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Preface

This book has been drafted based on my lectures and seminars in recent years for
postgraduate students at Auckland University of Technology (AUT), New Zealand.
We have integrated and synthesized materials on robotics, machine vision, machine
intelligence and deep learning. Compared with conventional books, this book leads
authors to use the knowledge from digital image processing and computer vision
to control robots with autonomous systems. Our aim is to provide a resource that
benefits postgraduate students, particularly those who are working on their theses,
by sharing our research outputs and teaching work to augment their projects.

In this book, we have structured the content with a focus on knowledge obtained
from our seminars. We begin by explaining fundamental concepts in robotics from
computational point of view. We delve into robotic vision with deep learning meth-
ods. We add new content from what we have known and applied robotic vision to
robotic control. At the end of each chapter, we emphasize on the practical imple-
mentation of algorithms by using Python-based platforms and MATLAB toolboxes.
Additionally, we provide a lab session for each chapter with demonstrations and ex-
periment reporting as well as a list of questions for the purpose of discussion and
reflection.

In this book, our focus is on robotic vision. The book is to follow our research
methodology of computer science with mathematical background, modeling, algo-
rithms, experimental implementation, result analysis and comparisons.

Before reading this book, we strongly encourage our readers to have a solid foun-
dation in postgraduate mathematics. Developing computational knowledge will not
only aid readers to quickly understand this book but also enable them to engage with
relevant journal articles and conference papers.

This book was written for research students, computer engineers, computer sci-
entists, and anyone interested in robotic vision for both theoretical research and
practical applications. Additionally, it is relevant for researchers in the fields such
as machine intelligence, pattern analysis, and control theory.

Auckland New Zealand Wei Qi Yan
June 2025
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Chapter 1
Introduction to Robotic Vision

Abstract

In this chapter, robotic vision is delineated along with robotic control, deep learning,
and autonomous systems. Robotic vision is a crucial subject of robotics, and the
application of deep learning. This chapter explores robotic vision using video and
image data from diverse robots (arm-type, mobile, aerial, etc.). The goal is to build
foundational knowledge for vision-based control systems. The significance of this
chapter is to convey the holistic view of robotic vision.
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1.1 Overview of Robotic Vision

Robotic vision - computer vision applied to robotics - enables machines to perceive
environments, interpret, and interact with the designated environment. By using dig-
ital cameras, sensors, and Al-based algorithms, robotic vision aids robots to recog-
nize visual objects, navigate spaces, and make intelligent decisions. In this book,
the solutions are derived for robotic vision and visual control characterized by using
specifics of image data and deep learning algorithms [12, 131]. This chapter en-
capsulates the fundamentals of robotic vision [47]. With respect to this book, there
are two concepts, one is robotic vision, the other is robot vision. Robotic vision is
academic and formal. Robot vision is informal or casual.

The performance of robotic vision will be critically assessed with deep learning
algorithms, benchmark data, performance measures, and the ways to define ground
truth. The opportunities of using robotic vision as a way of information acquisition
through complex robotic systems and applications in artificial intelligence (AI) [18,
94, 107] will be examined.

In this book, the key concepts, methods, and algorithms are introduced. The con-
tent is based on pixel-level digital images, with a focus on robotic vision, including
camera properties and calibration [137]. The methods are further explored to ex-
tract edges, blobs, motif, silhouette, contour or shape of visual objects [55]. Thus,
the focus of this chapter is on object segmentation, object detection and recognition,
and object tracking in robotic vision.

Typically, mobile cameras are considered. Modern mobile phones allow effort-
less image capture, unlike analog-era media requiring digital conversion with a sim-
ple tap on the screen, an image or video can be taken. But previously, we have
many photos on newspapers or images from analogue videos, the images and videos
were analogy-based in cassette. Thus, a digital-to-analog converter (DA converter)
is needed for the purpose of conversion for these images and videos.

Unlike mobile cameras, surveillance cameras are usually fixed in place [90, 130].
Usually, object detection and recognition as well as object tracking [4, 5, 78] in
surveillance are implemented through camera panning, tilting, and zooming (PTZ).
However, mobile cameras can be moved to anywhere, operating with translation and
rotation, etc.

While early digital cameras were costly, modern ubiquitous sensors enable ev-
eryone to take pictures. Nowadays, everyone has very small cameras mounted on
mobile phones. The camera specifications are beyond 20 years ago, which are avail-
able through metadata such as EXIF. Given an image from mobile camera, what we
would like is to understand that how good this camera is and what function could be
applied to which purpose.

Recently, Tesla conducted FSD (Full Self Driving) testing. In the testing, the
entire system is completely camera-based. This is an innovation for robotic vision
and control without any LiDAR support. We should take the step and follow up this
change with our knowledge in deep learning and computer vision [47, 131].

In camera calibration, the distance based on grid board is calculated with black
and white grid patterns. Regarding the cameras with mega pixels, camera calibra-
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tion or sensor calibration is always needed in scene understanding of this real world
so0 as to correct the distortion and measure the distance from sensors to the targeted
objects [137]. Camera calibration is called geometric camera calibration, the term
also refers to photometric camera calibration or is restricted for the estimation of
intrinsic parameters only. Exterior orientation and interior orientation mean the de-
termination of the extrinsic and intrinsic parameters, respectively. Through digital
images with pixels for camera calibration, we are able to reconstruct 3D objects.
Cameras can reconstruct the 3D space, including the origin and spatial dimensions.

The cameras reflect the positions located in 3D space. The locations are offered
by using two cameras so that they quickly convert the pixel space to the correspond-
ing real 3D space, bridging the gap between them. Due to various conditions and
scenarios, we may get an image with visual artifacts that may be too dark, too bright,
or too blurry. In image processing, if the image is too blurry, that means, the camera
is moving too fast or zooming operation is very rapid. Hence, how to remove blurs
is challenging work in image processing [125, 129].

If a car is being driven in motorway with the speed 100 kilometers per hour, the
car is a fast-moving robot. For example, when a traffic sign appears beside the road,
a key challenge is whether the robot can recognize it clearly [123, 141]. It means a
camera is needed to be mounted on the moving vehicle to capture images [75]. How
to capture the image of this traffic sign [100] timely and visibly with the cameras on
high-speed car is a real problem. The task is relevant to the speed of our algorithms
for image processing and object detection and recognition. Another example is that,
after landed on the Mars, robots need to facilitate with an unmanned vehicle, the car
is required to be controlled remotely. The photographs will be taken by using digital
cameras on the vehicle to explore the lands from the Earth. The outcomes of image
processing and analysis are employed for further exploration.

Stereo vision is built on 3D reconstruction. Computer vision is related to the
3D information from digital images. By comparing visual information related to a
scene from two vanishing points as shown in Fig.1.1, the 3D information can be
reconstructed by examining the relative positions of visual objects. This is similar
to biological process of stereopsis.

Stereo vision uses two cameras at least to estimate depth. By comparing hori-
zontal offsets (disparity), it generates a depth map where larger disparities indicate
closer objects. The values in this disparity map are inversely proportional to the
scene depth at the corresponding pixel locations. For example, in cinema, 3D trains
can be seen on screen. All of these are based on 3D vision. When we watch the
movie through a pair of special glasses, 3D scene will be generated in our mind.
That is applied to movie industry. In 3D object reconstruction, for example, if we
take a slew of photographs, the 3D objects will be rebuilt.

Stereo vision is highly significant in fields such as robotics to locate the relative
position of 3D objects in the vicinity of autonomous systems [86]. Other applica-
tions for robotics include visual object recognition, where depth information allows
for the system to separate occluding image components.
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Fig. 1.1: Three vanishing points in 3D space

1.2 Importance and Applications of Robotic Vision

Having established camera basics, we now discuss robotic vision. Robotic vision
plays a crucial role in enabling robots to perceive, interpret, and respond to our
surrounding environment [138]. With multiple images from a group of cameras
working together, the robot is able to understand scenes deeply. Robots with full
intelligence, namely agents have the ability to make decision independently after
observed the 3D world. Robots equipped with computer vision systems can under-
stand the surroundings and make smart decisions without human intervention.

Digital cameras have been designed with very high resolutions. Assisted with
GPS information, vision-based systems improve the accuracy of robotic operations
and manipulations, such as pick-and-place, assembly, inspection, and navigation.
Vision-based robots enhance the safety in industries by detecting hazards and avoid-
ing collisions. With the well-trained deep learning models, vision-based robots can
be operated within the given work envelop, understand the scene depth and predict
what will happen from the past disasters [108]. Robots with vision systems are adap-
tive to dynamic environments. Vision-equipped robots are adaptive to any changing
conditions in real-time based on scene understanding from the acquired visual infor-
mation. We thus have the special feature to showcase that robot perception directly
determines the operational decisions.

Vision systems reduce the needs for complex guides and sensors, thus lower
operational costs. Multiple sensors equipped on robots will fuse the information
and avoid to generate misunderstandings due to errors [130, 131]. The images and
videos from digital cameras will provide accurate blobs, edges, silhouette, skeleton,
and textures. The point cloud systems acquired from a LiDAR (Light Detection
and Ranging) system could not[85]. LiDAR systems take use of a laser to measure
distance and object depth.
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1.3 Key Challenges in Robotic Vision

Robotic vision faces the key challenges that impact the effectiveness and reliability
of robots in real-world applications. Visual object detection and recognition are the
predominant tasks of robotic vision. Accurately identifying and classifying objects
from a camera in diverse environments are tough due to variations in lighting, view
angles, object occlusions, and object appearance, etc. Vision models to handle these
variations robustly remain a significant challenge.

Another challenge is real-time image processing in robotic vision. Robotics, es-
pecially in mobile or autonomous systems, is waiting for real-time results of vision
processing to take next step. This places high demands on computing power and
lower complexity of algorithms to accelerate the process of visual object classifica-
tion and make decisions instantly. Compared to audio and images, video processing
is much slower and needs GPU assistance as well as parallel computing facilities to
support the process based on pixel arrays.

Robots are operating with a real-time system. The changes of lighting in indoor
and weather conditions in outdoor environments significantly affect the robots to
perceive the scenes. Developing vision systems in real-world requests the robustness
of algorithms to observe the environmental variability. This makes sure that robots
can get correct information.

In dynamic environments, keeping correct track of moving objects, while main-
taining an accurate map of the environment is a must. Tracking moving objects
across video frames without losing the identity is computationally expensive and
error-prone. Visual objects may be partially obscured by other objects, making it
exigent for the system to deeply understand holistic scene. Designing the vision al-
gorithms that can handle partial occlusions[116, 117], accurately identify objects
and friendly interact with robots is important for the tasks like grasping and manip-
ulation.

Pertaining to depth perception, understanding 3D environment from 2D images
remains a significant gap, especially for the tasks like manipulation and navigation.
Depth sensors, stereo vision, and structure-from-motion (SfM) techniques are often
adopted, but they all have limitations such as accuracy or robustness on specific
hardware. Regarding sensor fusion, integrating data from multiple sensors (e.g.,
cameras, LiDAR, etc.) to create a coherent understanding of 3D scene is compli-
cated. The fusion process is accurate and efficient for the tasks like navigation and
autonomous decision-making.

