (𝑚𝑎𝑥)          ← 𝑚𝑖𝑛(𝑟𝑜𝑢𝑛𝑑𝑑𝑜𝑤𝑛(𝑓𝑙𝑒𝑣𝑒𝑙 × 2) × 𝑟𝑒𝑠, 𝑧𝑚𝑎𝑥) 

       𝑧𝑙𝑒𝑣𝑒𝑙 (𝑚𝑖𝑛)           ← 𝑟𝑜𝑢𝑛𝑑𝑑𝑜𝑤𝑛(𝑓𝑙𝑒𝑣𝑒𝑙) × 𝑟𝑒𝑠 

       𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠𝑙𝑒𝑣𝑒𝑙 ← [𝑥𝑚𝑖𝑛 , 𝑧𝑙𝑒𝑣𝑒𝑙 (𝑚𝑖𝑛), 𝑥𝑚𝑖𝑛 , 𝑧𝑙𝑒𝑣𝑒𝑙 (𝑚𝑎𝑥) ]  

       𝑻𝒙𝒍𝒆𝒗𝒆𝒍  ← 𝒗𝒊𝒆𝒘_𝒕𝒓𝒂𝒏𝒔𝒇𝒐𝒓𝒎(𝑐ℎ𝑖𝑛 , 𝑐ℎ, 𝑟𝑒𝑠, 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑠𝑙𝑒𝑣𝑒𝑙 , 𝑦𝑚𝑖𝑛 , 𝑦𝑚𝑎𝑥 , 𝑓𝑙𝑒𝑣𝑒𝑙) 
       𝑻𝒙𝒍𝒊𝒔𝒕    ← 𝒂𝒑𝒑𝒆𝒏𝒅(𝑻𝒙𝒍𝒆𝒗𝒆𝒍) 
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1 BEV features list, 𝒃𝒆𝒗𝒍𝒊𝒔𝒕 

2 for 𝑖, 𝑓𝑒𝑎𝑡𝑠 in 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠: 

3        𝑧𝑜𝑜𝑚_𝑖𝑛 = 4 × 2𝑖; 

4        𝑐𝑎𝑙𝑖𝑏𝑓𝑒𝑎𝑡𝑠 =
𝑐𝑎𝑙𝑖𝑏

𝑧𝑜𝑜𝑚_𝑖𝑛
; 

5        𝒃𝒆𝒗𝒍𝒊𝒔𝒕  ← 𝑎𝑝𝑝𝑒𝑛𝑑(𝑇𝑥𝑙𝑖𝑠𝑡(𝑖)(𝑓𝑒𝑎𝑡𝑠, 𝑐𝑎𝑙𝑖𝑏𝑓𝑒𝑎𝑡𝑠)); 

6  𝑏𝑒𝑣𝑙𝑒𝑣𝑒𝑙 = 𝑐𝑜𝑛𝑐𝑎𝑡(𝑏𝑒𝑣𝑙𝑖𝑠𝑡); 
 

As stated earlier, the View Transform Pyramid Algorithm helps to implement the 

previously presented algorithms compactly. The feature level, 𝑓𝑙𝑒𝑣𝑒𝑙  and z-coordinates, 

(𝑧𝑚𝑖𝑛 , 𝑧𝑚𝑎𝑥) are adjusted to account for the different resolutions of each feature level in the 

pyramid. This is then used to instantiate the view transform algorithm for that level, 𝑇𝑥𝑙𝑒𝑣𝑒𝑙 . 

Recall that levels are from P7 to P3. After this, the calibration for the current level is then 

adjusted (zoomed in) to account for the differences in channel values for each level. The 

BEV feature list, 𝑏𝑒𝑣𝑙𝑖𝑠𝑡 is used to collect all transformed features for a current level and 

then these features are concatenated to give a single merged feature for a given level.  

 

5.2.4 Feature fusion 

After the camera image features have been successfully transformed to BEV, the resulting 

output comprises a set of transformed features one for each level from P7 to P3. This is the 

same with the 2D RGB image map for the point cloud, whose features have also been 

extracted. These features can now be concatenated to give a single set of BEV features 

representing each level from highest to lowest resolution. This concatenation is done using 

the PyTorch’s concatenate function. The concatenated features are then passed through the 

Fused-MBConv layer three times and the output is sent to the classifier, see code 7 in the 

appendix. 

 

5.2.5 Classifier module and loss function 

A Bayesian classifier is used to generate semantic occupancy grid probabilities 𝑝(𝑚𝑖
𝑐|𝑧𝑡), 

a concept used in robotics to represent objects' position in the discrete grid (BEV plane). 

This is accomplished using a sigmoid function to generate a prediction of the desired output 
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classes and their corresponding position in the BEV image plane. During training two loss 

functions, see equations 5.8 to 5.10. are used to train the model. This Bayesian classifier 

algorithm is presented in Table 5-4. 

 

Table 5-4 Algorithm for Bayesian classifier with dropout sampling 

 

 Algorithm: Bayesian Classifier with Dropout Sampling 

 

Input: 

in_channels, 𝒄𝒉𝒊𝒏: Number of Input Channels 

num_class, 𝒄𝒍𝒔: Number of output classes. 

num_samples, 𝒔: Number of dropout samples for test-time prediction. 

prior, 𝒑: Prior probability distribution over classes. 

 

Output: 

Class logits (probability) for each input feature. 

 

Initialisation: 

 

conv                     ← 𝐶𝑜𝑛𝑣2𝐷(𝑐ℎ𝑖𝑛 , 𝑐𝑙𝑠, 𝑘𝑒𝑟𝑛𝑒𝑙 = 1) 

prior, 𝒑                 ← 𝑡𝑒𝑛𝑠𝑜𝑟(𝑝) 

conv.weights, 𝒘 ← (0 + 𝜖) 

conv.bias, 𝒃        ← log (
𝑝

1−𝑝
) 

 

1 if training: 

2        𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 = 𝑑𝑟𝑜𝑝𝑜𝑢𝑡2𝐷(𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 0.5, 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 = 𝑇𝑟𝑢𝑒); 

3        𝑝𝑟𝑒𝑑 = 𝑐𝑜𝑛𝑣(𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠); 

4 else: 

5        𝑓𝑒𝑎𝑡𝑠 = 𝑑𝑟𝑜𝑝𝑜𝑢𝑡2𝐷(𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠, 0.5, 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 = 𝑇𝑟𝑢𝑒); 

6        𝑔𝑒𝑡_𝑚𝑒𝑎𝑛_𝑠𝑐𝑜𝑟𝑒 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑐𝑜𝑛𝑣(𝑓𝑒𝑎𝑡𝑠)); 

6  𝑝𝑟𝑒𝑑 = 𝑔𝑒𝑡_𝑚𝑒𝑎𝑛_𝑠𝑐𝑜𝑟𝑒; 
 

The Bayesian Classifier with Dropout Sampling algorithm performs a simple 2D 

convolution, with its weight and bias initialised to be close to zero. The initialised bias of 

the log ensures that the bias is between 0 and 1, just like the prior which is a probability 

between 0 and 1. Also, the predicted output probability, 𝑝𝑟𝑒𝑑 is between 0 and 1. The 
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random dropout of features is a regularisation technique used to prevent overfitting of the 

model to the training dataset, this helps for better generalisation. 

