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Resumo

A automacgao de processos a nivel industrial estd atualmente a revolucionar de forma positiva o
modo de funcionamento das industrias. Isto deve-se as vantagens proporcionadas pela automacao,
nomeadamente, aumentos a nivel de produtividade e a obtencdo de um produto final com maior
qualidade e repetibilidade.

Apesar de a automacdo se estar a expandir rapidamente pelas industrias, em particular pela
inddstria automdével, existem ainda diversos processos que sao atualmente executados de forma
manual. Isto deve-se principalmente a fatores como a elevada destreza manual requerida ou a
necessidade de uma elevada sensibilidade ao toque, fatores estes que nao sdo triviais de alcangar
recorrendo a equipamento robético.

Tendo isto em conta, esta dissertacdo insere-se no contexto do projeto “CIBERTOQUE”,
que propde a automacio de dois dos processos mencionados anteriormente. Nomeadamente,
o acondicionamento de cabos na estrutura do veiculo e o controlo de qualidade da pintura au-
tomovel, tarefas a realizar no contexto da empresa automével Stellantis. A abordagem proposta
para a automacdo dos processos referidos envolve a utilizagdo e respetivo controlo de uma mao
robética antropomoérfica com elevada destreza acoplada a um braco robético, fornecendo assim
as condicdes necessdrias a realizacio das tarefas propostas. Apesar do conjunto robético men-
cionado, o foco ird incidir maioritariamente no controlo da mao robdtica com o objetivo da repli-
cacdo dos movimentos da mao humana.

Neste documento, sdo introduzidos e explicados conceitos fundamentais ao trabalho a realizar
durante a dissertagdo, como o conceito de cinematica e sinergias. Adicionalmente, é apresentada
a Shadow Dexterous Hand, a mao robdtica escolhida para este projeto.

Subsequentemente, com a finalidade de controlo da mao robética, diferentes algoritmos de
remapeamento cinematico, incluindo DexPilot, BiolK e TeachNET, sdo introduzidos, explicados,
implementados e comparados em detalhe. O objetivo principal deste estudo é determinar o algo-
ritmo que melhor se enquadra com o contexto de aplicacdo especifico relativo a dissertacao.

Por fim, as solucdes propostas para a realizacdo das tarefas indicadas sdo apresentadas e im-
plementadas experimentalmente no sistema robdético real.

O objetivo final desta dissertacdo € a demonstragdo da implementacdo bem sucedida das
solucdes desenvolvidas num ambiente relevante.

Palavras-chave: Shadow Dexterous Hand, URS, manipulacdo robdtica, remapeamento cin-
ematico, industria automovel
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Abstract

Processes automation at an industrial level is currently positively revolutionising the way in-
dustries operate. This is due to the advantages offered by automation, namely increases in produc-
tivity and the achievement of a final product with greater quality and repeatability.

Although automation is rapidly expanding throughout industries, in particular the automotive
industry, there are still many processes that are currently being performed manually. This is mainly
due to factors such as the high manual dexterity required or the need for high touch sensitivity,
factors that are not trivial to achieve with robotic equipment.

Considering this, this dissertation is inserted in the context of the project “CIBERTOQUE”,
which aims to automate two of the mentioned processes. Specifically, the wiring fitting and the au-
tomotive paint quality control tasks, inserted in the context of the automotive company Stellantis.
The proposed approach for the automation of the aforementioned processes involves the utilisa-
tion and control of an anthropomorphic robotic hand with high dexterity coupled to a robotic arm,
providing this way the necessary conditions to perform the proposed tasks. Despite the robotic
set, the focus will centre on the control of the robotic hand, aiming to replicate the human hand’s
movements.

In this document, fundamental concepts of the work to be developed during the dissertation,
such as the concept of kinematics and synergies, are introduced and explained. Additionally, the
Shadow Dexterous Hand, the chosen robotic hand for this research, is presented.

Subsequently, with the purpose of robotic hand control, various kinematic retargeting algo-
rithms, including DexPilot, BiolK and TeachNET, are comprehensively introduced, explained,
implemented, and compared. The primary objective is to determine the most suitable algorithm
for the specific application context of this dissertation.

Lastly, the proposed solutions for the designated tasks are presented and experimentally im-
plemented on the physical robotic system.

The ultimate objective of this dissertation is the demonstration of the successful implementa-
tion of the developed solutions in a relevant environment.

Keywords: Shadow Dexterous Hand, URS, robotic manipulation, kinematic retargeting, au-
tomotive industry
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Chapter 1

Introduction

This chapter introduces the work to be carried out during the dissertation. It presents the
context in which it is inserted, the reasons that lead to its realisation, and the intended objectives

to be achieved. Finally, a description of the structure of the document is given.

1.1 Context

Automation of industrial processes is something that has been seen over the years, and that
is dramatically changing the way industry works. Since the 1960s, with the improvement of
technology, industrial-level processes performed until that time by human operators have gradually
been replaced by industrial robots [1].

Initially, industrial automation consisted of simple conveyors moving parts through a manu-
facturing line; however, as time went by, robots quickly evolved and spread rapidly worldwide as
a result of manufacturers’ competitiveness [2].

The automotive industry sector, which is in the scope of this dissertation, was, in fact, one of
the sectors where there was one of the largest implementations of robots into production, with 33%
of total supply robots in 2019 [3]. In this industry sector, for now, some partial or full robotised
operations include: casting', grinding and polishing, cutting, assembly, painting and welding [2],
but there are still tasks that cannot be automated. The main reasons are that these tasks require
a high degree of manual dexterity, or the cost to automate the task does not compensate for the

increase in productivity.

1.2 Motivation

Industrial automation has become imperative for companies striving to attain competitiveness
in the contemporary marketplace, owing to its inherent advantages [3]. In fact, papers about this

topic have been published as early as 1984 [4], indicating its enduring significance. One of the

Lcasting: “process of forming products through melting engineering materials and pouring it in preformatted spaces
called moulds” [2]
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primary benefits undoubtedly lies in the heightened productivity that it engenders [5]. This hap-
pens due to the inherent swiftness of robots compared to human operators, facilitating continuous
operations. Furthermore, with less need for human operators, labour costs and human errors will

decrease, ultimately resulting in better product quality.

As elucidated, industrial automation is an expansive domain with vast potential, destined to
assume a crucial role in companies’ future. Consequently, it is essential for industries to concen-
trate efforts on optimising the level of industrial automation. In the specific case of the automo-
tive industry, which is already predominantly automated, maximising automation involves dealing
with certain manual handling operations that continue to pose challenges. Such tasks typically
necessitate heightened touch sensitivity, like quality inspection tasks, or involve complex hand

movements that are nontrivial to replicate using robotic systems.