Robots are controlled from human and machine interactions (HMI) through robot
operating system (ROS). As robotic vision is increasingly harnessed to real-world
applications, we need ensure the safety of both robots and humans interactions,
and guarantee the requirements of ethics in decision making. Implementing robotic
vision systems that perform well in outdoor conditions as opposed to controlled in-
door environments, involves dealing with noise in sensor data, unpredictable object
movements, and unexpected environmental changes.

Chatbots using Large Language Models (LLMs) integrated with Open WebUI,
Dify, CompfyUI, and Ollama models have been successfully deployed to robotic
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control[97, 135]. The input and output of LLMs are challenges of modern com-
puting. The prompts for inputs and outputs of LLM models should be filtered,
especially visual information from generative models such as Generative Adver-
sarial Networks (GANSs), autoencoders, and diffusion models [131]. The halluci-
nation outputs generated from the LLMs due to unexpected changes should be
treated seriously in case of violation of ethics regulations. Retrieval-Augmented
Generation (RAG) and Model Context Protocol (MCP) are thought as the so-
Iutions to resolve these problems, accompanying with Agent to Agent (A2A)
technology[58, 94, 119, 135].

1.4 Foundational in Machine Learning and Deep Learning

In deep learning (DL), because of new development, all computer vision textbooks
have to be updated at present. For example, conventional algorithms in face de-
tection and recognition are based on Viola—Jones object detection framework and
Principal Component Analysis (PCA) algorithms, the algorithms based on CNN
and RNN models are popular at present. In computer vision, we have developed a
plethora of algorithms from deep learning for object segmentation, object detection
and recognition, object tracking [4, 5, 78, 107], etc.

Deep learning algorithms are relevant to datasets and ground truth. The ground
truth refers to labels of visual data. Given the data as samples, we have the labeling
process, we have annotations, labels, or tags. After trained our models by taking
advantage of the datasets, the algorithms can output results [24, 25], we evaluate the
performance, this evaluation should be quantitative and reflected in computational
way.

Why deep learning algorithms are better than those general machine learning
methods? Because deep learning is end-to-end based which can bring various results
for us that are able to give better measurements and comparisons. The previous
algorithms may only conduct face detection and recognition from the front view,
now the new methods can conduct human face detection and recognition from side
views [3, 26, 116, 117].

Deep learning (DL) uses multi-layered artificial neural networks (ANNs). In-
spired by biological neurons, these networks process data hierarchically - extracting
features from raw pixels to high-level semantics [84, 17]. Artificial neural networks
(ANNSs) like our human brain [94, 118]. The neurons in human brain can be con-
nected together [45, 88]. We assume, a full connection is that any neurons can es-
tablish connections mutually [88]. But the situation is not true. A few old neurons
will be died, a large number of new neurons will be grown up. The neurons will be
enlarged or shrunken during its life.

If neurons are connected with each other [88], they will be deployed with lay-
ers. The layer-based structure has been employed for deep learning algorithms.
Hence, multiple layers of neurons are connected together. Deep learning refers to
the depth of what neural networks were constructed [45]. The deep learning is a sim-
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ple change, however it is powerful, based on the work of Professor Geoffrey Hinton
from Canada, who created the realm of deep learning, especially for his great con-
tributions in Restricted Boltzmann Machine, Capsule Neural Networks (CapsNets),
Deep Belief Nets [34, 38, 77, 106]. Professor Hinton received ACM Turing Award
2018 in 2019 and Nobel prize in physics in 2024.

In 2024, OpenAl created the Sora, a text-to-video model. The model gener-
ates short video clips based on user prompts, which can extend the existing short
videos [96]. The model is a diffusion transformer: A denoising latent diffusion
model with one Transformer as the denoiser. A video is generated in latent space by
denoising 3D patches. A video-to-text model was applied to create detailed captions
on videos. This is a great advance. Furthermore, OpenAl ChatGPT and DeepSeek
are redhot currently. How to embed the deep learning algorithms into chatbots to
develop our own interface and applications is an interesting topic.

If we look at the history of modern computers, it is easy to find how this tech-
nology was developed. In 1945, the first electronic computer, ENIAC (i.e., Elec-
tronic Numerical Integrator and Computer) was developed. ENIAC was the first
programmable, electronic, general-purpose digital computer, completed in 1945. In
1957, this world saw a perceptual IBM computer. We saw chain rule in 1974 as
shown in the Appendix of this chapter. Later, we have the multilayer perceptron.

From 1995 to 2015, Support Vector Machine (SVM) was taken into dominant
consideration. The SVM algorithm was the primarily part of machine learning. In
machine learning, SVMs are supervised max-margin models that analyze data for
pattern classification [3, 18, 29, 99].

Pertaining to deep learning, the state-of-the-art (SOTA) model is transformer [34,
16]. Transformer models have the advantage without recurrent units, and require
less training time than earlier recurrent neural architectures (RNNs) such as long
short-term memory (LSTM). Later variations have been widely adopted for training
Large Language Models (LLM) on large datasets [6, 11].

While CNNs and RNNs dominated early deep learning, newer architectures like
Transformers now offer advantages in speed and scalability. Reinforcement learn-
ing [14, 89], transfer learning [93], etc. further expand capabilities. With these al-
gorithms, robots now can clean floors, charge batteries, etc. When the robots start
working, they’ll avoid obstacles [112]. Fig. 1.2 shows a mobile robot is working.

Reinforcement learning is based on agent interactions with an environment [14,
89]. Given ample data for the algorithms to be trained, the reinforcement learning
models are spirally becoming better through iterative interactions, namely, updating
states, actions, and rewards, these elements follow the episode sequence of rein-
forcement learning [110].

In deep learning, the existing models are harnessed to conduct classification with
unknown classes of samples, the accuracy is not so high at very beginning, but if
more samples are fed up, the accuracy rate of this model will be beefed, this is called
transfer learning [93].

We have a deep learning playground prototype which was developed by Google
based on TensorFlow. On the interface, we add layers and neurons of neural net-
works, operate the neuron connections [88, 131]. Most of beginners started study-
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Fig. 1.2: A mobile robot is working.

ing deep learning from this software. While increasing the number of layers and the
number of neurons on each layer, the classification accuracy will be increased.

A second part of deep learning models is called RNN (recurrent neural network).
In RNNs, we have the input layer, hidden layers or invisible layers, and output
layer. The input layer and output layer are called visible layers, the invisible lay-
ers are named as latent layers. Through using LSTM, we are able to predict the
state changes, like weather changes, changes of exchange rates, changes of housing
markets, stock markets, or share markets, etc. RNNs are seen as very deep feedfor-
ward networks (DFN) in which all the layers share the same weights [45]. RNNs
process an input sequence maintaining in the hidden units that implicitly contains
information about the history of all the past elements of sequence [17]. Most Natu-
ral Language Processing (NLP) systems rely on gated RNNs [11], such as LSTMs
and gated recurrent units (GRUs), with added attention mechanisms [43, 113, 140].
RNNs (LSTM, GRU, etc.) have been firmly established in sequence modeling and
transduction problems such as language modeling [80, 81] and machine transla-
tion [11].

RNNs follow the mechanism of Turing machine. Turing machine is an ideal-
ized model of a central processing unit (CPU) that controls all data manipulation
throughout a computer. Turing machines (e.g., FSM) and memory networks are
being employed for the tasks that would normally require reasoning [29, 94] and
symbol manipulations [9, 94].

Transformer is based solely on attention mechanisms [43, 113, 140], dispensing
on recurrence and convolutions entirely [80, 81]. Transformers are the state-of-the-
art (SOTA) deep learning model for dealing with sequences [82], e.g., in text pro-
cessing [11], machine translation [46], etc. Transformers were invented in 2017 by
Google Brain for NLP problems, replacing RNN models (e.g., LSTM) [121].

Transformer models are trained with large datasets. Transformer is a deep learn-
ing model that adopts the mechanism of self-attention [113, 140], deferentially
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weighting the significance of each part of the input data. Like RNNs, Transformers
were designed to handle sequential input data. Unlike RNNs, Transformers do not
necessarily process the data in order [82]. The attention mechanism [43, 113, 140]
provides context for any position in the input sequence.

Transformers were previously employed for English and French translation. En-
glish has its grammar, correspondingly, French has the relevant grammar. While
speaking English, the speech can automatically be translated to French by using
machine translation [66, 67]. Now, this has been implemented in Microsoft Office
software like Microsoft PowerPoint and Microsoft Teams. If we play a PowerPoint
file, the captions between two languages could be toggled in real time [11]. In trans-
former models, token pairs are taken into consideration. If we translate English to
other languages [80, 81], another corresponding set of tokens should be already
there. For example, there is a set in Chinese around 10,000 tokens. Hence, the trans-
formers will search for a high probability matching between the two languages for
translating.

Supercomputing can serve us in computing acceleration, the typical one is
NVIDIA GPU. GPUs are thought as the computing power. We need these chips
because transformer is parallel computation-based. In parallel algebra, if two vec-
tors are added together, GPU computing is much faster than that of CPUs. With
GPUs, all the results will be popped up at the same time, we take advantage of par-
allel computing. Currently, the multicore programming and multi-thread computing
are adopted to carry out these tasks. Fig.1.3 shows a GPU laptop is working for
object detection and recognition.

Fig. 1.3: A GPU laptop is working.

As well known, Tesla has developed and adopted the ASD system, which is com-
pletely computer vision-based. This new solution for robotic vision and visual con-
trol tasks is characterized by using the strengths and specifics of image data and
deep learning algorithms as well as scene understanding for vehicle control. Visual
control means we make use of digital cameras to understand the scene and con-
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trol the mobile robot. Previously, we took use of sensors and computers to control
robots. Nowadays, a high-resolution and high-speed camera is mounted on a un-
manned vehicle to control the car. Consequently, visual servoing and ROS through
wireless communications in robotics play the decisive role in operating unmanned
vehicles. Hence, this is the reason why we make use of robotic vision as the key part
of autonomous systems.

Robots assist human in waste classification and fruit pick and place [22, 23, 87,
120, 121, 122], serving the industry like moving bags with milk power, beef and
lamb, or other agricultural products. Especially for the countries who have not so
much population, robots are an effective tool to save human labor and resolve the
lack of professionals, such as for cleaning high buildings and painting on the surface
of cars. The toxic work is very hazardous, which is not beneficial for human health
and safe. But robots have not these constraints and limitations. While cleaning our
floor, if we have a robot to vacuum and mop the ground, it works for us without
stopping. Even if it runs out of battery, it can go back to the charging station and
charge itself. After charged, the robot continues the cleaning work. This is a typical
kind of applications.

Robotics is a typical application of deep learning [12, 83]. For example, while
walking, if we close our eyes, we cannot walk too far. Compared with human hear-
ing system, human vision system (HVS) is much crucial, which occupied 75% in-
formation intake [13, 15]. From this point of view, lost vision is a real troublesome
issue. Robots are facilitated with sensors and digital cameras. Boston Dynamics is
good at computer vision. All of vision systems are relevant to computable methods
or algorithms, no matter whether our computers are fast or slow, because a computer
is robot’s brain, we thus process information in multiple ways [84, 118].