 

The loss function plays an important role in the success of the model. It helps to calculate 

the difference between the ground truth and the predicted probability of classes. The 

weighted binary cross entropy loss function, 𝐿𝑏𝑒𝑐 is combined with an uncertainty loss 

function, 𝐿𝑢𝑛𝑐𝑒𝑟𝑡 to discourage the multi-sensor fusion model from making assumptions in 

regions with high uncertainty. This can be expressed as follows: 

𝐿𝑏𝑐𝑒 =
1

𝑁
∑[𝑚𝑖

𝑐 log(𝑝(𝑚𝑖
𝑐|𝑧𝑡)) + (1 − 𝑚𝑖

𝑐) log(1 − 𝑝(𝑚𝑖
𝑐|𝑧𝑡))]                          (5.8)

𝑁

𝑖=1

 

𝐿𝑢𝑛𝑐𝑒𝑟𝑡 =
1

𝑁
∑(1 − 𝑝(𝑚𝑖

𝑐|𝑧𝑡)) log(𝑝(𝑚𝑖
𝑐|𝑧𝑡))                                                           (5.9)

𝑁

𝑖=1

 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑏𝑐𝑒 + 𝜆𝐿𝑢𝑛𝑐𝑒𝑟𝑡                                                                                                   (5.10) 

Where: 

 𝑚𝑖
𝑐 is the true label for the 𝑖-th sample. 

 𝑝(𝑚𝑖
𝑐|𝑧𝑡) is the predicted occupancy grid probability. 

 𝑁 is the number of samples in the dataset. 

 𝐿𝑢𝑛𝑐𝑒𝑟𝑡 is the uncertainty loss function. 

 𝐿𝑏𝑐𝑒 is the binary cross entropy loss function. 

 𝐿𝑡𝑜𝑡𝑎𝑙  is the total loss function for the multi-sensor fusion model. 

 𝜆 is a constant weight factor for the 𝐿𝑢𝑛𝑐𝑒𝑟𝑡. This is set to 10−3. 
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5.3 THE PROPOSED IOT-FRAMEWORK  

5.3.1 IoT-framework 

One of the cooperative abilities that a network of assistive mobility robots (AMRs) can 

benefit from is the reference to the mapping of the visited location of other assistive 

mobility robots. When multiple sensors are fused successfully, the SLAM technique 

generates a map as an outcome. This map can be useful information to other AMRs 

accessing or visiting the same location, referred to as data sharing amongst AMRs in the 

IoT network [284–286]. Combining these maps, which would need to be retrieved by the 

AMR in real-time, with GPS coordinates and the real-time multi-sensor fusion and SLAM 

algorithm, the current AMR in the environment can significantly improve safety, 

efficiency, and speed in navigation tasks. This can also significantly reduce the bandwidth 

and storage requirements for the cloud. 

 

Research shows that many application layer protocols designed for video transmission over 

low-power lossy networks (LLNs) in IoT have been proposed [287–289]. However, 

extensive analysis and comparison by Sultana et al. [289] showed that Message Queuing 

Telemetry Transport (MQTT) [290,291] is a promising solution for the Internet of Video 

Things (IoVT) at the edge node with the consumption of less bandwidth and short latency. 

Another report confirmed that although the UDP-based transport protocol is a faster 

protocol for communication, the lack of packet guarantee and QoS models can extremely 

affect video quality transmitted over LLNs. 
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Figure 5-7 IoT Framework for multi-sensor fusion for ACAMDs 

 

Fog Layer 

Cloud Layer 

Aggregation Fog 

Fog1 Fog3 Fog4 Fog2 

Cloud 

AgFog

1 

AgFog

2 

Local Fog Broker 

ACAMDs ACAMDs 

Layer 

Layer 

© Central University of Technology, Free State



108 
 

Figure 5.7 presents an overview of the recommended IoT framework. This framework 

utilises fog computing and the MQTT application protocol to achieve efficient and reliable 

data sharing. The goal of this framework is to enable AMRs to securely upload and share 

mapping data of their surrounding environment to the cloud, creating a collaborative, real-

time reference map for all AMRs in the network.  

 

5.3.1.1 Data latency: Fog computing and the MQTT application protocol 

As presented in Figure 5.7, the idea of the proposed IoT framework is to group the 

ACAMDs to establish real-time interactive communication with the nearest fog server, 

called the local broker. At the ACAMDs layer, sensor fusion takes place and environments’ 

mappings are developed. Here the ACAMDs leverage the subscriber/publisher model of 

the MQTT clients to send and receive video and text messages of the BEV mapping of a 

particular location from the closest local fog broker. Topics are used to properly organise 

mappings with accompanying topics indicating the ACAMD’s start and end 

location/position coordinates per time (in longitude and latitude), duration of achieving 

navigational tasks, and other possible messages like the users' state. For instance, 

wheelchair user’s pulse rate, fall cases and possible collisions, and panic button pressed. 

 

To ensure real-time communication, the use of a BEV video mapping to JavaScript Object 

Notation (JSON) coordinates mapping system is recommended. Table 5-5 shows a high-

level algorithm of how this can be achieved. The main goal is to use the SLAM/BEV 

mapping of the environment with the help of a GPS to establish the positions of the 

ACAMDs and all detected objects relative to the ACAMDs at every given time. These 

positions and timestamps are then converted to a JSON file sent as a message and stored in 

the cloud. 

 

One of the main functions of the aggregate fog broker is traffic management and a slave 

database. This is similar to the function of the load balancer [292–294] which works to 

ensure publisher/subscriber communication is evenly distributed across the brokers to 

avoid traffic congestion in the network. The aggregate fog broker is also responsible for 
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publishing messages for every given session which is a successful navigation task of each 

ACAMD to the cloud MQTT broker, which is also the master database, and subscribing to 

the relevant request from the cloud.  

 

Table 5-5 High-level conversion from BEV mappings to JSON 

 

 Algorithm 1: Coarse Segmentation (REE) 

 

Input: 

- SLAM recorded video (BEV video) 

- Robot positions and timestamps 

- Detected objects and their positions relative to the robot at each 

timestamp. 

 

Output: JSON file containing robot positions, object positions, and 

timestamps 

 

Params: 

𝐽𝑆𝑂𝑁: Output JSON dictionary 

 

Initialisation: 

 𝐽𝑆𝑂𝑁 = { } 

1 for every 𝑓𝑟𝑎𝑚𝑒 in the BEV video do 

2       𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝_𝑑𝑎𝑡𝑎 =  [ ] # 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒 𝑎𝑛 𝑒𝑚𝑝𝑡𝑦 𝑙𝑖𝑠𝑡 

3       𝑔𝑒𝑡 𝑟𝑜𝑏𝑜𝑡𝑠 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛; 

4       for every 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑜𝑏𝑗𝑒𝑐𝑡 in the current 𝑓𝑟𝑎𝑚𝑒 do 

5              𝑐𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒 𝑡ℎ𝑒 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑡𝑜 𝑟𝑜𝑏𝑜𝑡𝑠 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛; 

6 
             objects data = {"object_type" :  static (as 0) or moving (as 1), 

                                        “relative_position”: relative position value}; 

7        𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝_𝑑𝑎𝑡𝑎. 𝑎𝑝𝑝𝑒𝑛𝑑(𝑜𝑏𝑗𝑒𝑐𝑡𝑠 𝑑𝑎𝑡𝑎); 

8  𝐽𝑆𝑂𝑁[𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝] =  𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝_𝑑𝑎𝑡𝑎; 
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5.3.1.2 Security: Authentication management system 

The lightweight mutual authentication scheme based on a hash function and the XOR 

operation proposed by [295] is adopted for this IoT Framework. The scheme is designed to 

address the limitations of current authentication mechanisms in the Industrial Internet of 

Things (IIoT) and the increased computation, communication, and storage overhead arising 

from these mechanisms. Each broker in the architecture is deployed with an authentication 

manager, which helps in securing the IoT framework. The scheme reduces storage and 

communication overheads by 89% and 23% respectively, as compared to a benchmark 

scheme introduced by Diro A. et al [296]. 