The automation of the aforementioned tasks offers compelling benefits. Presently, these tasks
rely on human involvement, making it exceedingly challenging to ensure consistent work method-
ologies and criteria among different individuals, resulting in slight variations in the final product.
However, by employing robots to perform these tasks, the execution would be optimised to achieve
the best possible results. This not only enhances product quality but also enhances repeatability to

a greater extent.

1.3 Objectives

This dissertation is situated within the context of the project “Digitalizacdo da Arte Hu-
mana” (CIBERTOQUE), translated as "Digitization of Human Art". Consequently, the objectives

of this dissertation align naturally with the project’s objectives.

The primary purpose is to develop a robotic system that dexterously replicates human move-
ments. The application of this system will be directed towards two specific tasks within Stellantis,
an automotive company. These tasks, namely wire fitting and automotive paint quality inspection,

are presently carried out manually by human operators.

To achieve the objectives outlined and address the two proposed tasks, the proposed approach
involves controlling an anthropomorphic? robotic hand [6] coupled with a collaborative robotic
arm [7]. The robotic set must possess adequate dexterity to execute the wire fitting operation,
which involves securely fastening cables to the car structure. Additionally, it must exhibit suffi-

cient sensitivity to conduct thorough inspections of vehicle paint quality.

The final objective is to demonstrate the successful implementation of the developed solutions
in a relevant environment. Thus, contributing to the increase of automation level in the automotive

industry, achieving all the benefits referred to, such as superior productivity, efficiency and quality.

Zanthropomorphic: “treating animals, gods, or objects as if they are human in appearance, character, and behaviour”
(from Cambridge Dictionary)



1.4 Document Structure 3

1.4 Document Structure

This document comprises six subsequent chapters. Chapter 2 provides a concise introduction
to and explication of fundamental theoretical concepts pertinent to the scope of the dissertation,
including kinematics and synergies. This chapter also introduces the hardware to be utilised. In
Chapter 3, a state-of-art study will be conducted on several topics important to the dissertation
work’s development. These themes encompass data acquisition, kinematic retargeting, dimen-
sionality reduction, learning from demonstration and automotive painting quality control. Chap-
ter 4 delineates the implementation of methodologies and algorithms employed for controlling
the robotic system. In Chapter 5, are presented the outcomes attained through the utilisation of
the aforementioned algorithms. Chapter 6 presents the specific application case of the developed
algorithms to the wiring fitting and automotive paint quality inspection tasks. Lastly, Chapter 7
encapsulates the conclusions, suggestions for future research and scientific contributions derived

from the execution of the dissertation’s work.
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Chapter 2
Background

This chapter provides contextual information and fundamental theoretical knowledge pertain-
ing to the specific engineering domain addressed in the dissertation. It aims to present and provide
concise explanations of essential theoretical concepts. Furthermore, the hardware that will be

utilised in the dissertation’s work will be introduced in this chapter.

2.1 Kinematics

A comprehensive understanding of robotic manipulators, such as robotic arms and hands, re-
quires consideration of kinematics models. Kinematics, in essence, is the scientific area concerned
with the study of robot movements, thus dealing with variables such as position, velocity, and ac-
celeration.

The kinematic model of a manipulator consists of its links, connected by joints predominantly
of prismatic or revolute nature. In two dimensions (2D), prismatic joints are visually depicted as
squares, while in three dimensions (3D), they are represented as cubes. These joints correspond
to translation movements. Conversely, revolute joints are visually represented in 2D as circles or
rectangles (depending on the perspective) and in 3D as cylinders, denoting rotational movements,
as the name implies.

An additional noteworthy aspect to consider is the concept of degrees of freedom (DoF). The
DoF directly correlates with the motion capability of a manipulator and is determined by the
number of joints present in the kinematic model. Specifically, each prismatic or revolute joint
independently actionable corresponds to one cumulative degree of freedom.

It is from the kinematic model that the position and orientation of the end effector are cal-
culated, taking into account the values of each joint parameter, a process referred to as forward
kinematics. The opposite, i.e., calculating the values of each joint parameter taking into account
the desired position and orientation of the end effector, can also be done, and it is called inverse
kinematics. In addition, other quantities, such as forces and torques at the joints, are also calcu-
lated using kinematics. This substantiates the significance of kinematics as a crucial and pertinent

topic within the domain of study.
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To enhance practical comprehension of the aforementioned concepts, a concise analysis of the

kinematic model of the “URS5” robotic arm [8], shown in Figure 2.2, will be undertaken.
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Figure 2.1: URS manipulator [8] Figure 2.2: URS5 kinematic model [8]

The kinematic model depicted in Figure 2.2, annotated according to the modified Denavit-
Hartenberg convention, exclusively comprises revolute joints, indicating the exclusive presence of
rotational motion in this manipulator. Counting the number of joints leads to the intuitive conclu-
sion that the URS manipulator possesses a total of 6 DoF. Furthermore, a noteworthy characteristic
of this manipulator is that the last three joints do not act as a coincidental wrist, resulting in rota-
tional movements totally independent of each other. Consequently, all of its six joints contribute to
the transformational and rotational movements of the end effector [8]. For reference, in Figure 2.2,

the origin of the end effector is determined by the intersection of the xg and z¢ axes.

2.2 Synergies

Throughout the years, robotic hands have undergone progressive advancements, gradually
approaching the level of complexity exhibited by the human hand. This evolution has consisted of
an increase in the number of fingers, as well as an increase in the number of associated joints and,
consequently, DoF. Such developments are advantageous as they enable robots to attain dexterity
that closely resembles that of the human hand; however, in practice, it is necessary to develop a
control algorithm capable of providing this high level of dexterity.

At first, it would be expected that a large number of DoF intrinsic to the human hand coupled
with its high dexterity would imply an exceedingly complex control. However, investigations into
hand movements, contact forces and muscle activities have unveiled a correlation among DoF [9].

Consequently, the total number of final variables to control will be lower than the number of DoF,
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thereby significantly diminishing the complexity of the control algorithm. These final variables

are termed synergies.

Quantitative results were obtained in [10]. In this article, the authors took into account hand
kinematic data of 77 subjects from Ninapro (Non Invasive Adaptive Prosthetics) database [11],
performing up to 20 hand grasps. The acquired data were subsequently analysed using the Prin-
cipal Components Analysis (PCA) [12] approach. As a result, a total of twelve synergies were
identified, effectively characterising over 80% of the overall variation observed in hand move-
ments. Moreover, it was determined that merely three of these synergies accounted for more than

half of the total variance observed.