Generally, CPU is a bottleneck in modern computers, we cannot take break-
through for a few of years. The limited space could hold too many adders in a CPU,
it is called bottleneck for computing power. Fundamentally, this problem could be
resolved by using advanced algorithms like DeepSeek, the GPU (Graphics Process-
ing Unit), TPU (Tensor Processing Unit), and NPU (Neuron Processing Unit) can
resolve the problems from hardware point of view. Under GPU support, the moving
speed of a robot will be much faster than our human body. In these cases, the ur-
gent issue is computing power. Computing power is the essence of supercomputing.
After read this book, our readers are expected to create the fastest robots by using
GPU chips at hand, that will accelerate resolving this problems in real world.

MATLAB software was designed for numerical analysis and simulation which
is applied to scientific research, like robot navigation and control because MAT-
LAB software is robust, reliable, and stable [114]. The arm-type robots could be
controlled by using MATLAB software collaborating with Robot Operating Sys-
tem (ROS). ROS is a set of middle software (Middleware) with multiple libraries
and tools that assists us to explore and exploit robotic applications. If a robot is re-
quired to be operated, it will be started or halted immediately under the control, in-
dependent on other hardware. MATLAB ROS is excellent in robotic control, which
provides the standard interface, that’s the reason why industry sector likes using
MATLAB software.
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1.5 Mathematics Background

A Bézier curve [20] is presented as a parametric curve in computer graphics [21].
The curve is defined by a set of control points Py through P, where n is the order
of curve (n = 1 for linear, n = 2 for quadratic, n = 3 for cubic, etc.). The first and
last control points are always the endpoints of the curve. This set of discrete points
define a smooth and continuous curve [102, 128] as shown in Fig.1.4.

Bezier Curve (De Casteljau's Algorithm)

1.0 4 —— Bezier Curve (De Casteljau)
® Control Points
- == Control Polygon

0.0 0.2 0.4 0.6 0.8 1.0

Fig. 1.4: The control polygon and Bézier curve

Typically, a Bézier curve with a control polygon was developed for designing
curves in car industry. The algorithm is based on De Casteljau’s algorithm. The
pseudocode is shown in Algorithm (1). In numerical analysis [91], De Casteljau’s
algorithm is a recursive method to implement polynomials in Bernstein form or
Bézier curves [19, 20]. De Casteljau’s algorithm is employed by splitting a single
Bézier curve into two with an arbitrary parameter. The algorithm is numerically
stable compared to direct evaluation of polynomials. Fig. 1.4 shows a Bézier curve
which was implemented by using De Casteljau’s algorithm [21]. The corresponding
source code in Python is shown in Fig. 1.5.
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ort numpy as np
ort matplotlib.pyplot as plt

# De Casteljau's algorithm to calculate a point on the Bezier curve at parameter t

def

#F
def

de_casteljau(control_points, t):
"""Recursively calculates a point on the Bezier curve at parameter t using De Casteljau's algorithm.
control_points = np.array(control_points)
while len(control_points) > 1:
control_points = (1 - t) % control_points[:-1] + t * control_points[1:]
return control_points[0]

unction to generate the Bezier curve using De Casteljau's algorithm
bezier_curve_de_casteljau(control_points, num_points=100):

t_values = np.linspace(@, 1, num_points)

curve = np.array([de_casteljau(control_points, t) for t in t_values])
return curve

# Control points for the Bezier curve

con

# G
bez

#P

plt.

plt

plt.
plt.
plt.
plt.
plt.
plt.

trol_points = np.array([[0, @], [0.3, 0.6], [0.6, -0.3], [1, 111)

enerate the Bezier curve using De Casteljau's algorithm
ier_casteljau = bezier_curve_de_casteljau(control_points)

lotting the Bezier curve

figure(figsize=(6, 6))

.plot(bezier_casteljaul:, 0], bezier_casteljaul:, 1], label="Bezier Curve (De Casteljau)", color="blue")
scatter(control_points[:, @], control_points[:, 1], color="red", label="Control Points")
plot(control_points[:, @], control_points[:, 1], linestyle="--", color="gray", label="Control Polygon")
title("Bezier Curve (De Casteljau's Algorithm)")
legend()
grid(True)
show()

Fig. 1.5: The source code for implementing a Bézier curve in Python

Algorithm 1: The algorithm for Bézier curve implementation

1
2
3

4

5

Output: Point B(t) on the Bézier curve

Let Bi(o) Pi, fori=0ton;
forr 1tondo
fori Oton rdo

L B” a e Vel

return B

The polygon formed by connecting the control points with straight lines is called

control polygon. The convex hull of control polygon contains the Bézier curve. A
quadratic Bézier curve is the path traced by the function B(t), given points Py, Py,
and P».

B()=( t)’Po+t(1 t)P;+t>Py;t 2[0;1] (1.1)

The first derivative of Bézier curve with respect to t is,
B't)=2(1 t)(P, Po)++2t(P, Py);t2][0;1] (1.2)
The second derivative of Bézier curve with respect to t is,

BY(t) =2(P> 2P; +Pg);t 2[0;1] (1.3)
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A quadratic Bézier curve is a segment of a parabola. The cubic curve is defined
as a linear combination of two quadratic Bézier curves,

B(t) = tBPO;PI;PQ (t) + (1 t)BPI;PZ;F"3 (t);t 2 [O; 1] (1.4)

Hence, the Bézier curve of degree n is recursively implemented by using a linear
interpolation of a pair of corresponding points in two Bézier curves. Hence, we have

n .
Bt)= bL(t)Pi(t);t 2[0;1] (1.5)
i=0
where the points Pj;i = 0;n;n 2 N are called control points. The polynomial bin ®)
is Bernstein basis of degree n.

bit)y=Cl(1 )t Dt 2(0;1] (1.6)
wherei=0;n;n2Z2*.

i_nt +.

Cn—m,n iikn2Z2™: 1.7)

The derivative for a curve is

n 1

B'®=n by )(Pir1 Pi)it2[0;1]: (1.8)
i=0
Given n+ 1 control points Py;Py;  ;Pp, the rational Bézier curve is given by
nobiwiP; "
cit)y=-—"=0"2"U = RIOP;;t2[0;1;0 wi2R™ (1.9)
where b ©
i Dw;
RU(t)= — 2 t2[0;1];0 wi2R* 1.10

More generally, we have non-uniform rational B-spline curves (NURBS) [8, 127,
128],

n 1 .D. n
W: RIGPi;t2[0;1;0 w2 R* (1.11)
i=0 n(t)Wi i=0
where N} (t) is the basis function of a B-spline curve.

This algorithm is applied to the smooth trajectories in robotics [83]. Because
the control polygon allows to show whether or not the path collides with any ob-
stacles [112], Bézier curves are harnessed in producing robot trajectories [128]. The
derivatives are utilized in calculation of dynamics and control effort (torque profiles)
of the robotic manipulator.

c@t) =
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1.6 Prerequisite Mathematics for Robotic Vision

1.6.1 Linear Algebra

In image processing, as well known, images are stored as an array of pixel values.
Correspondingly, linear algebra is needed, especially vectors and matrices like what
we have developed in MATLAB. Vectors and matrices in linear algebra combine
separate scalar data into a single, multidimensional group, which are to form finite
sequences of numbers with a fixed length, such as vector V and matrix M.

V=(vi;va;  5va)~ (1.12)
where the dimension of vectors is n, vi, i =1;2; ;n, n 2 N is the elements of
vector V. Similarly, we have matrix M with dimension n  n,

2 3

M My2 Mp

M2 M2 Mn2 z

Mn n= (1.13)

Mnp1 Mp2 Mnn

where mi;j 2R, i=1;, ;nand j=1, ;nis the element of matrix My n. In
linear algebra, matrix M has its determinant det(M), eigenvalues, and eigenvectors
which has been applied to resolve various mathematical problems such as solving
linear systems. MATLAB can assist us to resolve these problems quickly.

In image processing, image manipulations (e.g., rotation, scaling, and transla-
tion) and image analysis in frequency domain need the transformation matrices
T3 3.

:Tz 2 (1.14)

where (x;y) and (X; ) are the locations of a pixel on the image before and after the
transformation.

2 3
b cos(a) sin(a) Dx
T3 3=4 sin(@) g cos(a) Dy® (1.15)
0 0 1

where a is the angle of rotation along z-axis, b and g are scaling factors along x and
y directions, respectively. DX and Dy are the shifts along X, y, and z directions, re-
spectively. Hence, det(T) & 0. More broadly, the matrix T is employed to represent
geometric transformations in 3D space. The matrix could be generalized for Affine
transformation and projective transformations. Affine transformation is

ti ti2 i3
T3 3=% tr 132 (1.16)
t31 t32 t33
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where tj;j is the element (i; j) of matrix T3 3, det(T) & 0. Regarding rotation, given
two anglesa 2 R and b 2 R, we have,

cos(a+b) =cos(a)cos(b) sin(a)sin(b) (1.17)
sin(a +b) =sin(a)cos(b) + cos(a)sin(b) (1.18)
By using rotation matrices (orthogonal matrices), the determinant equals 1.

cos(a) sin(a)

Ry 2= sin(a) cos(a)

(1.19)
where a is the angle of clockwise rotation. Regarding counterclockwise rotation,

cos(a) sin(a)

R22= Gin(@) cos(a) (1:20)
Regarding translation using a shift matrix for translation,
_ 10Dx
Sy 3= 01Dy (1.21)

where DX and Dy are the shifts along X and y directions, respectively. If rotation and
translation are combined in a homogeneous transformation matrix, then,

cos(a) sin(a) Dx

H2 3= in@) cos(a) Dy (1.22)
The homogeneous transformation H is operated in this way,
o1 2 . 30
X cos(a) sin(a) Dx X
@yA =4 gin(a) cos(a) DyD @yA (1.23)
1 0 0 1 1

A perspective transformation is a linear transformation that changes the appear-
ance of lines and objects. The perspective transformation is

X _f 10 x

Yy Tz 01 vy (1.24)

where (X;y;2) 2 R3isa point in 3D space, f is focal length of the camera.

1.6.2 Geometry

In geometry, a straight line is:

AX+By+C =0 (1.25)
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where A;B;C 2 R are constants, (X;y) 2 R2. Typically, this equation is applied to
pattern classification. We denote the straight line in parametric form,

X=X+t (X1 Xo)

1.26
y=Yo+t (Y1 Yo) (1.26)

where (Xo;Yo) and (X;;Y1) are starting point and end points of a straight line, respec-
tively, t 2 R is the parameter. If the slop is denoted as K,

Y1 Yo
k= ; 1.27
XL %o X1 & Xo (1.27)

We have,

y=Yo+Kk (X Xo) (1.28)

where K is the slope rate. The slope of a straight line is a measure of its steepness.
Mathematically, the slope is calculated as the change in y divided by change in X.
Hence,

y=k x+b (1.29)

where b and K are constants. Furthermore, we denote conic curves or quadratic curve
as
F(x;y) = Ax> +Bxy +Cy?> + Dx+Ey+F (1.30)

where A & 0;A;B;C;D;E;F 2 R are the constants. (X;y) is the point in 2D space.
Hence, the quadratic curve is,

FGy) = (Gy)M ; (1.31)

where My, = fm;;jg, 2 is a matrix,

M= MM (1.32)
M2 M2

Hence, any quadratic curves are possible to be converted to its standard form
after a series of transformations,

1, 0

— 1
o1, =X 'Mx (1.33)

where X is the matrix consisting of eigenvectors, det(X) 6 0. 1; &0 and 1, & 0 are
eigenvalues.