 

5.4 CONCLUSION 

In this chapter, a sensor fusion architecture and an IoT framework were developed. The 

sensor fusion architecture consisted of three main modules: the backbone or feature 

extraction module, the view transformation module and the Bayesian classifier/occupancy 

grid module. The backbone is responsible for extracting images into its equivalent features. 

Features are extracted into four levels using a feature fusion pyramid network to improve 

feature extraction accuracy for small objects. The view transformation module uses the 

inverse perspective mapping concept and some learnable convolution layer to successfully 

transform the extracted features of the image into its equivalent bird's eye view (BEV) or 

top-down view. The Bayesian classifier/occupancy grid module is then used with the binary 

cross-entropy loss and the uncertainty function to correctly place fused features in their 

corresponding grid positions in the BEV grid. 

 

An IoT framework is recommended using the fog computing infrastructure and the MQTT 

protocol to effectively achieve a low power consumption data sharing and scalable IoT 

framework. To address the constrain of transmitting and receiving large video files in real-

time, a BEV mapping video to JSON algorithm was proposed to convert BEV mapping 

video to a more compressed form (JSON file) consisting of the positions of the mobile 

robots or ACAMDs relative to all objects detected for every capture timestamp. 
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CHAPTER 6: RESULTS AND DISCUSSION  

 

6.1 INTRODUCTION 

This chapter presents the experimental setup and results for BEVMSF3D pipeline. The goal 

of this research study was to investigate and develop a suitable algorithm for multi-sensor 

fusion for ACAMDs. The sensors used for this study were the monocular cameras and lidar 

sensors. 

 

6.2 FASTSEG3D 

To validate the study's contribution and verify the progressiveness of both modules (REE, 

and WBMF), in this section the performance increase is presented with the introduction of 

each module and the accuracy to speed tradeoff, Table 6-1. Then FASTSEG3D is compared 

to some previous works [87,297,298] as shown in Table 6-2 using three (3) of the NuScene 

scenarios to demonstrate each algorithm's performance on uneven terrain. 

  

(a) before the window-based model fitting 

(WBMF), showing a false positive 

(b) With WBMF to address false positive 

 

Figure 6-1 FASTSEG3D: Before and after the WBMF 
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(a) REE: NuScene 0061, 

Sample 1 

(b) REE: NuScene 0103, 

Sample 2 

(c) REE: NuScene 0796, 

Sample 1 

   

(a) WBMF: NuScene 0061, 

Sample 1 

(b) WBMF: NuScene 0103, 

Sample 2 

(c) WBMF: NuScene 0796, 

Sample 1 

   
(a) [297]: NuScene 0061, 

Sample 1 

(b) [297]: NuScene 0103, 

Sample 2 

(c) [297]: NuScene 0796, 

Sample 1 

   
(a) [87]: NuScene 

0061, Sample 1 

(b) [87]: NuScene 

0103, Sample 2 

(c) [87]: NuScene 

0796, Sample 1 

   
(a) [80]: NuScene 

0061, Sample 1 

(b) [80]: NuScene 

0103, Sample 2 

(c) [80]: NuScene 

0796, Sample 1 
 

Figure 6-2 Qualitative comparison between FASTSEG3D before WBMF (REE), after WBMF, and some 

previous works [87,297,298]. 
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6.2.1 Experimental setup: 

The experiment for all ground segmentation algorithms was performed using the C++ 

Standard Library, Point Cloud Library (PCL), OpenCV and Eigen Library in Linux Ubuntu 

20.04 Operating System (OS). They were all performed on the same computer, Intel i5-

7200U and 8GB RAM, for consistency. Thereafter, the NuScene [245,299] dataset was 

adopted to evaluate and compare FASTSEG3D proposed ground removal algorithms to 

other efficient algorithms. Based on the point-wise labels, the points are labelled as 

flat.terrain, flat.other, flat.sidewalk, flat.driveable [245,299], are considered to be ground 

points, points labelled as noise were ignored, and every other point was considered to be a 

non-ground point. 

 

6.2.2 Experimental parameters for FASTSEG3D 

To experiment the following parameters were set as follows: range image dimension 

(𝑟𝑜𝑤, 𝑐𝑜𝑙𝑢𝑚𝑛) = {(𝑥𝑚𝑖𝑛 , 𝑥𝑚𝑎𝑥), (𝑦𝑚𝑖𝑛 , 𝑦𝑚𝑎𝑥)} = {(0, 1024), (0, 70𝑚)} for the NuScene 

dataset. Elevation tolerance 𝐸𝑡 = 0.2𝑚. 

 

For the WBMF, the window dimension was set to, row i.e. 𝑤 was set to 𝑤 =
1024

16
 and 

column i.e. 𝑐 =
70

5
. Minimum and maximum seed points per window were set to 5 and 20 

respectively The threshold values for distance to the window’s origin, inclination angle and 

elevation were set to 𝑑𝑡ℎ = 1𝑚, 𝛼𝑡ℎ = 10, 𝐸𝑡ℎ = 0.2𝑚 respectively. 

 

6.2.3 Evaluation metrics: 

To evaluate the proposed approach the recall for ground and non-ground points, frame per 

second (fps) and the mean IoU (intersection over union) for predicted points for each scene 

were calculated. To capture the performance of the proposed algorithm in varying scenarios 

a total of 10 scenes were selected from the nuScene lidar dataset with a total of 404 lidar 

scans, as shown in Table 6-1. The average recall, fps and mIoU for each nuScene were 

calculated as follows: 
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𝑅𝑒𝑐𝑎𝑙𝑙 = ∑
𝑇𝑃

𝑇𝑃 + 𝐹𝑁

𝐼

𝑖=1

,   𝑤ℎ𝑒𝑟𝑒  𝑖 = 1, 2, 3, … , 𝐼.                                                 (6.1) 

𝐼𝑜𝑈 = ∑
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁

𝐼

𝑖=1

                                                                                           (6.2) 

𝑚𝐼𝑜𝑈 =
𝐼𝑜𝑈𝑔 + 𝐼𝑜𝑈𝑛𝑔

2
                                                                                                (6.3) 

𝑓𝑝𝑠 =
1

𝑡𝑖𝑚𝑒𝑝𝑒𝑟 𝑓𝑟𝑎𝑚𝑒
                                                                                                   (6.4) 

 

Where 𝑇𝑃, 𝐹𝑁, 𝑎𝑛𝑑 𝐹𝑃 represents the True Positive, False Negative, and False Positive for 

predicted points, 𝐼 represent all samples in a given scene and 𝐼𝑜𝑈𝑔 , 𝐼𝑜𝑈𝑛𝑔  represents IoU 

for ground points and IoU for non-ground points for a given scene. For autonomous driving, 

recall is important to measure the ability of a proposed algorithm to correctly identify all 

relevant instances of a target class within a dataset. Also, the mean IoU gives us the measure 

of how the overall predicted classes (ground and non-ground) overlap with the ground truth 

classes. Therefore, these metrics were used to evaluate and compare the FASTSEG3D 

approach to other efficient algorithms. 