Although utilising the concept of synergies to reduce the dimensionality space of hand kine-
matics demonstrates promising results, the application of synergistic control to perform complex

manipulation tasks is still an open issue [13].

2.3 Shadow Dexterous Hand

This section will present the principal physical component of the dissertation work, the robotic
hand.

Given the requirement for the robotic hand to perform tasks demanding precise and dexterous
movements, it is imperative to ensure that the robot possesses the requisite capabilities. To address
this need, it will be utilised the Shadow Dexterous Hand [6]. Shadow Hand is a humanoid robotic
hand that provides high flexibility of movements due to its 24 joints, specifically engineered to

replicate, with the utmost fidelity, the kinematics and precision of the human hand.

Regarding its dimensions, the Hand has been meticulously designed to resemble the propor-
tions of a typical male hand closely. Although all fingers possess identical sizes, the knuckles have

been strategically offset to ensure that the fingertips are located in a human-like region.

Shadow Dexterous Hand has been previously employed in research contexts such as manipu-
lation and industry quality control, which aligns with the context of this dissertation. This adds a
degree of confidence regarding its suitability for the dissertation context. All the referred informa-

tion is present in the manual “Shadow Dexterous Hand Technical Specifications” [6].

Figure 2.4 shows the kinematic model of the Shadow Dexterous Hand. Upon careful exami-

nation, it becomes evident that the hand solely comprises revolute joints.

Analysing the thumb, it is observed that it comprises a total of five joints, corresponding to
five DoF, as discussed in Section 2.1. Conversely, the remaining fingers possess four joints each;
however, their effective degrees of freedom are reduced to three. This reduction is attributed to the
coupling of the joints defined in Figure 2.4 as Finger 1 and Finger 2, i.e., these two joints cannot
be moved independently. Under the absence of external forces, the first joint only moves when the
second joint reaches its maximum range (fully closed). To account for this behaviour, a fictitious

Joint O is introduced, resulting in the following model for these joints:
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FINGERS

Figure 2.3: Shadow Hand [6] Figure 2.4: Shadow Hand kinematic model [6]

Joint 1 = max(0°, Joint 0 —90°)

Joint 2 = min(90°, Joint 0)

2.1)

However, when external forces are present, for example, in a grasp, the behaviour of these

joints is not deterministic and is merely defined by:

Joint 1 <= Joint 2 2.2)

This occurs due to a single tendon’s shared control of the two mentioned joints.

Therefore, by summing the DoF of all the fingers with the remaining joints in the model, a total
of 20 DoF are obtained for a total of 24 joints. In practical terms, individually controlling these
20 variables would entail a highly complex control system. Therefore, there arises a necessity to
decrease the DoF number. This is precisely where synergies, as discussed in Section 2.2, play a

significant role.

2.3.1 Sensing

Shadow Dexterous Hand is equipped with a large number of sensors [6]. It includes position
sensors that provide precise measurements of the rotation of each joint with a resolution of 0.2
degrees. Force sensors are responsible for measuring the force in each pair of tendons. Tem-
perature and current sensors ensure that the Shadow is operated safely and reliably. And lastly,
the Pressure Sensor Tactiles (PSTs), a single region sensor with high sensitivity located at each

fingertip.
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Once again, all the aforementioned information is present in the manual “Shadow Dexterous

Hand Technical Specifications” [6].

2.3.2 Control

The Shadow Hand will be controlled by utilising the Hand Commander software, specifically
developed for operation within the Robot Operating System (ROS) environment. Hand Comman-
der provides a high-level interface for controlling the Shadow, enabling users to transmit com-
mands and receive feedback from the Shadow Hand.

To command the Shadow Hand, the user will specify the desired angle for each one of the Hand
joints, which totals 24 angles. From the Shadow Hand, it is possible to get various information,
such as joints positions and effort and tactile sensors state.

Since the Shadow Dexterous Hand is a piece of expensive equipment, in order to mitigate
the risk of premature wear and potential damage, which can occur due to, for example, collisions
between fingers, the control algorithms will be initially tested in a simulation environment, specif-
ically in Multi-Joint dynamics with Contact (MuJoCo) [14]. MuJoCo is a versatile physics engine
that aims to facilitate research and development in various areas, including robotics, that require
fast and accurate simulations. The selection of MuJoCo as the preferred simulator arose from
work conducted by Francisco Ribeiro in his Master’s Dissertation [15], responsible also for the
integration between the software provided by Shadow Hand company and the MuJoCo simulator,

thus allowing the control of the robotic hand in a simulation environment.

2.3.3 DIGIT Sensor

One of the designated tasks to be accomplished by the hand resides in the automotive paint
quality inspection. Currently, this task is performed by a human operator who assesses the quality
of the paint by running his hand over the surface, identifying minor irregularities and defects
through tactile feedback.

The primary objective of this dissertation is to replicate human movements; nonetheless, in-
corporating a component into the system that actively verifies the quality of the paint would be
valuable. With this objective in mind, the proposed plan is to utilise “DIGIT” sensors [16] at-
tached to the fingers of Shadow Hand in an identical way to the one shown in Figure 2.5. These
additional sensors are anticipated to enhance the hand’s capability to perceive and accurately as-
sess the vehicle paint’s quality.

DIGIT is a tactile sensor explicitly designed for attachment to robotic hand fingertips, offering
advantages such as affordability, compactness, and high resolution. The objective of this coupling
is to accurately estimate contact forces, thus increasing the dexterity level of the robotic hand.

For the purpose of paint quality inspection, the primary advantage of utilising these sensors
does not lie in their contribution to dexterity enhancement but rather in their vision-based capabil-

ities. Each sensor is equipped with a camera and three integrated lights (red, green and blue) that
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Figure 2.5: DIGITs coupled to a robotic hand [16]

provide essential information to the good results of the quality control task by detecting imperfec-
tions almost invisible to the human eye or touch.

To exemplify the visual capabilities of the DIGIT sensor, Figure 2.6 displays several objects
alongside the corresponding detailed images captured by the DIGIT. Notably, the images captured
by DIGIT demonstrate its ability to acquire the texture of objects with good resolution. When
combined with computer vision techniques, this characteristic becomes pivotal to ensuring robust

and accurate quality control.

Figure 2.6: Raw images captured by DIGIT sensor [16]

In addition to the aforementioned advantages, the DIGIT sensor is open-source, which means
that modifications can be made throughout the dissertation, if deemed necessary, to both the soft-

ware and hardware components, enabling a better adaption to the specific application.