" #
10 _ Lo 10

01~ o0l 0,‘7 (1.34)
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Thus, we obtain function F'(x;y) after a series of transformations from function

F(xy),
Fi(xy) = x> +y? (1.35)

Given a polynomial,
f) =x>+2x+1 (1.36)

where X 2 R. We denote it in the way of matrix,

f(x)=(x1) H )1( (1.37)

Generally, if we have a general polynomial,

fx)=ap+ ax (1.38)

i=1

where ap, 60,32 R,i=0;1; ;n;n2 N . We denote it as

2 30 X 1
P11 P12 P1t tX 1
f(X) — (XS;XS 1; ,1)§p21 P22 Pat gx § (139)
Ps1 Ps2 Sat 1

where s+t =n, n;s;t 2 N . If a curve is smooth, the derivatives exist f(x) 2
C"[a;b];n 2 N . If n = 0, the function f(X) is continuous.
A curvature is the reciprocal of radius of curvature. That is,

1
k=2 (1.40)

where R is the radius of the osculating circle. A parametrically-defined curve in
three dimensions given in Cartesian coordinates by using g(t) = (x(t);y(t);z(t))~,
the curvature is,

= T (1.41)
where denotes the vector cross product.

In geometry, a geodesic is a curve that is the locally shortest path (arc) between
two points in a surface, or more generally in a Riemannian manifold[57]. The inter-
national nautical mile is defined as exactly 1,852 meters. The derived unit of speed
is knot, namely, one nautical mile per hour.

In this section, we denote all elements of linear algebra in the matrix way. The
reason is that we expect to easily compute the values on computers for various
programming.
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1.6.3 Probability

Starting from Bayes’ theorem, Bayes’ law or Bayes’ rule is,

P(yjX) p(X)

1.42
0 (142

p(xjy) =

where p(xjy) 2 [0; 1] is conditional probability of p(x) 2 [0; 1], given p(y) 2 [0; 1].
p(x;y) 2 [0; 1] is the joint probability.

pP(Xy) = p(xiy)p(y) = p(yix)p(x) (1.43)
If p(x;y) is independent, we have
p(x;y) = p(xiy)p(y) = p(y) p(x) (1.44)

Entropy is the measure of missing information before reception. The definition
of information entropy is expressed in terms of a discrete set of probabilities,

HX) = p(xi) In p(xi) (1.45)
Xj2X

where X = fx;;i=1; ;n;n2 N g. Mutual entropy is based on Bayes’ theorem.

HOGY) =HXjY)+H(®Y) =H(YjX)+H(X) (1.46)
whereY =fy;;i=1; ;n;n2N g.
Hence,
HY)=H(X;Y) H(XjY) (1.47)
H(X) =H(X;Y) H(YjX) (1.48)

Relative entropy is called Kullback—Leibler (KL) divergence or I-divergence,
which is a type of statistical distances, a measure of how much a model probability
distribution Q is different from a true probability distribution P.

_ L P(i)
HkL(PkQ) = \ox P(xi) )

(1.49)

where Hx (PkQ) & Hy(QKP).

1.7 Structure of the Book

This book is organized in a natural order that aligns with our understanding of
robotics. We firstly explore what robots are and how they function. Then, we delve
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into image processing and computer vision for robotic scene understanding, with a
particular focus on stereo vision and 3D surface reconstruction.

Rather than relying on traditional machine learning methods, we directly uti-
lize deep learning for object detection and recognition in robotic vision. We in-
vestigate how deep learning can be applied to robot control and navigation. Ad-
ditionally, we introduce Robot Operating System (ROS), parallel computing (e.g.,
GPU, FPGA, etc.), and mobile computing for human and robot interactions (HRI).
Through our design and analysis of robotic systems, we aim to expand the applica-
tion of robots into broader research areas, including manufacturing, industrial au-
tomation, autonomous vehicles, and various applications. Finally, we discuss the
emerging trends and urgent applications in the field.

1.8 Lab Session: Introduction to Tools and Platforms

At the end of this chapter, all readers are recommended to complete the Lab report.
Please fill in the form shown in Table 1.1 after each lab session (2 hours).

Table 1.1: Lab report for robotic vision

Name <First Name Last Name>
Email <firstname.lastname @mailbox>
Lab date <dd-mm-yy>
Submitted date <dd-mm-yy>
Project title <A clear and concise title that accurately
reflects the content of the experiment or project.>
Lab objectives <The goal, aim, or purpose, hypotheses, etc.>
Configurations and settings|<The preferences, software, hardware, platforms, tools, etc.>
Methods <The relevant scientific theories or concepts >
Workflow <The step-by-step procedure for the experiment>
Datasets <The data and materials for your experiments>
Input <image filename, size, resolution >
Output <image filename, size, resolution>
Testing steps <Functional & non-functional testing methods step by step>
Bugs or problems <The system error code, lines of the code>
Result analysis <The tables, graphs, and figures, etc.>
Conclusion/Reflection <The strengths and weaknesses, or learned from this project >
References <MATLAB website>

Appendix: <Source codes with comments and line numbers>
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1.9 Exercises

Question 1.1. In robotics, why the position and orientation of robots are so im-
portant?

Question 1.2. In robotics, how to understand the trajectory of a moving object?
Question 1.3. Why De Casteljau’s algorithm for implementing Bézier curves is
independent on device resolution?

Question 1.4. What are the challenges of robotic vision?

Question 1.5. What are the differences between machine learning and deep
learning?

Question 1.6. In deep learning, what is the relationship between RNNs and
Transformers?

Question 1.7. What is NURBS curve in Computer Aided Geometry Design
(CAGD)?

1.10 Appendix: History of Computing

e 2025: ACM Turing Award 2024 (Andrew Barto and Richard Sutton)

e 2025: Qwen3, YOLOV13

e 2024: Nobel Prize in Physics (J. Hopfield and G. Hinton) and Chemistry (D.
Hassabis)

e 2024: OpenAl Sora, YOLOVY, YOLOv10, YOLO11

e 2023: YOLOVS, Diffusion Transformer(DiT), DALL E

e 2022: ChatGPT, YOLOV7 [27, 79] & YOLOv6

e 2021: Vision Transformer (ViT)

¢ 2020: YOLOV4 & YOLOVS, GPT-3

e 2019: ACM Turing Award 2018

e 2018: YOLOV3 & Mask R-CNN [37]

e 2017: CapsNets & YOLO9000 [76, 78]

* 2016: You Only Look Once (YOLO) [103]

e 2015: ResNet [35, 115, 36], GoogLeNet, & Fast / Faster R-CNN [30, 104]

e 2014: GAN & VGG [33], AlphaGo (DeepMind)

e 2013: Region-Based CNN(R-CNN) [31, 32]

e 2012: AlexNet (ImageNet) [105]

e 1997: Long Short-Term Memory [6] (LSTM)

¢ 1990: Convolutional Neural Networks (CNNs or ConvNets)

¢ 1986: Restricted Boltzmann Machine (RBM)

¢ 1986: Iterative Dichotomiser 3 (ID3)

e 1974: Multilayer Perceptron (MLP)

e 1970: Automatic Differentiation (AD, e.g., Chain rule)

* 1969: XOR Logic Function

¢ 1960: Least Mean Squares (LMS)

e 1957: Perceptron (IBM 704).
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1945: ENIAC (Electronic Numerical Integrator and Computer)

References

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.

23.

24.

25.

. Arnold, R. D., Yamaguchi, H., Tanaka, T. (2018). Search and rescue with autonomous flying

robots through behavior-based cooperative intelligence. Journal of International Humanitar-
ian Action, 3(1), 18.

. Alexander, R. (2022) Human Facial Emotion Recognition from Digital Images Using Deep

Learning. Master’s Thesis, Auckland University of Technology, New Zealand.

. Alpaydin, E. (2009) Introduction to Machine Learning, MIT Press.
. An, N. (2020) Anomalies Detection and Tracking Using Siamese Neural Networks. Master’s

thesis, Auckland University of Technology, New Zealand.

. An, N,, Yan, W. (2021) Multitarget tracking using Siamese neural networks. ACM Transac-

tions on Multimedia Computing, Communications, and Applications, 17(pp 1—16).

. Bengio, Y., Simard, P., Frasconi, P. (1994). Learning long-term dependencies with gradient

descent is difficult. IEEE Transactions on Neural Networks, 5(2), 157 — 166.

. Bengio, Y., Lecun, Y., Hinton, G. (2021) Deep Learning for AI. Communications of the ACM,

64(7), 58-65.

. de Boor, C. (1978). A Practical Guide to Splines. Springer-Verlag. ISBN 978-3-540-90356-7.
. Caruana, R., Lawrence, S., Giles, C. L. (2001). Overfitting in neural nets: Backpropagation,

conjugate gradient, and early stopping. In Advances in Neural Information Processing Sys-
tems (pp. 402 — 408).

Chen, Z., Yan, W. (2023) Real-time pose recognition for billiard player using deep learning.
Deep Learning, Reinforcement Learning and the Rise of Intelligent Systems.

Collobert, R., Weston, J. (2008). A unified architecture for natural language processing: Deep
neural networks with multitask learning. In International Conference on Machine Learning
(pp. 160 — 167).

Corke, P. Robotics, Vision and Control (2nd Edition), Springer Nature.

Cover, T., Thomas, J. (1991) Elements of Information Theory, John Wiley & Sons, Inc.
Dabney, W., et al. (2020) A distributional code for value in dopamine-based reinforcement
learning. Nature, 577: 671-675

De Boer, P. T., Kroese, D. P., Mannor, S., Rubinstein, R. Y. (2005). A tutorial on the cross-
entropy method. Annals of Operations Research, 134(1), 19 — 67.

Dosovitskiy, A., et al. (2021) An image is worth 16 16 words: Transformers for image recog-
nition at scale. International Conference on Learning Representations.

Dunne, R. A., Campbell, N. A. (1997). On the pairing of the softmax activation and cross-
entropy penalty functions and the derivation of the softmax activation function. Aust. Conf.
on the Neural Networks (Vol. 181, pp. 185).

Ertel, W. (2019) Introduction to Artificial Intelligence. Springer International Publishing.
Farin, G. (1997). Curves and Surfaces for Computer-Aided Geometric Design. Elsevier. ISBN
978-0-12-249054-5.

Farin, G. (2002). Curves and Surfaces for CAGD: A Practical Guide (5th ed.). Morgan Kauf-
mann.

Foley, van D. (1996) Computer Graphics: Principles and Practice. Addison-Wesley (2nd ed.).
Fu, Y. (2020) Fruit Freshness Grading Using Deep Learning. Master’s Thesis, Auckland Uni-
versity, New Zealand.

Fu, Y., (2020) Fruit freshness grading using deep learning. Springer Nature Computer Sci-
ence.

Gao, X. , Nguyen, M., Yan, W. (2021) Face image inpainting based on generative adversarial
network. IEEE IVCNZ.

Gao, X. (2021) A Method for Face Image Inpainting Based on Generative Adversarial Net-
works. Master’s Thesis. Auckland University of Technology, New Zealand.