 

Table 6-1 Description of selected NuScene dataset for evaluating segmentation methods 

NuScene Description 

0061 Parked Truck, Construction, Intersection 

0103 Pedestrian Traffic, Bike Rack, Cyclist 

0553 Intersection Wait, Large Truck, Pedestrian Crossing 

0655 Parking Lot, Jaywalker, Bendy Bus 

0757 Busy Intersection, Bus, and Bicycle Traffic 

0796 Sidewalk Traffic, Overtaking Vehicles, Construction Zone 
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0916 Bicycle Parking, Pedestrian Traffic, Parked Vehicles 

1077 Night Bus Stop, Construction Zone, High Speed 

1094 Rainy Night, Pedestrian Traffic, PMD Traffic 

1100 Night Pedestrian Traffic, Scooters, Difficult Lighting 

 

6.2.4 FASTSEG3D: REE and WBMF modular performance increase: 

The FASTSEG3D modular evaluation begins by showing the performance-to-speed trade-

off in Table 6-2, for the fastseg3d modular setup. As referenced in the methodology section 

[246], the ring elevation map representation of point clouds addresses the limitations of the 

traditional polar representation for uneven distribution of points over distance. The success 

of the REE technique is based on the premise that point clouds are evenly distributed. The 

REE is therefore able to give a good estimation of ground points which are expected to be 

all points less than the point with the minimum elevation and a certain slope threshold for 

all points with similar ranges. Furthermore, the success of the WBMF technique is also 

based on the premise that point clouds are evenly distributed. Therefore, sliding a fixed 

window size over the ring elevation map image is guaranteed to capture regions of the point 

clouds and smooth the estimated ground points. Because points within a similar range could 

include flat terrains that are above the slope threshold, calculating the surface normal of 

that region and refining the labels according to the surface normal threshold values for that 

region is also successful as shown in Figure 6-1. 

 

However, the REE module is good for ground removal because its threshold for elevation 

is fixed. This leads to a high number of false positives and false negatives which is reflected 

in the recall and mIoU results. 

 

Generally, it is ideal to have a recall and mIoU of above 90% as a very good score for 

prediction. Figure 6-1 shows an example of how REE suffers from false negatives in 

uneven terrain. 
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Table 6-2 The performance-to-speed result for each FASTSEG3D module 

 

FASTSEG3D 

MODULES 

NuScenes 

0061 0103 0553 0655 0757 0796 0916 1077 1094 1100 

𝑓𝑝𝑠 

REE 64.80 68.72 70.99 70.09 70.40 73.64 70.52 68.95 70.37 67.75 

WBMF 20.29 19.49 24.04 20.07 22.02 22.27 21.51 20.32 22.24 20.11 

𝑅𝑒𝑐𝑎𝑙𝑙𝑔(%) 

REE 94.08 91.37 89.44 91.65 94.34 94.06 93.09 93.68 95.03 93.07 

WBMF 99.25 98.62 99.37 97.58 99.77 99.80 98.79 99.17 99.69 99.51 

𝑅𝑒𝑐𝑎𝑙𝑙𝑛𝑔(%) 

REE 82.23 88.72 91.97 87.71 89.68 87.91 86.77 85.83 89.79 86.19 

WBMF 89.75 93.87 93.08 95.73 94.88 92.59 91.81 91.53 92.66 95.82 

𝑚𝐼𝑜𝑈(%) 

REE 78.39 81.61 82.90 81.38 85.63 83.80 82.04 81.90 86.35 81.68 

WBMF 87.11 92.23 92.05 91.96 94.40 91.53 91.56 91.11 93.65 92.81 

 

 

6.2.5 FASTSEG3D versus other proposed algorithms: 

The algorithms selected for the comparison were considered based on their similarities to 

the FastSeg3D algorithm, performance, FPS and their uniqueness as compared to other 

existing algorithms. These narrowed the selection to the popular RANSAC by Fischler et 

al. [87], the coarse-to-fine grain algorithm by Shen et al.[298], and the recent robust 

concentric zone model (CZM) algorithm approach by Lee et al.[297]. To compare other 

proposed algorithms with FASTSEG3D the parameters of each algorithm are fine-tuned to 

get the best results for the nuScene dataset. Table 6-3 shows the performance and speed of 

each algorithm as compared to FASTSG3D. Since this algorithm focuses on efficiently 

removing ground points from a given point cloud, the 𝑟𝑒𝑐𝑎𝑙𝑙𝑔, 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑔, 𝑓𝑝𝑠, 𝐼𝑜𝑈𝑔  and 

the total number of points (in percentage) processed from a given scanned point cloud is 
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used to compare algorithms. To calculate the number of points processed the percentage of 

points processed from the given number of scanned point clouds is calculated after filtering 

out the points close to the ego vehicle which is classified as vehicle.ego on the NuScene 

dataset. Since all algorithms compared do not include a downsampling technique to evenly 

downsample point clouds a lower value of processed points increases the possibility of 

omitting important points labelled as objects which could be crucial in object detection or 

further point processing. 

Table 6-3 The performance-to-speed comparison of FASTSEG3D with other algorithms. 

 

Methods 
NuScenes 

0061 0103 0553 0655 0757 0796 0916 1077 1094 1100 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑖𝑛𝑡𝑠 (%) 

[87] 100 100 100 100 100 100 100 100 100 100 

[298] 33.44 32.43 38.09 33.20 32.15 36.34 33.72 32.92 32.39 32.99 

[297] 100 100 100 100 100 100 100 100 100 100 

FASTSEG3D 89.41 88.72 87.65 82.48 82.58 84.96 81.02 81.22 81.50 81.94 

𝑓𝑝𝑠 

[87] 43.76 48.19 46.81 48.46 52.21 61.52 51.72 46.06 47.45 46.39 

[298] 27.21 27.01 25.79 27.20 29.61 28.08 27.19 27.47 28.13 24.49 

[297] 5.30 5.71 7.40 5.43 5.91 7.02 6.10 5.63 5.93 5.81 

FASTSEG3D 25.29 24.49 29.04 25.07 27.02 27.27 26.51 25.32 27.24 25.11 

𝑅𝑒𝑐𝑎𝑙𝑙𝑔(%) 

[87] 94.32 94.60 98.06 93.60 97.68 98.61 97.48 94.68 98.06 93.02 

[298] 95.79 95.19 97.07 90.93 97.26 90.30 95.11 95.72 97.96 95.19 

[297] 91.77 91.20 90.62 91.17 96.40 79.71 92.40 93.44 95.73 90.87 

FASTSEG3D 99.25 98.62 99.37 97.58 99.77 99.80 98.79 99.17 99.69 99.51 

𝑅𝑒𝑐𝑎𝑙𝑙𝑛𝑔(%) 

[87] 88.64 93.32 90.22 97.15 95.51 94.32 93.20 94.16 90.29 94.64 

[298] 84.67 91.07 88.25 91.52 91.71 87.22 89.62 89.40 88.58 88.11 
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[297] 87.27 93.25 92.03 93.28 94.68 91.37 91.61 90.97 92.12 90.26 

FASTSEG3D 89.75 93.87 93.08 95.73 94.88 92.59 91.81 91.53 92.66 95.82 

𝑚𝐼𝑜𝑈(%) 

[87] 83.50 88.10 88.72 90.24 93.44 93.74 91.32 89.27 89.71 87.59 

[298] 81.07 86.94 84.02 83.47 89.97 79.86 85.88 86.22 87.89 84.87 

[297] 80.37 84.89 84.16 84.92 91.45 72.42 85.04 85.46 88.76 82.30 

FASTSEG3D 87.11 92.23 92.05 91.96 94.40 91.53 91.56 91.11 93.65 92.81 

 

The results from Table 6-3 show how each algorithm compares to FASTSEG3D in 

effectively predicting ground and non-ground points. Because the REM with REE image 

was restricted to mapping points with a maximum range of 70 m, this filtered out roughly 

15–18% of the input point cloud. The maximum range was set to 70m because this makes 

up for a reasonable driving range in a real-world scenario. Although all algorithms 

performed above 90% for the recall of ground points, the recall of non-ground points shows 

that there is a high possibility of omitting obstacle points which can be a major issue when 

using these approaches as a preprocessing step towards sensor fusion of 3D reconstruction 

of fused data. 