Chapter 3

Literature Review

In this chapter, important subjects will be addressed in the context of the dissertation. For each

of the topics, the respective literature review will be presented.

3.1 Data Acquisition

One of the main approaches to define the robotic hand synergies consists of mapping syner-
gies from humans to robots [13]. This approach works especially well when the robotic hand’s
kinematic model is similar with the human hand, which, as seen in Section 2.1, is the case. Further-
more, the utilisation of data acquired from the human hand allows the exploitation of the control
mechanisms of the human brain, which is the result of thousands of years of evolution [13].

In order to put this method into practice, it is first necessary to collect kinematic data from the

human hand. This chapter aims to explore these data-collecting techniques.

3.1.1 Databases

One of the less complex techniques consists of utilising already acquired data from a database.

Ninapro database, already referred to in Section 2.2, is one of the best examples in this scope.
This project started in 2011 with the main aim of increasing the dexterity level of hand prostheses
by collecting a large amount of hand kinematic data. Although this was the main goal, from the
beginning of building this database, industrial applications were also took into account [17].

In the following year, 2012, the first version of the Ninapro database was introduced, contain-
ing data from 27 people, each performing a total of 52 movements. In this first version, it was
already foreseen that Ninapro would represent a real challenge for the state of the art. [18]

Since this first version, new versions have been released, such as “Ninapro DB9”. This dataset
stands out by including data from 77 subjects and 40 movements, thus resulting in one of the
biggest kinematic datasets available [19].

The utilisation of an existing database, such as Ninapro, has the advantage that it is unnec-

essary to collect the data, as mentioned at the beginning of this section. However, due to the

11



12 Literature Review

large amount of data from so many different hand movements, the generated synergies may not fit

properly for such specific movements, as is the case of wire fitting.

3.1.2 Data Gloves

Another technique involves the utilisation of a glove to measure the kinematic hand data.

One example of this type of equipment is the CyberGlove II, shown in Figure 3.1. This was,
in fact, the glove used to obtain the data for the database referred to in Section 3.1.1. This glove
is equipped with 22 sensors responsible for real-time joint-angle data acquisition [19]. One of the
significant advantages resulting from the utilisation of this particular glove is the great accuracy of
the collected data. On the other hand, a considerable disadvantage resides in the high cost of this
equipment.

Another example includes the sensorial glove prototype developed by Tiago Cerqueira et
al. [20], shown in Figure 3.2. This equipment consists of a regular wool glove, with 12 Iner-
tial Measurement Units (IMUs) attached at strategic positions to acquire the hand’s position. This

design allows for a very significant cost reduction while providing satisfactory results.

Figure 3.1: Cyber Glove II [19] Figure 3.2: Sensorial glove prototype [20]

The utilisation of data gloves allows for greater flexibility in capturing kinematic hand data
since they allow for the acquisition of hand movements that are actually relevant to the intended

task. The disadvantages include either the high cost or an inferior accuracy of data.

3.1.3 Vision-Based Techniques

Lastly, there are vision-based techniques. These techniques usually resort to neural networks
to predict the human hand position, having as input hand images, usually with depth.

One example of the implementation of this technique is in [21]. In this article, it is utilised
an Intel RealSense SR300 RGB-D (Red Green Blue - Depth) camera that, as the name implies,
simultaneously captures colour and depth video.

For data processing, an Anchor-to-Joint Network (A2J) [22]. This network corresponds to the
state-of-the-art of estimating 3D hand position. By testing A2J, it was found to perform well for
single independent frames but not in videos due to the inconsistency of hand keypoints detected
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across consecutive frames. As a solution to this problem, the Spatial-Temporal A2J (ST-A2J) was
proposed. This model has several consecutive depth frames as input instead of treating each frame
individually. After that, as refinement, some heuristics were also taken into account, such as that
the joints’ angle does not vary significantly in consecutive frames and that the distance between
keypoints, this is, the hand bones length, is fixed. In order to apply the Refined ST-A2J algorithm,
the region of interest (the hand) was firstly defined using a YOLO (You Only Look Once) V3 [23]
network. The dataset used for training and testing was HANDS 2017 [24].

After all the improvements were applied, the results significantly exceeded those obtained with
the A2J network alone, as seen in Figure 3.3, thus proving the efficiency of the approach followed

in this paper.

A similar approach was taken in [25], but using monocular RGB images with no depth as
input. In this case, the goal was to detect 21 hand keypoints and to reconstruct a 3D virtual hand,
as seen in Figure 3.4. In order to increase accuracy, three datasets were used for training. The
method used consists of three modules. The first step consists of palm detection since the palm
is immune to the majority of possible occlusions, thus improving the algorithm’s robustness. The

subsequent steps are related to the 3D estimation of the hand pose and the respective rotational 3D

mapping.

The developed network was tested in two datasets, obtaining an average accuracy of 88.85%.

These results show a significant improvement over the state-of-the-art networks.

@ ] )§ )
% EE
nllag

043
Third- person wewpomt

30.19 10.42
First-person viewpoint

Figure 3.3: Average 3D distance error from Ground Figure 3.4: 3D hand skeletal and 3D
Truth (GT) in millimetres [21] virtual hand [25]

Concluding, the utilisation of vision-based techniques comprises the flexibility of data glove
methods and provides more freedom, with the hand not being confined to a glove. However,
general vision-based typical problems can occur, such as occlusion, depth ambiguity perceptions
and in some cases, the background can be confused with the hand. Furthermore, this is a complex

technique to implement.
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3.2 Dimensionality Reduction

As referred to in Section 2.2, the synergies concept corresponds to the space Dimensional-
ity Reduction (DR) of hand kinematics. In this chapter, DR techniques are introduced, explored

and compared in terms of performance.

3.2.1 Principal Component Analysis

One of the classical DR methods is PCA, used, for instance, in [10], as referred in Section 2.2.
This method is based on the data covariance matrix. The Principal Components (PC) are obtained
by calculating the eigenvectors and eigenvalues of the covariance matrix. The first component is
the one that describes the most data variation, being the second component the one that represents
the second most data variation, and so on. Quickly recalling the results, for Ninapro database [11],
twelve principal components account for more than 80% of the overall variation.