26

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

1 Introduction to Robotic Vision

Gao, X., Nguyen, M., Yan, W. (2023) A high-accuracy deformable model for human face
mask detection. PSIVT.

Gao, X., Nguyen, M., Yan, W. (2024) Human face mask detection based on deep learning
using YOLOv7+CBAM. Handbook of Research on Al and ML for Intelligent Machines and
Systems, 94-106.

Gao, X., Liu, Y., Nguyen, M., Yan, W. (2024) VICL-CLIP: Enhancing face mask detection in
context with multimodal foundation models. ICONIP.

Gashler, M., Giraud-Carrier, C., Martinez, T. (2008). Decision tree ensemble: Small hetero-
geneous is better than large homogeneous. International Conference on Machine Learning
and Applications, pp. 900-905.

Girshick, R. (2015). Fast R-CNN. IEEE International Conference on Computer Vision (pp.
1440 — 1448).

Girshick, R., Donahue, J., Darrell, T., Malik, J. (2016). Region-based convolutional networks
for accurate object detection and segmentation. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 38(1), 142 — 158.

Gkioxari, G., Girshick, R., Malik, J. (2015). Contextual action recognition with R-CNN. IEEE
ICCV (pp. 1080 — 1088).

Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville,
A., Bengio, Y. (2014). Generative adversarial networks. International Conference on Neural
Information Processing Systems (pp. 2672 — 2680).

Goodfellow, I., Bengio, Y., Courville, A. (2016) Deep Learning, MIT Press.

He, K., Zhang, X., Ren, S., Sun, J. (2016). Deep residual learning for image recognition.
IEEE CVPR (pp. 770 — 778).

He, K., Zhang, X., Ren, S., Sun, J. (2016). Identity mappings in deep residual networks.
European Conference on Computer Vision (pp. 630 — 645).

He, K., Gkioxari, G., Dollar, P., Girshick, R. (2017). Mask R-CNN. IEEE ICCV (pp. 2980 —
2988).

Hinton, G., Osindero, S., Teh, Y. W. (2006). A fast learning algorithm for deep belief nets.
Neural Computation, 18(7), 1527 — 1554.

Hinton, G., Salakhutdinov, R. (2006) Reducing the dimensionality of data with neural net-
works. Science, 313(5786):504 — 507

Hoo-Chang, S., Roth, H. R., Gao, M., Lu, L., Xu, Z., Nogues, 1., Summers, R. M. (2016).
Deep convolutional neural networks for computer-aided detection: CNN architectures, dataset
characteristics and transfer learning. IEEE Transactions on Medical Imaging, 35(5), 1285.
Huang, G., Liu, Z., Weinberger, K. Q., van der Maaten, L. (2017). Densely connected convo-
lutional networks. IEEE CVPR (Vol. 1, No. 2, pp. 3).

Ji, H., Liu, Z., Yan, W., Klette. R. (2019) Early diagnosis of Alzheimer’s disease using deep
learning. ACM ICCCV (pp. 87-91)

Ji, H,, Liu, Z., Yan, W, Klette, R. (2019) Early diagnosis of Alzheimer’s disease based on
selective kernel network with spatial attention. IAPR ACPR (pp.503-515)

Jordan, M. 1., Mitchell, T. M. (2015). Machine learning: Trends, perspectives, and prospects.
Science, 349(6245), 255-260.

Kasabov, N. (1996) Foundations of Neural Networks, Fuzzy Systems, and Knowledge Engi-
neering. The MIT Press.

Kim, Y. (2014). Convolutional neural networks for sentence classification. Conference on
Empirical Methods in Natural Language Processing (pp. 1746 — 1751).

Klette, R. (2014) Concise Computer Vision: An Introduction into Theory and Algorithms.
Springer-Verlag London, U.K.

Kontschieder, P., et al. (2015) Deep neural decision forests. IEEE ICCV.

Krizhevsky, A., Sutskever, 1., Hinton, G. E. (2012). ImageNet classification with deep con-
volutional neural networks. Advances in Neural Information Processing Systems (pp.1097 —
1105).

Kriegeskorte, N. (2015). Deep neural networks: A new framework for modeling biological
vision and brain information processing. Annual Review of Vision Science (pp. 417-446).



References 27

51.

52.

53.

54.

55.
56.

57.
58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

71.

Krizhevsky, A., Sutskever, I, Hinton, G. (2017) ImageNet classification with deep convolu-
tional neural networks. Communications of the ACM, 60 (6), 84 — 90.

LeCun, Y., Boser, B., Denker, J. S., Henderson, D., Howard, R. E., Hubbard, W., Jackel, L. D.
(1989). Backpropagation applied to handwritten zip code recognition. Neural Computation,
1(4), 541 - 551.

LeCun, Y., Bengio, Y. (1995). Convolutional networks for images, speech, and time series.
The Handbook of Brain Theory and Neural Networks, 3361(10).

LeCun, Y., Bottou, L., Bengio, Y., Haffner, P. (1998). Gradient-based learning applied to
document recognition. Proceedings of the IEEE, 86(11), 2278 — 2324.

LeCun, Y., Bengio, Y., Hinton, G. (2015) Deep learning. Nature, 521: 436 — 444.

Lee, C. Y., Gallagher, P. W., Tu, Z. (2016). Generalizing pooling functions in convolutional
neural networks: Mixed, gated, and tree. Artificial Intelligence and Statistics, 464 — 472.
Lee, John M. (2018). Introduction to Riemannian Manifolds. Springer-Verlag.

Lewis, P. et al. (2020). Retrieval-augmented generation for knowledge-intensive NLP tasks.
Advances in Neural Information Processing Systems. 33.

Li, C. (2022) Special Character Recognition Using Deep Learning. Master’s Thesis, Auck-
land University of Technology, New Zealand.

Li, C., Zhou, S., Yan, W. (2024) TFFD-Net: An effective two-stage mixed feature fusion and
detail recovery dehazing network. The Visual Computer.

Li, H., Wu, H., Lou, L., Kiihnlenz, K., Ravn, O. (2012). Ping-pong robotics with high-
speed vision system. International Conference on Control Automation Robotics & Vision
(ICARCV), 106-111.

Li, X. (2018) Preconditioned stochastic gradient descent. IEEE Transactions on Neural Net-
works and Learning Systems, 29(5): 1454 — 1466.

Li, Y, Yang, X., Zhao, W., Wang, Y., Yan, W. (2024) Lightweight and efficient deep learning
models for fruit detection in orchards. Nature Scientific Reports.

Liang, C., Lu, J., Yan, W. Human action recognition from digital videos based on deep learn-
ing. ICCCV 2022, China.

Liang, C., Yan, W. (2023) Human action recognition based on YOLOv7. Deep Learning,
Reinforcement Learning, and the Rise of Intelligent Systems.

Liang, S. (2021) Multi-language Datasets for Speech Recognition Based on the End-to-End
Framework. Master’s Thesis, Auckland University, New Zealand.

Liang, S., Yan, W. (2022) A hybrid CTC+Attention model based on end-to-end framework
for multilingual speech recognition. Multimedia Tools and Applications.

Littman, M. (2015) Reinforcement learning improves behavior from evaluative feedback. Na-
ture, 521, 445 — 451.

Liu, C., Yan, W. (2020) Gait recognition using deep learning. Handbook of Research on
Multimedia Cyber Security, 214-226, IGI Global.

Liu, J. (2022) Crime Prediction From Digital Videos Using Deep Learning. Master’s Thesis,
Auckland University of Technology, New Zealand.

Liu, J. Pan, C., Yan, W. (2023) Litter detection from digital images using deep learning. SN
Computer Science, 4(134),

Liu, J., Yan. W. (2021) Crime prediction from video surveillance using deep learning. Hand-
book of Research on Aiding Forensic Investigation Through Deep Learning and Machine
Learning Frameworks, IGI Global.

Liu, M., Yan, W. Masked face recognition using MobileNetV2. ACM ICCCV.

Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C. Y., Berg, A. C. (2016). SSD:
Single shot multibox detector. European Conference on Computer Vision (pp. 21 — 37).

Liu, X. (2019) Vehicle-Related Scene Understanding Using Deep Learning. Master’s Thesis,
Auckland University of Technology, New Zealand.

Liu, X., Yan, W., Kasabov, N. (2020) Vehicle-related scene segmentation using CapsNets.
IEEE IVCNZ (pp. 1-6)

Liu, X., Yan, W. (2021) Traffic-light sign recognition using capsule network. Multimedia
Tools and Applications, 80(10), 15161-15171 (2021)



28

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.
99.
100.
101.

102.

1 Introduction to Robotic Vision

Liu, X., Yan, W., Kasabov, N. (2023) Moving vehicle tracking and scene understanding: A
hybrid approach. Multimedia Tools and Applications.

Liu, X., Yan, W. (2023) Vehicle detection and distance estimation using improved YOLOv7
model. Deep Learning, Reinforcement Learning and the Rise of Intelligent Systems.

Liu, Y. (2022) Sign Language Recognition from Digital Videos Using Feature Pyramid Net-
work with Detection Transformer. Master’s Thesis, Auckland University of Technology.

Liu, Y., Nand, P., Hossain, M., Nguyen, M., Yan, W. (2023) Sign language recognition from
digital videos using feature pyramid network with Detection Transformer. Multimedia Tools
and Applications.

Liu, Z., et al. (2021). Swin Transformer: Hierarchical Vision Transformer using shifted win-
dows. IEEE ICCV.

Lynch, K., Park, F. Modern Robotics: Mechanics, Planning, and Control. Cambridge, MA:
Cambridge University Press, 2017.

Manning, C., Raghavan, P., Schutze, H. (2008) Introduction to Information Retrieval. Cam-
bridge University Press.

Mehtab, S. Yan, W., Narayanan, A. (2022) 3D vehicle detection using cheap LiDAR and
camera sensors. International Conference on Image and Vision Computing New Zealand.
Mehtab, S. (2022) Deep Neural Networks for Road Scene Perception in Autonomous Vehicles
Using LiDARs and Vision Sensors. PhD Thesis, Auckland University of Technology, New
Zealand.

Mi, Z., Yan, W. (2024) Strawberry ripeness detection using deep learning models. Big Data
and Cognitive Computing 8 (8), 92.

Mignan, A., Broccardo, M. (2019) One neuron versus deep learning in aftershock prediction.
Nature, 574(7776), E1-E3.

Mnih,V.,, et al. (2015) Human-level control through deep reinforcement learning. Nature, 518,
529 - 533.

Molchanov, V. V., Vishnyakov, B. V., Vizilter, Y. V., Vishnyakova, O. V., Knyaz, V. A. (2017).
Pedestrian detection in video surveillance using fully convolutional YOLO neural network.
Automated Visual Inspection and Machine Vision II (Vol. 10334).

Muscat, J. (2014) Functional Analysis, Springer.

Nguyen, M., Yan, W. (2023) From faces to traffic lights: A multi-scale approach for emotional
state representation. IEEE International Conference on Smart City.

Niculescu-Mizil, A., Caruana, R. (2007), Inductive transfer for Bayesian network structure
learning. International Conference on Artificial Intelligence and Statistics.

Norvig, P., Russell, S. (2016) Artificial Intelligence: A Modern Approach (3rd Edition), Pren-
tice Hall.