 

6.2.6 Discussion: 

The popular RANSAC by Fischler et al. [87] is a good algorithm for the fast removal of 

ground points but suffers from under-segmentation of uneven terrain. Addressing this 

problem has been the inspiration for many proposed algorithms. From the compared 

algorithms, Shen et al.[298] proposed a coarse-to-fine grain technique that uses the spatial 

relationship between regions of low confidence and high confidence to re-classify points 

in low confidence regions. Although this proposed technique is efficient, its success is 

dependent on the accuracy of the coarse segmentation. Since the coarse segmentation 

technique uses a fixed height threshold to classify ground and non-ground points, regions 

like uneven terrains that have been originally classified as non-ground points with high 

confidence the fine-grain approach is limited. The proposed robust ground removal 

approach by Lee et al.[297] is also a very efficient technique but to address the limitations 
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of uneven distribution of points over the polar map representation, the authors proposed a 

concentric zone model (CZM) to adjust the grid size to compensate for the uneven 

distribution. The major drawback of this approach is that since the CZM is a handcrafted 

approach, it has to be fine-tuned when used on a different dataset or different kinds of lidar 

sensors. For instance, it was developed and tested on the Kitti Data Set which used the 

Velodyne HDL-64E but when tested on the nuScene dataset which used the Velodyne 

HDL32E lidar sensor certain regions which were ground points were labelled as non-

ground. An example is shown in Figure 6-3. 

 

 

 

(b) FASTSEG3D: NuScene 0103, Sample 

2 

(c) FASTSEG3D: NuScene 0796, Sample 

1 
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(b) [297]: NuScene 0103, Sample 2 (c) [297]: NuScene 0796, Sample 1 

 
 

(a) [298]: NuScene 0103, Sample 2 (b) [298]: NuScene 0796, Sample 1 

 

Figure 6-3 Comparison of FASTSEG3D against Shen et al.[298] and Lee et al.[297] proposed algorithms for 

ground removal 

 

This explains the low mIoU of less than 90% and why Lee et al.[297] had an unusual recall 

score of ground points of 79% for NuScene 0796 as compared to other recall scores. 
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6.3 BEVMSF3D PIPELINE:  

6.3.1 Experimental setup 

The experiment for BEVMSF3D was performed using the Python standard library, 

PyTorch library, Albumentation library for the data augmentation, the Timms and efficient-

det library, Python-OpenCV, NuScene devkit-tools (for the data loader), Numpy Library, 

PIL library (for loading image), and matplot library for (visualisation) on the Ubuntu 20.04 

OS computer. Training and inferencing were conducted using the RTX 4090 graphics 

processing unit (GPU) and Ryzen 9 5950 central processing unit (CPU).  

 

The experiment was conducted on the large-scale benchmark NuScenes [245,299]. The 

NuScenes benchmark includes 1000 scenes with images from 6 calibrated surrounding-

view cameras and one point cloud. It is the up-to-date popular benchmark for vision-based 

3D object detection and BEV semantic segmentation. The scenes are officially split into 

700/150/150 scenes for training/validation/testing. There are up to 1.4M annotated 3D 

bounding boxes for 10 classes: car, truck, bus, trailer, construction vehicle, pedestrian, 

motorcycle, bicycle, barrier, and traffic cone (T.C). A subset of four map categories were 

selected which can feasibly be estimated from images. 

 

6.3.2 Experimental parameters 

For training, the NuScene dataset was trained using the Timms and efficient-det library 

along with the coded view transformation algorithm and feature fusion algorithm. The 

EfficeintNet version 1 B3 was used with the BiFPN module [279] as the back backbone. 

BiFPN was repeated four times for the feature fusion and the feature depth was set to 128. 

The image size was set to 512 x 512 to suit the training requirements for the EfficientNet-

BiFPN backbone. The resampler algorithms BEV dimensions were set to a total size of 

70m (i.e. 𝑧𝑚𝑖𝑛 , 𝑧𝑚𝑎𝑥 = 1𝑚, 70𝑚 and 𝑥𝑚𝑖𝑛 , 𝑥𝑚𝑎𝑥 = −35𝑚, 35𝑚 respectively) to conform 

with that of the FastSeg3D algorithm. To reduce complexity the resolution was set to 

approximately 0.2𝑚 as highlighted in Chapter 5. The focal length for the view 

transformation algorithm was set to 850 (usually focal length between 600 and 1200 is fine 

but will determine how close or far the BEV map would look). 
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The Bayesian Classifier with dropout sampling used was similar to that of [212], the 

Bayesian decision boundary was set to be greater the 50%, (𝑝(𝑚𝑖
𝑐|𝑧𝑡 > 0.5). The main 

difference with [212] is the fact that this study did not include sidewalks and ground classes 

during training and the Lidar BEV image was included for feature fusion. The uncertainty 

loss weighting 𝜆 was set to 0.001. The network was trained until it converged using SGD 

with a learning rate of 0.1, batch size of 16, and momentum of 0.9. The predicted occupant 

(objects) of valid grid cells were used to draw bounding boxes and compared with the 

ground truth. As shown in Figure 6-4. 

 

 

(a) The six (6) viewing cameras from front left to back right. 
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(b) The equivalent fused BEV semantic 

 
(c) image is represented as prediction boxes. 

Prediction 

Ground Truth 
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(d) The lidar BEV image fused with the size camera images. 
 

Figure 6-4 Ground truth (in blue) versus the BEVMSF3D (in red). NuScene Sample 

 

6.3.3 Evaluation metrics 

The algorithms contained in the NuScene literature [299] employed baselines focused on 

each modality. For instance, the Lidar detection baseline employed the PiontPillars 

algorithm which is an improvement of the PointNet++ architecture [97] focused on Lidar-

only detection and segmentation. The image detection baseline employed the Orthographic 

Feature Transform (OFT) method [300] with a detection head and a non-maximum 

suppression (NMS) to optimize the combined detection from the 6 camera views. This is 

an image-only detection algorithm. Furthermore, the panoptic segmentation algorithm 
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[245] was also based on PointNet++ [97] which is a Lidar-only algorithm and further 

applied other algorithms like the Hungarian algorithms [301,302] for assigning instances 

to predefined classes, PointGroup network [303] for clustering of points to achieve a point-

wise semantic segmentation of Lidar points in the point cloud. These algorithms a strictly 

focused on accuracy rather than real-time performance and do not include the fusion of 

different sensor modalities.  