Another example of the utilisation of PCA is in [26] (2022). In this article, PCA is used in
order to synergistic control a soft robotic hand. A dataset was first created with a total of 33
different human grasps, and each is repeated three times. Then PCA was applied to the dataset.
PCA results showed that only two PC counted for 89,9% of dataset variation. According to this
result, the soft robotic hand was then controlled using only two inputs. Of the 33 human grasps,

30 were satisfactorily replicated by the robotic hand, achieving a success rate of around 90%.

3.2.2 Non-linear Autoencoder Networks

PCA is a linear DR method, i.e., it only works properly with linear data. Considering the
hand structure, the assumption that the hand kinematic is linear is not absolutely correct. So an
alternative is exploring non-linear DR techniques that may perform better.

In article [27], one of these methods was explored. Firstly, a dataset was created, extracting
kinematic data from 10 individuals, each performing a total of 30 different gestures. The data
acquisition method was a data glove (Virtual Motion Labs, Dallas, TX, USA). This dataset was
then divided into 80% and 20% parts to the training and testing phases, respectively.

Two methods were utilised for the data analysis: the PCA and a non-linear Autoencoder Net-
work (nAEN). An autoencoder network is a symmetric network in which the middle layer is the
bottleneck. The number of columns of this specific layer corresponds to the number of desirable
components, similar to PC in PCA. This network is trained to have the same outputs as the given
inputs, hence the term autoencoder. In the end, the left part of the network acts as an encoder and
the right part as a decoder.

In [27], the nAEN architecture included three hidden layers. In the first and last hidden layers,
it was used Hyperbolic Tangent (Tanh), a non-linear activation function. Other activation func-
tions were tried, such as sigmoid and Rectified Linear Unit (ReLU); however, the performance

was similar in all cases. The optimiser utilised was Adaptive Moment Estimation (Adam). The
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performance metric utilised was Variance Accounted For (VAF) which measures the difference

between predicted and original values.

The results were as expected. The nAEN outperformed PCA for any number of components
considered. With only two components, the average VAF was 94% and 78% for nAEN and PCA,

respectively. These results prove that non-linear methods have, in fact, a better performance.

A different non-linear DR technique, Kernel PCA (KPCA), is explored in [28]. KPCA tech-
nique is similar to PCA, the difference lies in the first step. In KPCA, firstly, a kernel function is
applied in order to project the data into a higher dimensional space so that it is subsequently possi-
ble to linearly separate data utilising the PCA method. One advantage of this technique over PCA
is that KPCA can expose non-linear patterns; however, it requires a lot of computational power,
which is a problem for large datasets [29] [30]. Furthermore, obtaining the inverse transformation

to decode data is not straightforward.

In [28], three methods were compared: PCA, KPCA and nAEN. This comparison was made on
an open dataset introduced by Glauser et al. in [31]. This dataset includes a variety of hand poses
performed by 10 participants and stands out for its large size, with more than a million samples.

These samples were divided into three smaller datasets for training, validation and testing.

For the nAEN, two architectures were tested, with the one that provided better results consist-
ing of 5 hidden layers. Activation functions in hidden layers were: sigmoid, Tanh, Tanh, ReLLU and
Scaled Exponential Linear Unit (SELU), respectively, from input to output. The utilised optimiser

was Adam, as in [27]. Lastly, the used loss function was Mean Square Error (MSE).

Analysing the results, KPCA showed a better performance than PCA, but the best results were
achieved with nAEN, with a reduction of MSE up to 50% in relation to PCA. Additionally, nAEN

performs better in realistically reconstructing hand shapes, as seen in Figure 3.5.

Ground Truth PCA Kernel PCA Autoencoder

Figure 3.5: Hand pose reconstructions comparison (utilizing 3 PC) [28]

After this analysis, it is possible to conclude that PCA is currently being replaced by new
techniques, namely by nAEN [27] [28], achieving this way better results. However, due to its

simplicity of application and satisfactory results, PCA is not yet entirely out of use [26].
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3.3 Kinematic Retargeting

Transitioning to the topic of the actual robotic hand control, a comprehensive examination of

existing methods in the literature was conducted, along with a careful analysis of their outcomes.

Since the Shadow Hand is a humanoid robotic hand, i.e., it has a kinematic configuration
identical to the human hand, a first approach might consist of direct retargeting. In this case, the

angles obtained from the human hand would be directly mapped to the robotic hand.

Although it has the advantage of being the simplest conversion method and seems to be the-
oretically accurate, this method has two main problems. First, since the mapping takes place at
the level of joint angles, a difference in phalanx length between the human and robotic hand leads
to the same angles applied to the robotic hand resulting in a slightly different position. The sec-
ond problem results from this slight mismatch between the two positions. Since the tasks to be
performed by the robotic hand are very precise grasps, it is essential to efficiently replicate the
hand’s position, especially the position of the fingertips that will perform the grasp, which does
not happen with the application of this method.

3.3.1 DexPilot

In [32], a kinematic retargeting optimisation algorithm specifically designed for precision
grasps is introduced, explained and tested.

This algorithm prioritises the geometric space of the fingertips. For this purpose, a cost func-
tion is defined that considers the distance and relative direction between each fingertip. This cost
function considers particular cases that occur in precision grasps, such as ensuring that minimal
distances between fingertips in pinching positions are replicated in the robotic hand. Afterwards,
the retargeting is performed based on the minimisation of the cost function, thus ensuring that
the relative positions between the fingertips in the robotic hand remain as close as possible to the
human hand.

In the paper, this algorithm is utilised as a part of a vision-based teleoperation system, DexPi-
lot, for the teleoperation of an Allegro Hand, a robotic hand with four fingers and a high number
of DoF, coupled to a KUKA LBR iiwa 7 R800 series robotic arm.

With the application of the explained approach, the authors concluded that their system could
be reliably utilised in order to solve several tasks, including precision grasps tasks such as opening
and removing paper money from a wallet and stacking a set of three cubes on top of each other.
Furthermore, a success rate of 100% was obtained for the majority of the tasks considered in the
paper, as can be seen in Figure 3.6. Figure 3.7 shows some retargeting results achieved by the

mentioned algorithm.
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Figure 3.6: Success rate of tasks across two pi-  Figure 3.7: Kinematic retargeting results be-
lots run over five successive trials without re-  tween the human hand model and the Allegro
set [32] hand model [32]

Success Rate (%)

3.3.2 BiolK

Another algorithm to deal with inverse kinematics is BiolK, first introduced in [33]. Then, a
clean and high-performance C++ version of the same algorithm was presented in [34].