Pan, S. and Yang, Q. (2010) A survey on transfer learning. IEEE Transactions on Knowledge
and Data Engineering, 22(10):1345 — 1359

Peebles, W., Xie, S. (2023). Scalable Diffusion Models with Transformers. IEEE/CVF Inter-
national Conference on Computer Vision (ICCV). pp. 4172-4182

Peng, D. (2025) Vision Perception Optimization and Adaptive Control for Resource-
Constrained Platform: A Ping-Pong Ball Pick & Place System. Master’s Thesis, Auckland
University of Technology, New Zealand.

Piacentini, C., Bernardini, S., Beck, J. C. (2019). Autonomous target search with multiple
coordinated UAVs. J. Artif. Int. Res., 65(1), 519-568.

Qi, J., Nguyen, M., Yan, W. (2023) CISO: Co-iteration semi-supervised learning for visual
object detection. Multimedia Tools and Applications.

Qin, Z., Yan, W. (2020) Traffic-sign recognition using deep learning. ISGV.

Queralta, J. P, Raitoharju, J., Gia, T. N., Passalis, N., Westerlund, T. (2020). AutoSOS: To-
wards multi-UAV systems supporting maritime search and rescue with lightweight Al and
edge computing.

Ravankar, A., Ravankar, A. A., Kobayashi, Y., Hoshino, Y., Peng, C.-C. (2018). Path smooth-
ing techniques in robot navigation: State-of-the-art, current and future challenges. Sensors,
18(9), 3170.



References 29

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

Redmon, J., Divvala, S., Girshick, R., Farhadi, A. (2016). You only look once: Unified, real-
time object detection. IEEE CVPR (pp. 779 — 788).

Ren, S., He, K., Girshick, R., Sun, J. (2015). Faster R-CNN: Towards real-time object de-
tection with region proposal networks. Advances in Neural Information Processing Systems
(pp- 91 —99).

Russakovsky, O., Deng, J., Su, H., Krause, J., Satheesh, S., Ma, S., Berg, A. C. (2015).
ImageNet large scale visual recognition challenge. International Journal of Computer Vision,
115(3), 211-252.

Sarikaya, R., Hinton, G. E., Deoras, A. (2014). Application of deep belief networks for natu-
ral language understanding. IEEE/ACM Transactions on Audio, Speech, and Language Pro-
cessing, 22(4), 778-784.

Schmidhuber, J. (2015). Deep learning in neural networks: An overview. Neural Networks,
61, 85-117.

Singh, C. D., He, B., Fermiiller, C., Metzler, C., Aloimonos, Y. (2024). Minimal perception:
Enabling autonomy in resource-constrained robots. Frontiers in Robotics and Al

Song, C., He, L., Yan, W., Nand, P. (2019) An improved selective facial extraction model for
age estimation. IEEE IVCNZ.

Sutton, R., Barto, A. (2018) Reinforcement Learning: An Introduction (2nd edition). MIT
Press

Tang, S., Yan, W. (2024) Utilizing RT-DETR model for fruit calorie estimation from digital
images. Information 15 (8), 469.

Tokunaga, S., Premachandra, C., Premachandra, H. W. H., Kawanaka, H., Sumathipala, S.,
Sudantha, B. S. (2021). Autonomous spiral motion by a small-type robot on an obstacle-
available surface. Micromachines, 12(4), 375.

Vaswani, A. et al. (2017) Attention is all you need. The Conference on Neural Information
Processing Systems (NIPS), USA.

Vedaldi, A., Lenc, K. (2015). MatConvNet: Convolutional neural networks for MATLAB.
ACM International Conference on Multimedia (pp. 689-692).

Veit, A., Wilber, M. J., Belongie, S. (2016). Residual networks behave like ensembles of
relatively shallow networks. Advances in Neural Information Processing Systems (pp. 550—
558).

Wang, H. (2018) Real-Time Face Detection and Recognition Based on Deep Learning. Mas-
ter’s Thesis, Auckland University of Technology.

Wang, H., Yan, W. (2022) Face detection and recognition from distance based on deep
learning. Aiding Forensic Investigation Through Deep Learning and Machine Learning, IGI
Global.

Webb, S. (2018) Deep learning for biology. Nature, 554: 555 — 557

Weiss, G. (2013). Multiagent Systems (2nd ed.). Cambridge, MA: MIT Press.

Xia, Y. Nguyen, M., Yan, W. (2023) Kiwifruit counting using KiwiDetector and KiwiTracker.
Intelligent Systems, 629-640.

Xiao, B., Nguyen, M., Yan, W. (2023) Apple ripeness identification from digital images using
transformer. Multimedia Tools and Applications.

Xiao, B., Nguyen, M., Yan, W. (2023) Fruit ripeness identification using transformers. Ap-
plied Intelligence.

Xing, J., Yan, W. (2021) Traffic sign recognition using guided image filtering, Springer ISGV
(pp-85-99).

Xu, G., Yan, W. (2023) Facial emotion recognition using ensemble learning. Deep Learning,
Reinforcement Learning, and the Rise of Intelligent Systems.

Yan, W., Kankanhalli, M. (2002) Detection and removal of lighting & shaking artifacts in
home videos. ACM International Conference on Multimedia, 107-116.

Yan, W., Ding, W., Qi, D. (2001) Rational many-knot spline interpolating curves and sur-
faces. Journal of Image and Graphics 6 (6), 568-572.

Yan, W., Qi, D. (1999) Many-knot spline interpolating curves and their applications in font
design. Computer Aided Drafting, Design and Manufacturing 9 (1), 1-8.



30

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

1 Introduction to Robotic Vision

Yan, W., Ding, W., Qi, D. (2001) Rational many-knot spline interpolating curves and sur-
faces. Journal of Image and Graphics 6 (6), 568-572.

Yan, W., Kankanhalli, M. (2009) Cross-modal approach for Karaoke artefacts correction.
Handbook of Multimedia for Digital Entertainment and Arts, 197-218.

Yan, W. (2019) Introduction to Intelligent Surveillance: Surveillance Data Capture, Trans-
mission, and Analytics (3rd Edition), Springer.

Yan, W. (2023) Computational Methods for Deep Learning: Theory, Algorithms, and Imple-
mentations (2nd Edition). Springer.

Yang, G., Nguyen, M., Yan, W,, Li, X. (2025) Foul detection for table tennis serves using
deep learning. Electronics, 14(1), 27

Yang, G. (2025) ChatPPG: Multi-Modal Alignment of Large Language Models for Time-
Series Forecasting in Table Tennis. Master’s Thesis, Auckland University of Technology, New
Zealand.

Yang, Y., Kim, D., Choi, D. (2023). Ball tracking and trajectory prediction system for tennis
robots. Journal of Computational Design and Engineering, 10(3), 1176-1184.

Yin, S., Fu, C., Zhao, S., Li, K., Sun, X., Xu, T., Chen, E. (2024). A survey on multimodal
large language models. National Science Review.

Zhang, Y., Zhao, Y., Xiong, R., Wang, Y., Wang, J., Chu, J. (2014). Spin observation and
trajectory prediction of a ping-pong ball. IEEE International Conference on Robotics and
Automation (ICRA), 4108-4114.

Zhang, Z. (2000) A flexible new technique for camera calibration. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 21(11): 1330- 1334.

Zhao, H., Xu, S., Yan, W., Xu, D. (2025) Design and optimization of target detection and 3D
localization models for intelligent muskmelon pollination robots. Horticulturae, 11(8), 905.
Zhao, Y., Wu, J., Zhu, Y., Yu, H., Xiong, R. (2017). A learning framework towards real-
time detection and localization of a ball for robotic table tennis system. IEEE International
Conference on Real-Time Computing and Robotics (RCAR), 97-102.

Zheng, A., Yan, W. (2024) Attention-based multimodal fusion model for breast cancer pre-
diction. ICONIP.

Zhu, Y. Yan, W. (2022) Traffic sign recognition based on deep learning. Multimedia Tools
and Applications, 81: 17779-17791



Chapter 2
Robotics

Abstract

In this chapter, a variety of robots and their operations will be detailed, this includes
mobile robots and humanoid robots as well as robotic navigation and localization.
Correspondingly, MATLAB automatic driving toolbox will be illustrated. Our goal
is to equip cameras on mobile robots and acquire the dynamic images reflecting the
scene. In this chapter, a variety of robots such as arm-type robots, robotic kinetics,
robotic dynamics, and robotic control are taken into account. The significance of
this chapter is that the problems of robotic control are resolved by using the avail-
able visual information and knowledge. The manipulator and the end-effector(s) of
robots are controlled within 3D space.
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2.1 Mobile Vehicles

Mobile robots are a class of automobile machines, they are able to move through
the designated space [23]. The robots will select the best path [33, 35] to reach
its destination, it may encounter challenges such as obstacles that might block its
way or having an incomplete map, or no map at all [82]. The necessary maps will
be dynamically created or updated when the environment changes. The generated
maps will be applied to direct the robots where to go. One straightforward strategy
is to have simplified perception of the world and react to what is sensed.

Sensing means we make actively use of sensors. Once the robots with sensors
move from side to side, it quickly acquires information about its surroundings. That
is the way how robots acquire the environmental information. An alternative way
is to create a map of its environment and plan a path from the starting point to the
destination. This space will be scanned with SLAM algorithm (i.e., Simultaneous
Localization and Mapping [65, 71]). Based on the map with scene understanding, a
path is needed to be planned. Thus, we choose which path is the best and the shortest
one for the robot to reach the destination.

The free-range mobile robots and wheeled robots typically make use of the fixed
infrastructure for guidance, such as bicycle. Bicycles have pedal and handlebar basi-
cally as shown in Fig.2.1. Generally, the robot’s velocity is controlled like a bicycle
to be proportional to the distance from the point (x;y) 2 R? to the goal (x ;y ) 2 R?,

Saddle Handlebar

Wheel

Fig. 2.1: A bike and the forces to the ground in red arrows

q
v =K, (x X?+({ VY%K 2R;v 2R 2.1

With the relative angle,

q =tan 1(H);q 2R 2.2)
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By using a proportional controller as shown in Fig.2.2,
g=Kn(@ 0)0<Ki2R;g2R (2.3)

where Ky and K}, are the constants.