 

The NuScenes detection score (NDS), mean average precision (mAP) and Latency (ms) 

were the evaluation metrics used to evaluate the multisensor fusion model, BEVMSF3D. 

See Table 6-4 for more details. 

 

The results for BEVMSF3D on detection tasks are shown in Table 6-4. The table presents 

the prediction result for test and validation NDS and mAP and the Latency (ms) for similar 

algorithms. All modalities compared are for Lidar and Camera to ensure consistency. 

 

Table 6-4 Test and validation results comparison on the NuScene dataset 

 

Method mAP (test) NDS (test) mAP (val) NDS (val) Latency (ms) 

PointPainting [304] - - 65.8 69.6 185.8 

MVP [305] 66.4 70.5 66.1 70.0 187.1 

TransFusion [306] 68.9 71.6 67.5 71.3 156.6 

BEVFusion [208] 70.2 72.9 68.5 71.4 119.2 

BEVMSF3D 47.8 49.5 47.2 48.6 56.2 

BEVMSF3D + 

augmentation 

62.9 65.4 62.1 64.3 88.7 

 

The mAP test results of all the algorithms for each of the 10 classes: car, truck (tk.), bus, 

trailer (tr.), construction vehicle (cvh.), pedestrian (ped.), motorcycle (mtc.), bicycle (bike), 

barrier (bar.), and traffic cone (tc.), was compared with that of BEVMSF3D as shown in 

table 6-5. 
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Table 6-5 Comparison of mAP test results across 10 classes 

 

Method mAP (test) 

car tk. cvh. Bus tr. bar. mtc. bike ped. tc. 

PointPainting 

[304] 

77.9 35.8 15.8 36.2 37.3 60.2 41.5 24.1 73.3 62.4 

MVP [305] 86.8 58.5 26.1 67.4 57.3 74.8 70.0 49.3 89.1 85.0 

TransFusion [306] 87.1 60.0 33.1 68.3 60.8 78.1 73.6 52.9 88.4 86.7 

BEVFusion [208] 88.1 60.9 34.4 69.3 62.1 78.2 72.2 52.2 89.2 85.2 

BEVMSF3D 64.3 35.2 11.4 31.7 33.4 42.1 44.1 33.2 63.1 44.6 

BEVMSF3D + 

View Tx 

79.4 43.7 14.2 39.1 41.6 51.8 54.3 40.8 78.4 55.3 

           

6.3.4 Discussion 

To improve speed and align with the ground-removed BEV lidar image, the ground and 

walkway classes were not included in the training and testing. Furthermore, semantic 

objects were represented as bounding boxes for a minimalistic representation of objects 

around the ego vehicle, see Figure 6-4. The red coloured bounding boxes indicated the 

predicted boxes and the blue indicated the ground truth boxes. The NuScene map was used 

as a reference to estimate the distance of the ego vehicle from each object in the BEV 

semantic image. 

 

To begin the evaluation, the results of NDS and mAP for BEVMSF3D were conducted to 

show the need for image augmentation (see Section 4.3.4) and the view transformation 

module (See Section 5.2.3.2). This showed an impressive improvement in the initial results. 

 

As shown in Table 6-4, the BEVMSF3D algorithm was able to achieve a real-time semantic 

BEV map with an acceptable result of approximately 17.8 fps without image augmentation 
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and approximately 11.3 fps with augmentation at inferencing time. This is a huge 

improvement compared to existing algorithms with the best inferencing time of about 8.4 

fps [208]. Although compared to [208] the NDS and mAP scores were not as good, there 

is still room for improvement, as these are the results that show proof of concept. 

Furthermore, the augmentation of images showed a significant improvement in results with 

an average of above 30% (percentage) increase in NDS and mAP scores. 

 

The evaluation conducted on the individual class detection showed that on average the 

BEVMSF3D algorithm performed okay as compared with other state-of-the-art algorithms. 

Particularly, it performed better than [304] in most of its mAP test scores, this could be due 

to the strong LiDAR point association with the images. However, BEVMSF3D still 

struggled in some test scores. This could be due to the drop in performance in environments 

with poor weather conditions. An impressive aspect of this presented model was its 

improvement of above 22% (percentage) increase to its initial score without the view 

transformation module. This is understandable because of the learnable convolution 

module. 

 

6.4 CONCLUSION 

In this chapter, the FastSeg3D and multi-sensor fusion architecture results were presented 

and discussed. The experimental environment was highlighted, and the results were 

compared with other algorithms. The FastSeg3D result showed a segmentation speed of 25 

fps on average when tested on an Intel single-core i5 7th generation laptop as compared to 

other algorithms. It recorded an impressive ground recall of over 97 per cent and over 89 

per cent for non-ground points recall. 

The multi-sensor fusion experiment was conducted on a Ryzen 9 5950 CPU and RTX 4090 

GPU. Results showed that the inclusion of the image augmentation preprocessing step 

greatly improved the mean average precision (mAP) score and NuScenes detection score 

(NDS) by over 30% as well and the inclusion of the view transformation module improved 

the mAP by over 22%. BEV fusion and view transformation inferencing speed was at a 
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maximum frame per second score of 11.3 fps when set up for best performance i.e. when 

the view transformation module and augmentation steps are included. 
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CHAPTER 7: CONCLUSION  

 

7.1 CONCLUSION 

In this study, a comprehensive literature review was conducted to establish a strong 

foundation and identify key research gaps in the field of IoT-based multi-sensor fusion for 

ACAMDs. A novel Fast and Adaptive Ground Segmentation Method of 3D Point Cloud, 

called FastSeg3D was developed as a first step towards multi-sensor fusion for ACAMDs. 

This algorithm consisted of two modules: Range Elevation Estimation (REE) and Window-

based Model Fitting (WBMF) for a coarse to fine-grain segmentation of 3D point clouds 

and to effectively remove ground points as a real-time preprocessing step for the multi-

sensor fusion architecture. This algorithm was also developed to address the current 

limitations of the traditional point cloud segmentation techniques which include the 

segmentation of point cloud for complex terrains in real-time. 

 

The study went further to propose an efficient image augmentation preprocessing step as a 

technique for achieving automatic extrinsic calibration of image and point clouds in the 

multi-sensor fusion architecture. The multi-sensor fusion architecture was then proposed to 

effectively fuse LiDAR point clouds and the images taken from six viewing camera angles 

in sequence. This was achieved by using a well-known computer vision (CV) technique 

called inverse perspective mapping (IPM) and learnable (convolutional) layers to transform 

the front and back viewing cameras into equivalent bird’s eye view (BEV). The resulting 

feature images were then fused with the LiDAR point cloud after the point clouds had been 

converted into it equivalent BEV image. A Bayesian classifier was used to perform a 

predictive occupancy grid semantic mapping probability of occurrence using Baye’s 

theorem concept to locate the position of objects relative to the ego vehicle or robot in the 

BEV grid. 

 

The study went further to propose an IoT framework suitable for ACAMDs for 

communicating and storing semantic BEV map videos of locations that the ACAMDs in a 

closed network have visited. This framework was a fog computing network that used the 
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MQTT protocol for low power consumption and low latency communication. To further 

improve packet latency, an algorithm that converts semantic BEV videos to its equivalent 

JSON file consisting of ego vehicle or robot position and orientation and all detected 

objects’ positions relative to the ego vehicle or robot for every timestamp was proposed. 