BiolK is an open-source software package for ROS that utilises a bio-inspired optimisation
algorithm to solve complex optimisation problems, such as inverse kinematics. The key point of
BiolK is that the optimisation is done based on a set of weighted goals defined by the user, pro-
viding this way high flexibility and control. Furthermore, there are a total of 18 goal types. These
goals include the fundamentals, such as position, orientation, and pose (position and orientation)

goals, but also include more complex goals, such as:

* Minimal Displacement Goal: tries to keep each joint angle as close as possible to the previ-

ous one;
* Centre Joints Goal: tries to keep each joint centred at the respective joint limits;

¢ Avoid Joint Limits: similar to Centre Joints Goal;

Look At Goal: tries to align the orientation of a specified link to a goal position;

* Maximum Distance Goal: tries to keep the position of a specific link within a maximum

range from a goal position.

In order to exemplify the functionality of BiolK, the authors present some demonstrations, in-
cluding one with Shadow Hand coupled to the KUKA LWR 4+ robotic arm. In this demonstration,
the BiolK was utilised to plan the robotic hand and arm motions for turning a wheel button on an
audio mixer, as seen in Figure 3.8. For this task, a tripod grasp was used, being the three fingers
(thumb, first and middle fingers) controlled by the algorithm. The final trajectory was achieved
by combining a set of 200 solutions from BiolK. With this approach, Shadow Hand was able to
successfully turn the wheel button without slipping off.



18 Literature Review

o .
TSI,

Figure 3.8: Shadow Hand experiment performed in Gazebo simulation and in reality [34]

3.3.3 Hand Embodiment

In [35], Alexander Fabisch et al. proposed a method based on automatic embodiment mapping

to transfer human hand motions to robotic systems.

The presented method consists of a modular framework, adaptable to different input modalities

by adjusting the record mapping and flexible to other robotic hands by adjusting the embodiment
mapping.

Firstly, to record the human hand movement, the authors utilised a set of 13 passive markers
coupled to a glove, three of them located at the back of the hand, with the purpose of defining
the hand referential, and two passive markers by each finger, one located at the fingertip and the
other at the knuckle. To track these markers, the Qualisys MOCAP motion capture system was
used. The record mapping is applied to map the human hand into a MANO (hand Model with
Articulated and Non-rigid defOrmations) [36] model state. MANO model consists of a realistic
3D hand model that can fit any human hand. Then, an embodiment mapping is performed. This
mapping is responsible for translating the MANO hand state to the robotic hand. For this, first,
the robotic hand’s pose is matched to the MANO hand. Subsequently, each finger position of the
robotic hand is individually adjusted to fit the respective finger position in the hand model. Just to

note that one of the robotic hands considered in the paper was Shadow Hand.

The approach proposed by the authors was tested in a real system, utilising the MIA hand, a
five fingers anthropomorphic robotic hand coupled to the robotic arm UR10e. The test consisted
of the grasp and transportation of an insole, initially positioned closer to the hand. After a set of
80 executed grasps, the overall success rate was 83.8%, considering successfully a grasp where
the insole didn’t fall during the test.

After this analysis, it is possible to conclude that this is an innovative technique with interesting

results.
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3.3.4 TeachNET

In [37], Shuang Li et al. proposed a new approach to solve the kinematic retargeting problem
based on neural networks.

In this paper, the authors presented TeachNet, a novel end-to-end neural network architecture
that, from depth images of the human hand, estimates the joint angles to be applied in the robotic
hand, namely the Shadow Hand, to reproduce the human hand shape.

The task of directly solving joint regression problems from human hand images is known to
be a particularly challenging one, mainly due to the fact that the robot hand and the human hand
occupy two distinct domains. Considering this, TeachNet consists of two branches, the robot hand
branch that acts as the teacher and the human hand branch as the student. Each branch has as
input depth images and as output joint angles. Between these two branches, there is a consistency
loss with the purpose of aligning both features. To better understand the network architecture, it is
presented in Figure 3.9.

In order to train the developed network, the authors created a new dataset utilising the existing
dataset BigHand2.2M [38] and the BiolK solver mentioned earlier. Depth images were extracted
from the BigHand2.2M, and the respective hand keypoints were mapped into Shadow Hand joint
angles by BiolK. The solver was set with the following goals: mapping of the fingertip positions
with a weight of 1, mapping of the proximal interphalangeal joint positions with a weight of 0.2,
and lastly, mapping proximal and distal phalanges with a weight of 0.2.

Finally, to evaluate the proposed method, several hand gestures were performed by five novice
teleoperators and replicated by Shadow Hand. This test resulted in a success rate of 78.26%,
being the successful poses presented in Figure 3.10. Furthermore, manipulation experiments were
also performed and compared regarding the necessary time to accomplish a specific task with the
DeepPrior++ [39] method. The results show that by utilising TeachNet, the average time for each
task execution was only 57% compared to the time needed by utilising DeepPrior++.

¢ & L W W W

Encoder E i Al t i
Module Module Layer Module

4 Residual Module D: »BN » R

Figure 3.9: TeachNet architecture [37] Figure 3.10: Successful teleoperation results [37]
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Considering the good results achieved by each of the aforementioned methodologies, they

will be adjusted, if required, to be compatible with the Shadow Hand and subsequently applied
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and compared in order to infer which one best adapts to the tasks to be performed by the hand.
Taking into account this literature review, a noteworthy observation was drawn, indicating
that the utilisation of synergies is not essential. This observation is based on the aforementioned
algorithms and in the Shadow Hand, which is already prepared for high-level control. Given that
the presented algorithms directly map the position of the human hand to the corresponding joint
angles of the robotic hand, the incorporation of synergies was deemed unnecessary. Nonetheless,
the study conducted on data acquisition, considering the concept of synergies, can be effectively

utilised as input for the presented algorithms, thus, it will not be disregarded.

3.4 Learning from Demonstration

Learning from Demonstration (LfD), as known as Learning by Demonstration (LbD), is a
powerful technique involving training a robot system to perform a task by demonstrating it instead
of explicitly programming it. LfD has the potential to speed up the process of teaching robots
new skills, and it can be especially beneficial for tasks that require a high level of dexterity and

precision. Next, some papers about this topic will be analysed.

3.4.1 Gaussian Mixture Regression

In [40], LfD is applied in order to teach a robotic system how to grasp and manipulate an
object, also taking into account the grasping force. The robotic system comprised a three-fingers
hand (BarrettHand') and a 6 DoF arm. This paper utilised an interesting method to measure the
fingertip force on the object. It was done by observing the colouration changes in the nail and
surrounding skin with a camera. The data (motion and force) was acquired by two cameras on
opposite sides of the object in order to avoid occlusions.