Fig. 2.2: A proportional controller and its radii

Most people have the experience riding a bicycle or know how it operates. The
pedals of a bike are the source where the power is from. The handlebar is adopted
to control where the direction will be. While moving slowly, the handlebar of bike
should have an angle to support the moving. Especially, the direction is altered. At
this time, the handlebar and the pedals should keep the angle. Given a fixed angle,
the bicycle will remain the balance and keep going further. Hence, the unmanned
bicycle was designed and implemented, the bicycle can be run automatically. The
gyroscope is installed on the robot to keep the balance and direction. If the bicycle
is working in the proper direction, it can be driven smoothly and stably. Thus, the
bike is possible to be controlled remotely, batteries will provide energy and power.
A simple proportional controller turns the steering wheel so as to drive the robot
toward the destination. The proportional controller adjusts the steering angle, which
drives the robot following the straight line,

ag= Ky d;0<Kg2R 2.4
where Ky is a constant.
“he . 1 >
g= @B CVD”. 2, pend2R (2.5)

a’+b?
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This proportional controller is distinct from the mechanical system of bicycle.
Basically, a bicycle has two wheels, one is in front, the other is at the back. But for
this pair of controllers, which has four wheels, if the direction is changed, the four
wheels will be turned in various directions. Hence, mobile robots follow the two
radii. Following a straight line, two controllers are required to adjust the steering.
One controller steers the robot to minimize the robot’s normal distance from the
straight line. Two controllers are required to adjust steering. One controller steered
the robots to keep the balance and distance from the straight line. This trailer will
be operated and run along the straight line [55]. The second controller adjusts the
heading angle or orientation, controls the vehicle to be parallel to the straight line.
The two controllers must jointly work together, control the robots to move forward.
But the problem is how to make use of computers to guide robots from the starting
point to the end point.

ax+by+c=0 (2.6)

where a;b;c 2 R are constants.

g =tan !( g);a&o;q 2R (2.7)

The Ackermann steering geometry[44] is a geometric arrangement of linkages
in the steering of a car or other vehicles designed to solve the problem of wheels
on inside and outside of a turn needing to trace out circles of different radii. Exact
Ackermann geometry is only valid at low speeds or tight turns. At high speeds,
tire slip angles must be considered; therefore, approximate Ackermann geometry or
dynamic steering models are employed.

2.2 Humanoid Robots

A humanoid robot as shown in Fig. 2.3 is a robot resembling human body in shape.
In general, humanoid robots have a torso as shown in Fig. 2.4, including a head,
two arms, and two legs, though a few humanoid robots may replicate only a part
of human body. Androids are humanoid robots to aesthetically resemble humans. A
few robots have wheels, the feet are wheeled [95]. A logo of Android mobile system
is a robot. The android, the original name or original meaning is a robot.

Sensors sense the position, orientation, and speed of humanoid’s body and joints,
along with internal values. Actuators are the motors responsible for motion in
robots. In robots, most of the joints are equipped with motors. The motors take
advantage of torque to control arms, allowing them to rise or lower, so do the legs.
For example, if we hold a weighty object on air, a group of motors are working
together to keep pose of the object. By using motors, the controller gives a force to
control the pose, that is called payload. In robots, the motors control the position
and orientation of an arm. In total, a torso has 24 degrees of freedom (DoF) after
added all dimensions of axes together. Pertaining to the number of axes, a torso has
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Arm

Fig. 2.4: A torso of human body and its joints
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multiple rotational axes and translational axes. If a computer is employed for con-
trolling robots, the motors in each joint should be exactly controlled for rotational
and translational operations.

Google MediaPipe is a computer vision software that is able to capture 33
key points of human body as shown in Fig. 2.5. Our human body includes head,
arms, legs and feet before a camera, the 33 points could be detected in real
time [91, 90, 18, 29]. Correspondingly, the angles between any two links could
be utilized to control the torso of robots. Hence, we take use of these features for
robotic control via human pose detection and recognition. Therefore, the key issue
is how to automatically map these points to a humanoid robot so as to save our
operating time. The robotic vision should have the ability to resolve this mapping
problem through robot operating system (ROS) and visual servoing.

Fig. 2.5: An example of Google MediaPipe software for capturing human pose
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2.3 Navigation

2.3.1 Automata

A robot is a goal-oriented machine that is able to sense, plan, and act, like in-
sects [59]. Insects, such as moth, butter y, and bird follow Charles Darwin's the-
ory of evolution. Particularly in winter time, birds usually y to the north because
the north in the southern hemisphere is warm [36], vice versa. This movement is
triggered by factors like changing day length, temperature, and food availability.
Birds fully take advantage of a plethora of cues to navigate, including the Sun, the
Moon, stars, the Earth's magnetic eld, and landmarks. Robots are inspired and
learned from this bird migration or seasonal movements. The simple class of robots
are known as Brandenburg robots. That is a class of goal-oriented robots, they are
characterized by using direct connections between sensors and motors.

When light rays are emitted from the Sun or the Moon, when human moves from
one place to another at night, the location of the Moon or stars in sky are utilized
for positioning. Most of insects also need position of the Moon in night. While
the insects are moving toward the destination, they always retain and withhold the
angle toward the direction of light rays like moths. Hence, the path is called moth
curve [87].

Fig. 2.6: A moth would like to y along a curve that is perpendicular to ray direction,
thus, it is called moth curve. A Braitenberg robot is to move along the moth curve.

Because robots need take actions, they have their own behaviors. The behav-
ioral robots essentially are automata [14]. In computer science, automata is called
Finite State Machine (FSM). The automata [42] is a system which serves us well.
For example, the simple automata is a computer operating system, like Microsoft
Windows, Linux or MacOS. In computer control or machine intelligence, the au-
tomata is always needed. The reason why the robot is much intelligent is that au-
tomata is smart, it simply reacts to the actions within the environment. A simple
automata shares the ability to sense when they are in proximity to an obstacle. The
automata [42] includes a FSM and other logic between sensors and motors. The
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simple robot performs goal seeking in the presence of non-drivable areas or obsta-
cles [82].

Initially, robots do not know the environment well, but after iterative interactions,
they acquire the lore from environment, understand the surroundings, they gradually
become familiar with the scene. If robots deeply understand logical relationships in
the scene, the robots cannot move from one place to another due to the existing
obstacles. Hence, robots have the ability to avoid obstacles [13]. If robots under-
stand the updated maps well, they move toward the correct direction. Automata has
memory, a robot is able to be operated in correct way like the automata.

The central issue of robot navigation is path planning [57]. If such a map is
available, robots need to make a reasonable plan how to leave current place or how
to return starting place. The key to achieve the best path is to explore this map. The
Google map for navigation needs the starting point in a plan to get the destination.
The best way is to have a Google map, which instructs us the orientation of roads,
traf ¢ congestion, bridges, and obstacles, etc.

A simple and computer-friendly representation is the occupancy grid [30], the
memory is required to hold the occupancy. We segment a map into regions. The
memory is required, which stores the grids. The robot is operated in a grid world
which occupies one grid cell. The robot does not have any non-holonomic con-
straints that can move to any neighboring grid cells each time. It is able to determine
the position of a robot on the plane. The robot is able to compute the path it will take.
The holonomic way of robots is based on global view. A sophisticated planner might
consider kinematics and dynamics of a robot and avoid paths that involve turns. In
a map, the derivable regions or obstacles are presented as polygons, comprising of
a list of vertices or edges. This is potentially a compact format, but determining po-
tential collisions between robots and obstacles [82]. This navigation algorithm has
exploited its global view of the world, through exhaustive computations so as to

nd the shortest path. Like riding bus or train, we need pay the fare within one zone
as shown in Fig.2.7. The robot does not have any holistic constraints to arrive any
neighboring grid cells. That's the reason why robots need understand the scene so
that the robots can travel from one cell to another.

In a plan, if a robot already occupies one place or cell, the robot is able to follow
the map and compute the path it will follow. This is called holistic plan. A robot can
proceed moving from any places to where it decides to go by following instructions,
the navigation algorithm has explored global view of this world. If a robot would like
to seek the shortest path by using a map, the map keeps offering optimal solutions
for the robot. The traf c on the dynamic map is being updated in real time. Robots
have the ability to quickly nd the states of the planned roads [64]. The best part of
this algorithm is the computational cost from the starting point to the destination.
The cost is the crucial factor for making holistic decision for a robot.

A fairly complex planning problem has been converted into one that can be han-
dled by using a Braitenberg-class robot. This makes local decisions based on the
distance to the goal [57]. Brandenburg robot is an elemental one, a local decision is
needed to make. A robot thus need think of the neighbors and reach to the next grid
cell. The penalty for achieving the optimal path is computational cost. The roadmap
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Fig. 2.7: A bus and train fare zone

methods provide an effective means to nd the paths in large maps that greatly re-
duce computational costs. Suppose a robot has a slew of ways to leave, rstly it
needs to make local decision. The mobile robots have equipped with feet or wheels.
Along with well-designed direction, the robot can quickly attain the destination [17].

2.3.2 D* Algorithm

D* algorithm (pronounced “D star”) was designed for resolving path planning prob-
lems [39, 80], where a robot will be navigated to the given destination in unknown
terrain [76]. D* algorithm and its variants have been widely employed for mobile
robot and autonomous vehicle navigation [55]. The algorithm supports computa-
tionally cheap and incremental re-planning ways for small changes in a map [77]. It
generalizes the occupancy grid to a cost map, the map represents the cost of travers-
ing each cell in the horizontal or vertical direction [30].
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Algorithm 2: D* path planning algorithm
Input: Start nodesstart, Goal nodesyoa, Grid map with initial cost estimates
Output: Path fromsstar 10 Syoal

1 Initialize open list withsyoa;

2 Setd(sgoa)  0,rhs(sgoa)  O;

3 foreachstate $ syoq dO

4 | o9 ¥,rhs(s) ¥;

5 ComputeKeysyoar);

6 While open list is not emptsind (key(start) > key(top)or

rhs(sstart) 6 g(sstart)) do
7 s state with smallest key in open list;
8 if g(s) > rhs(s) then

o 9(s)  rhs(s);
10 removes from open list;
1 foreach predecessor®f sdo
12 | UpdateVertexg);
13 else
14 a(s) ¥;
15 foreach predecessor’f s and s itselido
16 | UpdateVertexg);

17 Function UpdateVertex( 9):

18 if S& syoal then

19 L rhs(s) minsOZSucc(s)(g(SL)"' c(s, 5%),

20 removes from open list;

21 if g(s) 6 rhs(s) then

22 | insertsinto open list with key ComputeKes);

23 Fzmction ComputeKey( s) :
24 | return [min(g(s); rhs(s)) + h(sstart;s); Min(g(s); rhs(s))];

D* algorithm was designed for planning with a minor change [57]. If the given
map has a puny change, the robot can quickly react to the change. This is a respon-
sible way to minimize the total cost of a travel. The algorithm supports incremental
re-planning. That means, it is possible to have a new plan because of environmental
changes. D* algorithm allows updates to the map at any time while a robot is mov-
ing. After re-planning, the robot simply positions to a adjacent cell with the lowest
cost which ensures the continuity of motions. The pseudocode is shown in Algo-
rithm (2). While a robot is shifting, the map will be dynamically updated as we are
driving a car using Google road map.

Google road map will automatically presents the dynamic routine path for a
driver. Similarly, if a robot deviates to a wrong way, the navigation map could
quickly check the routine; if the robot averts somewhere nearby, the map can quickly
guide the bot to go back. After re-planning, the bot simply adjusts the cell with
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the lowest cost, which ensure that the continuity holds even if the plan has been
changed. The plan change will notimpact nal destination. Thus, the cost should be
reduced as much as possible.

2.3.3 Voronoi Diagram

In mathematics, a Voronoi diagram is a partition of a plane into regions close to
each of a given set of objects [12]. The map is segmented into multiple regions.
Subsequently, a robot need decide where the best direction is, how the bot will move
to the next region in the created Voronoi roadmap. In MATLAB, a Voronoi diagram
is based on distance to a speci ¢ set of points. An example of Voronoi diagram is
shown in Fig. 2.8.