 

Finally, experimental results of the novel FastSeg3D and multi-sensor fusion architecture 

were presented, and evaluation metrics were used to highlight its performance and latency. 

The results were then discussed to show proof of concept and the prospects of the novel 

algorithm and multi-sensor fusion architecture. The proposed techniques of this study have 

the potential to significantly improve the accuracy and efficiency of point cloud processing 

and multi-sensor fusion for various applications, such as assisted mobility, autonomous 

navigation, SLAM and scene reconstruction. 

 

7.2 LIMITATIONS AND FUTURE WORKS 

The limitations and future works of this study are as follows: 

 

 The FastSeg3D approach to REE still requires a fixed threshold to segment ground 

points and even though there are expected values considered as ground and non-

ground points, a more adaptive approach can be investigated. 

 FastSeg3D was carried out on a single thread and further optimisation can be 

investigated to improve the fps result. 

 Interpretable machine learning techniques can also be explored to further optimise 

FastSeg3D. 

 Future works may include the evaluation of the performance of the proposed IoT 

Framework against state-of-the-art literature. 

 An extensive analysis of the multi-sensor fusion architecture is needed to test its 

performance in camera-only and lidar-only BEV representation including its 

performance under harsh weather conditions to understand the level of contribution 

offered by each sensor and their limitations. Also, test cases like IPM performance 

and depth-based unprojection are needed. 
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 Optimisation of the Multi-sensor fusion to further improve its training and 

inferencing time as well as achieve deployable versions suitable for electronics. 
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APPENDIX 

Code 1 Range elevation estimation (REE) snippet 

 

FASTSEG3D::FASTSEG3D(pcl::PointCloud<pcl::PointXYZIRL>::Ptr cloud_in, bool nusc) { 

    // Timer timer("Initialize FastSeg"); 

    std::cout << "Initializing FastSeg ..........\n"; 

 

    _cloud = cloud_in; 

    if(nusc) { _img_height = 32, _img_width = 1024; } 

    else { _img_height = 64, _img_width = 2048; } 

 

    Elevation th; 

    th.Nz = 100., th.cloud_id = -1, th.label = 2, th.ring = -1; 

    th.e_th = 100., th.mean_z = 0., th.min_svd = 0., th.dist_to_plane = 100.; 

    th.slope = -M_PI, th.Ndist_to_origin = 100.; 

    _elevationMap.resize(_img_width, std::vector<Elevation>(int(_max_r),  th)); 

 

    _ringImage = cv::Mat::zeros(_img_height, _img_width,  CV_8UC3); 

 

    // map cloud to polar ring 

    for (size_t i = 0; i <_cloud->points.size(); ++i) { 

        float r = getXYRange(_cloud->points[i].x, _cloud->points[i].y); 

        if(r < _min_r || r > _max_r) 

   continue; 

 

  int angle = round((_img_width - 1) * getAngle(_cloud->points[i].x, _cloud-

>points[i].y)); 

        int ring = _cloud->points[i].ring; 

        // set _elevationMap 

        int range = int(_max_r - r); // int(r - _max_r); 

        th.label = 0, th.ring = ring, th.cloud_id = i; 

        // set a elevation value for range image 

        th.e_th = std::min(_elevationMap[angle][range].e_th, _cloud->points[i].z); 

        _elevationMap[angle][range] = th; 

        // label all value ring image pixels as ground 

        _ringImage.at<cv::Vec3b>(ring, angle) = cv::Vec3b(0,255,0); 

 } 

    // estimate minimum ground height for each pixel 

    float temp_e = 0.; 

    for (size_t row = 0; row < _elevationMap.size(); ++row) { 

        // adjacent points 

        for (size_t col = 0; col < _elevationMap[0].size(); ++col) { 

            if (col != 0) 

                _elevationMap[row][col].e_th = std::min(_elevationMap[row][col].e_th, temp_e + 

_elev_th); 

            temp_e = _elevationMap[row][col].e_th; 

        } 

    } 

    // update _ringImage labels and _elevationMap labels. 

 for (size_t row = 0; row < _elevationMap.size(); ++row) { 

        for (size_t col = 0; col < _elevationMap[0].size(); ++col) { 

            Elevation cur = _elevationMap[row][col]; 

            float ring = cur.ring; 

            int id = cur.cloud_id; 

            float elev_th = cur.e_th + _elev_th; 

            if(id == -1) 

    continue; 

   if((_cloud->points[id].z >= (elev_th))) { 

                _elevationMap[row][col].label = 1; 

                _ringImage.at<cv::Vec3b>(ring, row) = cv::Vec3b(0,0,255); 

            } 

        } 

    } 

} 
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Code 2 Window-based model fitting (WBMF) snippet 

 

void FASTSEG3D::getWindowBaseParams(const int &wind_size) { 

    setWindows(wind_size); 

    int reg_idx = 0; 

    std::vector<WindowIndex> region_vals(0); 

    std::vector<WindowIndex> temp(0); 

    std::vector<WindowIndex> candidate_vals(0); 

    Eigen::Vector3f normals, mean; 

    float min_svd, dist; 

    std::map<float, WindowIndex> temp_candidate_vals; 

    for (int row = 0; row < _img_width / _window_row; row++) { 

        for (int col = 0; col < int(_max_r) / _window_col; col++) { 

            int start_row = row * _window_row; 

            int start_col = col * _window_col; 

            int end_row = start_row + _window_row; 

            int end_col = start_col + _window_col; 

            std::map<float, WindowIndex> map_candidate_vals; // 10 lowest window z. 

            for (int i = start_row; i < end_row; i++) { 

                for (int j = start_col; j < end_col; j++) { 

                    int id = _elevationMap[i][j].cloud_id; 

                    if (id >= 0) { // window cloud_id >= 0 

                        float z_id = (_cloud->points[id].z > -_gr_height) ? _cloud->points[id].z 

: _gr_height; 

                        WindowIndex reg; 

                        reg.range = i; 

                        reg.angle = j; // intensity, vert_angle and min_z 

                        reg.label = _elevationMap[i][j].label; 

                        if (reg.label == 0) 

                            map_candidate_vals[z_id] = reg; 

                        region_vals.push_back(reg); 

                    } 

                } 

            } 

            if (temp_candidate_vals.size() > 0) { 

                for (auto &[min_z, info] : temp_candidate_vals) 

                    map_candidate_vals[min_z] = info; 

                temp_candidate_vals.clear(); 

            } 

            if (map_candidate_vals.size() >= _window_min_pts) { 

                size_t ls = 0; 

                for (auto &[min_z, info] : map_candidate_vals) { 

                    if (ls < _window_min_pts)// for all min_z -> info.vert_angle should be < 1.8 

                        candidate_vals.push_back(info); 

                    ls++; 

                } 

            } else { 

                temp_candidate_vals = map_candidate_vals; 

            } 

            if (candidate_vals.size() >= (_window_min_pts/2)) { 

                calSurfaceNormals(candidate_vals, normals, mean, min_svd, dist); 

                candidate_vals.clear(); 

                setWindowsParams(region_vals, normals, mean, min_svd, dist); 

                region_vals.clear(); 

            }             

            if (reg_idx == _window - 1) { // if its the last region 

                if (temp_candidate_vals.size() > 0) { 

                    for (auto &[min_z, info] : temp_candidate_vals) 

                        map_candidate_vals[min_z] = info; 

                    temp_candidate_vals.clear(); 

                } 

                size_t ls = 0; 

                for (auto &[min_z, info] : map_candidate_vals) { 

                    if (ls < _window_min_pts) 