The demonstration model was then created by encoding the captured data with a Gaussian Mix-
ture Model (GMM). GMM is a probabilistic model that calculates a probability distribution of the
data. Finally, a smooth movement trajectory (position and orientation) and force are given by the
created model using Gaussian Mixture Regression (GMR). The force was directly applied to the
hand, and the motion was given through inverse kinematics applied to the robotic set, considering
the desired position and orientation of the end effector.

Applying the described method, Yun Lin ef al. [40] were able to reproduce the pick-and-place

of several objects properly, controlling not only the motion but also the applied force.

3.4.2 Dynamic Movement Primitives

In article [41], a different approach is followed instead of utilising GMM. In this case, the
robotic set consisted of a 7 DoF arm and a parallel gripper. The adopted procedures consisted of
three main steps: hand movements track, hand movements segmentation and finally, application

of the Dynamic Movement Primitives (DMPs) framework.

Thttps://advanced.barrett.com/barretthand
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The first step was performed by utilising a Kinect camera to track human hand demonstration
movement. To ease hand tracking, a colour-marker glove was utilised. From this step, three

essential outputs were obtained: hand position, hand orientation and distance between fingers.

The second step was to divide all hand movements into fractions of simple movements, termed
motion primitives. For example, the task of dispensing water from a water thermos pot was seg-
mented into a sequence of four actions: pick up the cup, place the cup in the right place, press the
dispenser button and lastly, pick up the cup.

In the third step, each motion primitive was encoded by DMPs. DMPs are a framework for
learning and generating smooth and adaptable movements in robotics and control systems. The
key point here is the adaptability provided. For instance, with DMPs, if the target object to pick
up change its position, the robot is able to adapt to this new position. This feature is essential in
dynamic environments, such as industries.

Finally, the inputs to control the entire robot trajectory are reproduced by the sequence of
DMPs models of the motion primitives. As in [40], the trajectory was obtained through inverse
kinematics applied to the end effector position and orientation and the parallel gripper control was
done by directly applying the distance between fingers.

Utilising the described procedure, the authors were able to achieve the desired results. The
robot set was able to replicate the given instruction and even modify its trajectory and orientation
in order to adapt to environmental changes.

Another example of the utilisation of DMPs is in [42]. In this paper, the authors combined
DMPs, Virtual Springs Framework (VSF) and force feedback to effectively achieve manipulation
of unknown objects. The utilised hardware consisted of a four fingers Allegro Hand? robot with
16 DoF and a 6 DoF URS5 arm. The objective was to teach the robot with just one demonstration,
and then the robot should be able to reproduce the demonstration, even with position changes or
different object sizes.

Demonstrations were recorded kinesthetically, i.e., the human expert physically held and
guided the robot to the desired position with the desired trajectory. This method is interesting
because the data is directly acquired from the robot, so no further conversions and adaptations
are needed. However, it limits hand dexterity because moving all the fingers simultaneously is
challenging.

Subsequently, the control technique was divided into two levels. DMPs were utilized to learn
the object’s motion, and VSF was utilised to control the fingertip forces to keep the object in grasp.
Briefly explaining, VSF consists in defining virtual springs between the object and the fingers, as
shown in Figure 3.11. Then, the grasp force is calculated, considering the forces generated by the
virtual springs. Moreover, the force feedback at the fingertips can be used to adjust the virtual
springs’ stiffness.

The experiments were done with three different size rectangular prismatic objects and different

initial and final states in order to test the robustness of the implemented algorithms.

Zhttps://www.wonikrobotics.com/research-robot-hand
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The results showed that an adaptive stiffness, given r] | W

by force feedback, improved the grasp stability and in-

creased the final pose accuracy. In addition, results also
showed that it was possible to generalise a learned hand

manipulation to new conditions, with a small average fi-

nal error of position and orientation. Specifically, errors u
of less than a centimetre and around 16 degrees were ob-
tained, for position and orientation, respectively. Figure 3.11: Virtual Spring Frame-

work represented in an object grasped
by four fingers

3.4.3 Concept Constrained Learning from Demonstration

In [43], a new algorithm for robust LfD is introduced, the Concept Constrained LfD (CC-LfD).
This method was utilised to control a parallel gripper coupled to a 7 DoF robotic arm (Rethink
Robotics Sawyer?). The tests made consisted of kinesthetically training the robot with low-quality
demonstrations and then skill repairing the respective task demonstration using a single constraint-
annotated demonstration (CC-LfD technique) or by adding high-quality demonstrations to the

training procedure.

The CC-LfD method consists of, as said, adding a constraint-annotated demonstration. The
application of these constraints is made over time by annotating a frame. These constraints are
boolean expressions that describe the correct behaviour to adopt. To give a practical example,
when transporting a full liquid cup, one constraint could be keeping the cup upright to not spill the

liquid. Theoretically, with this method, poor demonstrations* could be corrected rapidly.

In order to test and compare the CC-LfD method, two tasks were tested. The first one involved
picking up a cup, transporting it over another cup and transferring its content into it without spilling
along the way. The second task consisted in picking up a cup, moving it around an obstacle and

resting the cup on top of the obstacle.

For each task, a total of 3 poor demonstrations were given during the training process. Then,
with the goal of correcting the learned skills, a single constraint-annotated demonstration was
added up. The results were compared to the addition of up to 28 high-quality demonstrations

(repairs) to the initial three poor demonstrations.

Analysing Table 3.1, the CC-LfD technique resulted in a success rate of 90% and 100% for the
first and second tasks, respectively. On the other hand, with the 28 repairs, the first task achieved a
success rate of 60% and the second task 70%. Comparing these results, it is possible to conclude

that CC-LfD is very effective by dramatically repairing poor skills.

3https://www.rethinkrobotics.com/sawyer
4poor demonstration: demonstration where the constraints are violated
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Table 3.1: First and second tasks performance results [43]

Type Poor . Repairs | Attempts Correct Incorrect
Demonstrations (Ist | 2nd task) | (1st|2nd task)
Baseline 3 0 10 0l1 1019
7 Repairs 3 7 10 415 615
14 Repairs 3 14 10 614 416
21 Repairs 3 21 10 717 313
28 Repairs 3 28 10 617 413
Constrained 3 1 10 1019 011

3.4.4 Artificial Neural Networks

In [44], a different LfD approach is followed based on artificial neural networks. The goal was
to learn manipulation skills from human demonstration and then transfer them to real robots.

The data acquisition phase was done by an instrumented glove and by cameras. The glove
captured finger motion and tactile information, and cameras recorded human gestures resorting to
red Light-Emitting Diodes (LEDs) placed on the fingertips and hand joints.