Fig. 2.8: An example of Voronoi diagram and Delaunay triangulation

The skeleton of this free space is a network of adjacent cells, no more than one
cell thick. The skeleton is a free space, indicated by using white cells. The white
markers show that the skeleton of free space is networked. The skeleton with obsta-
cles is overlaid in red, the junction points are marked in blue. Regarding the distance
of obstacles, pixel values correspond to the distance of the nearest obstacle. Usually,
Voronoi diagram is triangle-based. Because the triangle is basic, once all of them are
obtained, the centers are connected together. Thus, a graph is created. The graph ba-
sically shows the information of links. The roadmap with junctions will be marked
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in blue. If a region has an obstacle, it is marked in red. If there is a junction between
two regions, it is marked in blue. Regarding the distance between the two regions,
the Voronoi diagram can save calculations. For calculating the distance, hgrms
L1, Lo, Lp andLy are employed for a vector. More generally, we have-norm

in functional analysis,

a 1
kVkp=(a xip)’p (2.8)
i=1
wherex; 2 R;i= 1;2; ;n2 R is the component of an-dimensional vectoV,
p=0;1,2;3; ;¥.Most of time, we make use of nornhs (Euclidean distance),
which indicate the distance from one place to another as shown in eq.(2.9).

n
KVkz = (8 )2 (2.9)
i=1
An interesting distance is Manhattan distance which is block-based. Manhattan
distance, Taxicab distance, or block distance islaf) (netric applied to determine
the distance between two points in a grid-like path [60] as shown in eq.(2.10).

n
kVk: = & iXi (2.10)
i=1
An example of Voronoi-based robot path planning[26] is shown in Algorithm.(3),
the corresponding result is shown in Fig.2.9.

Algorithm 3: Voronoi-based robot path planning

Output: Path fromsto g avoiding obstacles

Compute Voronoi diagraid from obstacle point®

Extract nite Voronoi edge& fromV

Add s andg to the diagram as additional nodes

Connects andg to nearest Voronoi vertices or edges

Construct a grapks = (V; E) from Voronoi edges and added connections
Use Dijkstra's or A* algorithm to nd shortest path frosito gin G

return Safe path fronsto g along Voronoi edges

N o g b~ W N P

2.3.4 PRM: Probability-Based Method

A probabilistic roadmap (PRM) [46] is a network of possible paths in a given
roadmap based on free and occupied spaces. This probability-based method reduces
computational costs by using probability sampling. Sampling means only a portion
of samples are selected randomly.

The PRM algorithm takes advantage of a network of connected nodes to nd an
obstacle-free path from a starting point to the end. Increasing the nodes allows for
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Fig. 2.9: An example of Voronoi-based path planning in python. The dash line in
green shows the path for robot navigation.

more direct and correct path, but adds more computational time or execution time.
Because of the random placement of points, the path is not always direct or ef cient.
Using a small number of nodes can make paths worse, and restricts the ability to
nd a complete path. The advantage of PRM is that a few of relative points need
to be tested to af rm that the points and the paths between them are obstacle free.
Each edge of the graph has an associated cost which is the distance between the
two nodes. The color of a node indicates which component it belongs to and which
component is assigned a unigue color. The pseudocode of PRM algorithm is shown
in Algorithm (4).
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Algorithm 4: Probabilistic roadmap (PRM) for robot navigation
Input: Start statestar, goal stateglgoq, NUmMber of samplel
Output: Path fromQstartt0 Ogoal

1 Learning Phase (Roadmap Construction):

2 Initialize empty graptG = (V;E);

3 fori= 1toNdo

4 Sample a random collision-free con guratiopng;

5 V. VI[f drand;

6 foreach neighbor gearin k nearest neighbors ofgqinV do

7 if Path(Qang; Onear) iS collision-freethen

8 L | E EI[f (Grand Gnea);

9 Query Phase:

10 Add gstartandqgoa to V;

11 Connecigstart andggeal to Nearest neighbors using same method as above;
12 Use Dijkstra's or A* to nd a path froms¢art to ggoal in G;

13 if a valid path is foundhen

14 | return path;

15 else
16 | return failure (no path found);

Traversal across the roadmap involves searching toward the neighboring node
which has the lowest cost, that is closest to the goal. The process is repeated till the
node in a graph closest to the goal is reached. The important trade-off in achieving
computational ef ciency is to use randomly sampling. Each graph has an associ-
ated cost. The color node indicates which component it belongs to. If the distance
from two different places is calculated, the planner can select samples and create a
network consisting of disjoints.

The underlying random sampling of free space means that a distinct graph is cre-
ated each time while the planner is being started up, resulting in various paths and
lengths. The planner can fail by creating a network consisting of disjoint compo-
nents. The long narrow gaps between the obstacles are unlikely to be exploited be-
cause the probability of randomly-chosen points that lie along the gaps is extremely
low. We need multiple samples along these long narrow gaps.

MATLAB provides an example for PRM algorithm as shown in Fig.2.10. In
MATLAB, a probabilistic roadmap (PRM) is a network graph of possible paths
in a given map based on free and occupied spaces. The algorithm takes advantage
of the network with the connected nodes to nd an obstacle-free path from the start
to an end location. In this MATLAB example, a small number of nodes are created
in roadmap. Increasing the number of nodes will enhance the ef ciency of path by
giving more feasible paths. The PRM algorithm recalculates the node placement and
generates a new network of nodes.
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Fig. 2.10: An example of PRM algorithm

2.3.5 RRT: Rapid-Exploring Random Tree

Another algorithms for this map planning is to rapid-exploring random tree (RRT) [1].
The RRT algorithm easily deals with various obstacles and differential constraints.
Compared with other algorithms, RRT method works fast, which has less cost. This
is feasible to control orientation of a robot, where it is positioned [45]. The pseu-
docode is shown in Algorithm (5). If we start seeking the initial parameters, this
is computed with the inputs that move the robot from the existing points to others.
Given a starting point, robots quickly walk along the map to get another point. This
is a repeated process with multiple attempts, the inputs with the best performance
are chosen.
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Algorithm 5: Rapidly-exploring random tree (RRT)

Input: Start statexstar, Goal regionX goa1, Obstacle spack qps, Maximum

iterationsN

Output: Path fromxgtart to goal, if found
1 Initialize treeT with root nodexgart
2fori 1toNdo
3 Sample random statg,ng from X
4 Xnearest Nearest neighbor tggangin T
5 Xnew  SteerKnearesi Xrand)
6
7
8
9

if ObstacleFree(earesi Xnew) then
Add Xpewto T with an edge fromearest
if Xnew2 X goal then
| return Path fromxstart t0 Xnew

10 return Failure: No path found withirN iterations

The RRT algorithm is computed for the model with a velocity, steering angle,
integration period, and initial con guration. The algorithm is to compute the control
input that moves the robot from an existing point in the graph. The RRT algorithm
makes use of a kinematic model to create paths which are feasible to move. The
algorithm takes into account of the orientation of the robot as well as its position.
An example is shown in Fig. 2.11. The random number generator is reset to ensure
reproducible results. The path is planned from the starting point to the destination.

Fig. 2.11: An example of RRT algorithm



2.3 Navigation a7

2.3.6 Dead Reckoning

In navigation, dead reckoning is the process of calculating the current position of
a moving object by using a previously determined position, and incorporating es-
timates of speed, heading angles (or direction or course), and elapsed time. The
estimation of current ship location is based on previous speed, direction, and time
of travel, in case a ship misses its direction during voyage on sea [69].

Location estimation by using dead reckoning is based on robot position and the
estimated distance traveled. Sectioning is the way of estimation of position by mea-
suring the bearing angles of known landmarks. Triangulation (Surveying) is the es-
timation of position by measuring the bearing angles to the unknown point from
each of the landmarks [22]. Fig. 2.12 shows triangulation for surveying calculation.
When a ship passed the location pokitB, andC, we are able to calculate the

distanceh from the object poinO to the directed straight lin&C.

Fig. 2.12: A triangulation for surveying

| = 1, + |2 (211)
wherel;l1;1,2 R

tan(a) = ID;IlS 0 (2.12)

1
tanb) = P;Izs 0 (2.13)

2

_,,coqa) cogb), | sin(a+b) ) )
= h( sin(a) " sin(b))_ hsin(a)sir‘(b)’a 60,060 (2.14)
_,sin(a)sin(b)

h= Im. (2.15)

In computer science, dead reckoning refers to navigating an array of data by
using indexes based on location. Computer vision is employed to visual odometry
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with observations of the world. Most platforms have proprietary motion control
systems that accept motion commands from users (speed and direction) and report
odometry information. An odometer is a sensor that is able to measure the distance
traveled, typically by measuring the angular rotation of robot wheels. The direction
of traveling can be measured by using an electronic compass, the change in heading
angles can be calculated by using a gyroscope or differential odometry.

Originally, dead reckoning is a method to estimate location that is for the ship
voyage. The dead reckoning is an estimation based on a coastline to speed up the
action at time. From a voyage perspective, previously estimated GPS signals are not
reliable. GPS signals are extremely weak sometimes which can lead to jam. Suppose
a ship is traveling along seashore, the ship captain need calculate the distance from
the reckon. Given a xed distance, the captain should keep the bearing angle. Thus,
the ship will make an excursion and cannot loss its way.

The dead reckoning calculates the new posifidhy 2 R 2 by using the current
position(x;y) 2 R 2, velocityv, heading angle, and time stefdt. This assumes the
robot moves in a straight line with a constant speed and direction. The pseudoscope
for dead reckoning algorithm is shown in Algorithm (6). The code in Python and
the corresponding results are shown in Fig.2.13 and Fig.2.14.

x%= x+ v cogq)Dt

y°= y+ v coga)Dt (2.10)

wherex;y;x%y%q;Dt 2 R.
Algorithm 6: Dead reckoning for robot localization
Input: Initial position (Xo;Yo), initial orientationqg, velocityv, angular
velocity w, time stepDt, number of stepbl
Output: Estimated trajectorf(x; yi; qt)gt'\i 0
1 Initialize:x  Xo,¥  Yo,.q o
2 Store initial stat€x;y;q)
3fort 1toNdo
4 X X+v cogq) Dt
5 y y+vsin(q) Dt
6
7

q q+w Dt
Store statéx;y, q)

8 return trajectoryf (X;Vi;ot)d

2.4 Mathematics Background

Kalman ltering [93] is an iterative algorithm that updates, at each time step, the op-
timal estimate of the unknown true con guration and the uncertainty associated with
that estimate based on the previous estimate and noisy measurement. Pertaining to
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Fig. 2.13: The code in Python for dead reckoning algorithm

Kalman ltering [43, 54], the signals follow zero mean. That means, the optimality
of Kalman lter algorithm regards that errors have a normal (Gaussian) distribution.
Kalman ltering is an iterative algorithm, which keeps updating and what each
step estimate is known. The state is associated with previous states and noise mea-
surements. The next is that how it can be implemented based on previous steps [54].
Kalman ltering allows data from various sensors to update the state[98]. Kalman
Itering provides the best estimate of where robots are. A map of locations is cre-
ated while the robot is in its expedition with landmarks. A state vector comprises
of estimated coordinates of the landmarks that have been obserxeditas corre-
sponding estimated covarianceFis

P(kik) = covx(k)  X(kjK)] (2.17)
and
P(kik 1) = covx(k) X(kik 1)] (2.18)

The prediction equation is

R(k+ 1K) X(kjK) (2.19)