                        candidate_vals.push_back(info); 

                    ls++; 

                } 

                if (candidate_vals.size() > 5) { 

                    calSurfaceNormals(candidate_vals, normals, mean, min_svd, dist); 

                    candidate_vals.clear(); 

                } 

                setWindowsParams(region_vals, normals, mean, min_svd, dist); 

                region_vals.clear(); 

            } 

            reg_idx++; 

        } 

    } 

} 
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Code 3 Project 3D point cloud to BEV image 

 

Code 4 Image augmentation 

 

def pointCloudBEVFeature(PointCloud_, Discretization, bc): 

    Height = BEV_HEIGHT + 1 

    Width = BEV_WIDTH + 1 

 

    # Discretize Feature Map 

    PointCloud = np.copy(PointCloud_) 

    # PointCloud[:, 0] = np.int_(np.floor(PointCloud[:, 0] / Discretization)) 

    # To show ego vehicle at center for full 

    PointCloud[:, 0] = np.int_( 

        np.floor((PointCloud[:, 0] - bc['minX']) / Discretization)) 

    PointCloud[:, 1] = np.int_( 

        np.floor(PointCloud[:, 1] / Discretization) + Width / 2) 

 

    # sort-3times. sort by z, then y then x. 

    indices = np.lexsort( 

        (-PointCloud[:, 2], PointCloud[:, 1], PointCloud[:, 0])) 

    PointCloud = PointCloud[indices] 

 

    # Height Map 

    heightMap = np.zeros((Height, Width)) 

 

    # selects the unique x, y points i.e (0:2) and saves the index in an array 

    _, indices = np.unique(PointCloud[:, 0:2], axis=0, return_index=True) 

    PointCloud_frac = PointCloud[indices] 

    # some important problem is image coordinate is (y,x), not (x,y) 

    max_height = float(np.abs(bc['maxZ'] - bc['minZ'])) 

    heightMap[np.int_(PointCloud_frac[:, 0]), 

              np.int_(PointCloud_frac[:, 1])] = PointCloud_frac[:, 2] / max_height 

 

    # Intensity Map & DensityMap 

    intensityMap = np.zeros((Height, Width)) 

    densityMap = np.zeros((Height, Width)) 

 

    _, indices, counts = np.unique( 

        PointCloud[:, 0:2], axis=0, return_index=True, return_counts=True) 

    PointCloud_top = PointCloud[indices] 

 

    normalizedCounts = np.minimum(1.0, np.log(counts + 1) / np.log(64)) 

 

    intensityMap[np.int_(PointCloud_top[:, 0]), np.int_( 

        PointCloud_top[:, 1])] = PointCloud_top[:, 3] 

    densityMap[np.int_(PointCloud_top[:, 0]), np.int_( 

        PointCloud_top[:, 1])] = normalizedCounts 

 

    RGB_Map = np.zeros((3, Height - 1, Width - 1)) 

    RGB_Map[2, :, :] = densityMap[:BEV_HEIGHT, :BEV_WIDTH]  # r_map 

    RGB_Map[1, :, :] = heightMap[:BEV_HEIGHT, :BEV_WIDTH]  # g_map 

    RGB_Map[0, :, :] = intensityMap[:BEV_HEIGHT, :BEV_WIDTH]  # b_map 

     

    # Scale the RGB_Map values to the range 0-255 

    RGB_Map = (RGB_Map * 255).astype(np.uint8) 

 

    return RGB_Map 

# Define Albumentations augmentation pipeline 

transform = A.Compose([ 

 A.Rotate(limit=360, p=1.0), 

 A.HorizontalFlip(p=0.5), 

 A.VerticalFlip(p=0.5), 

 A.ShiftScaleRotate(shift_limit=0.2, scale_limit=0.0, rotate_limit=360, p=0.5) 

]) 
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Code 5 Resampler 

 

Code 6 View transform module 

 

class Resampler(nn.Module): 

    def __init__(self, resolution, dimensions): 

        super().__init__() 

        self.near = dimensions[1] 

        self.far = dimensions[3] 

        self.grid = _make_grid(resolution, dimensions) 

 

    def forward(self, features, calib): 

        self.grid = self.grid.to(features.device) 

 

        # Assume world Y-coordinate is zero 

        calib = calib[:, [0, 2]][..., [0, 2]].view(-1, 1, 1, 2, 2) 

        cam_coords = torch.matmul(calib, self.grid.unsqueeze(-1)).squeeze(-1) 

 

        ucoords = cam_coords[..., 0] / cam_coords[..., 1] 

        ucoords = ucoords / features.size(-1) * 2 - 1 

        zcoords = (cam_coords[..., 1] - self.near) / (self.far - self.near) * 2 - 1 

 

        grid_coords = torch.stack([ucoords, zcoords], -1).clamp(-1.1, 1.1) 

        return F.grid_sample(features, grid_coords) 

class ViewTransform(nn.Module): 

    def __init__(self, in_channels, channels, resolution, dimensions, 

                 ymin, ymax, focal_length): 

        super().__init__() 

 

        self.conv = nn.Conv2d(in_channels, channels, 1) 

        self.bn = nn.GroupNorm(16, channels) 

        self.resampler = Resampler(resolution, dimensions) 

 

        self.zmin, zmax = dimensions[1], dimensions[3] 

        self.in_height = math.ceil(focal_length * (ymax - ymin) / self.zmin) 

        self.ymid = (ymin + ymax) / 2 

        self.out_depth = math.ceil((zmax - self.zmin) / resolution) 

 

        self.fc = nn.Conv1d( 

            channels * self.in_height, channels * self.out_depth, 1, 1 

        ) 

        self.out_channels = channels 

 

    def forward(self, features, calib, *args): 

        features = torch.stack([self._crop_feature_map(fmap, cal)  

                                for fmap, cal in zip(features, calib)]) 

         

        features = F.relu(self.bn(self.conv(features))) 

 

        B, C, _, W = features.shape 

        flat_feats = features.flatten(1, 2) 

        bev_feats = self.fc(flat_feats).view(B, C, -1, W) 

 

        return self.resampler(bev_feats, calib) 

 

    def _crop_feature_map(self, fmap, calib): 

        focal_length, principal_point = calib[1, 1:] 

        vmid = self.ymid * focal_length / self.zmin + principal_point 

        vmin = math.floor(vmid - self.in_height / 2) 

        vmax = math.floor(vmid + self.in_height / 2) 

        return F.pad(fmap, [0, 0, -vmin, vmax - fmap.shape[-2]]) 
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Code 7 Camera-LiDAR feature fusion Snippet 

 

class FuseFeatures(nn.Module): 

    def __init__(self, in_channels, out_channels): 

        super(DoubleConvolution, self).__init__() 

        self.conv = nn.Sequential( 

            nn.Conv2d(in_channels, out_channels, kernel_size=3, padding=1), 

            nn.ReLU(inplace=True), 

            nn.Conv2d(out_channels, out_channels, kernel_size=3, padding=1), 

            nn.ReLU(inplace=True) 

        ) 

 

    def forward(self, bev_feat, img_feat): 

        bev_feat = self.conv(bev_feat)  # Apply the first convolution to bev_feat 

        combined_feat = torch.cat((bev_feat, img_feat), dim=1)  # Concatenate with img_feat 

        fused_feat = self.conv(combined_feat)  # Apply the second convolution 

 

        return fused_feat 
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