The data obtained were then utilised to train neural networks. In order to better adapt to the
task complexity, a few neural networks were tested.

The first task to be performed was a pick-and-place task. The goal of this task was for the robot
to grasp a box and place it onto a plate. Both objects were equipped with tracking markers (LEDs).
Ten human demonstrations were performed for training with both items in different positions and
orientations. According to the simplicity of this task, a simple feed-forward network was utilised.
As a result, the robot could successfully complete the pick-and-place task, even with the items
placed in different places from demonstrations.

Another task consisted in opening a beverage bottle. This task can be divided into three steps:
turn the lid until it has been loosened, grasp it, and place it next to the bottle. Applying the
feed-forward network to this task resulted in an infinite number of lid rotations. This happened
because the robot was unable to determine the time at which the lid could be removed since the
utilised network had no memory and used no tactile information. In order to overcome this task,
a recurrent network was used. The recurrent connections in the model of this network enable it to
remember past actions. The application of these networks led to the successful performance of the
robot in opening a beverage bottle.

In article [45], the OpenAl’ team used Reinforcement Learning (RL) to learn manipulation
techniques in order to reorient a cube in a specific orientation. The hardware used was a Dexterous
Shadow Hand (the same robotic hand to be utilised in dissertation work).

A technique different from all those already mentioned was utilised for data acquisition. It
was done 100% by simulation in Multi-Joint dynamics with Contact (MuJoCo) [46]. With the
goal of better approximating the simulation to the real-world scenario, some randomisation was

applied, such as observation noise, physics parameters and even visual appearance by changing,

Shttps://openai.com/
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for instance, the background colour. From the simulation, two classes of data were extracted.
Robot fingertips positions and object position and orientation were acquired utilising vision-based
methods.

The fingertip positions were given as input to train a manipulation control policy using RL.
The cube orientation was predicted using a convolutional neural network with images of the object
from three different orientations as input. Finally, the pose estimation network and the control
policy were combined in order to transfer the learned manipulation methods to the real robot.

The results obtained were very satisfactory, being the robotic hand capable of successively
reorienting the cube in the specified orientation, as can be seen in https://youtu.be/DKe8F
umoD4E. From no real human manipulation data, the RL algorithm proved to be able to perform
the proposed task, demonstrating its power for this type of application.

Reaching the end of this section, it is possible to realise that quite a few LfD methods already
exist, including methods based on artificial neural networks. As the project progresses, it will be

chosen the one that best fits the scope of the dissertation.

3.5 Automotive Painting Quality Control

Automotive paint quality inspection evaluates the appearance and finish of a vehicle’s paint
job. This includes checking for defects such as inclusions, cracks, oversprays, etc. Paint quality
control is an essential step in the manufacturing process as it helps to ensure that vehicles are
delivered with a high-quality finish which is visually appealing to customers. This section will
give an overview of state-of-the-art quality inspection technologies.

An emerging quality control technology, especially in automotive and aviation industries, is
the utilisation of terahertz waves [47]. This method provides high-speed volume inspections,
as well as high-resolution thickness determination, which is interesting in the scope of painting
works. Another great advantage is that this is a non-destructive method since it is contactless
performed. This means the quality inspection utilising terahertz waves will not affect the paint
properties.

In the particular case of paint quality inspection, this technology presents a significant advan-
tage. With terahertz waves, it is possible to measure the thickness of the paint when it is still
wet, unlike other sensors that would leave their mark and damage the paint. Since it is possible
to measure paint quality during the painting process, if the paint needs to be added for thickness
correction, this process is performed over the wet paint, leading to better quality results.

One of the disadvantages of this method is the cost of terahertz waves systems; however, it
tends to reduce as the technology utilised in these sensors evolves.

In article [48], a different approach was presented and followed. Mao et al. tested the utilisa-
tion of a deep learning network applied to captured rims images to inspect their quality. Although
this is not exactly the study case, the same methodology can be applied.

For training the network, a total of 245 images of defects were collected, containing a total

of 270 defects. Since the use of neural networks requires a high number of training samples in
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order to achieve reasonable accuracy, an expansion of the dataset was performed. To this end, a
Deep Convolutional Generative Adversarial Network (DCGAN) was utilised.

Afterwards, a YOLO v3 and a YOLO v4 network were trained to recognise the defects present
in the captured images or, eventually, their absence. These defects included, for example, dirt
spots and paint stains.

Once the networks were trained, the best result was achieved with the YOLO v4 in conjunction
with DCGAN, resulting in an accuracy of 86.8%.

After reviewing the aforementioned techniques for quality inspection, the utilisation of deep
learning networks seems to be the solution that best fits the dissertation application case. It has the

advantage of a low-cost implementation combined with good accuracy.
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Chapter 4

Implementation

This chapter will demonstrate in detail the work undertaken within the scope of this disser-
tation. It delves into subjects and methodologies previously outlined in Chapter 3, namely data
acquisition and kinematic retargeting algorithms. All the code mentioned in this chapter is pub-
licly available at https://github.com/BrunoSantosCode/ShadowHand_MastersDis

sertation.

4.1 Data Acquisition

Regarding data acquisition, an introductory study was conducted on the utilisation of neural
networks for acquiring keypoints of the human hand from two-dimensional coloured images [49].
Nevertheless, based on the achieved results, alternative methodologies were tested.

An additional approach went through testing the sensorial glove [20] referred to in Subsec-
tion 3.1.2. The utilisation of this glove consisted of an initial calibration of the sensors at a known
hand position, and, from this point on, the IMUs sensors were responsible for tracking the changes
in the hand position. In order to obtain the position, the acceleration values provided by the sen-
sors were integrated twice. Despite working with some accuracy in the first instants of time, due
mainly to the errors obtained in the successive integrations, the results quickly deviated from the
hand’s real position, making the glove an unfeasible solution.

Therefore, another solution was tested based on vision techniques. The chosen method was
OpenPose [50]. OpenPose is a method based on a convolutional neural network and was the
first real-time, multi-person system to detect collectively human body, hand, facial and foot key-
points, totalling 135 keypoints. One of the reasons for the choice of this method is its high accu-
racy. OpenPose is capable of estimating the referred keypoints even in challenging environments,
such as when occlusions occur or in cluttered backgrounds. Its accuracy has been proven on two
datasets, namely MPII [51] and COCO [52]. In both datasets, OpenPose outperformed the previ-
ous methods, achieving this way state-of-the-art results. Another advantage of this method relies
on its real-time performance, which is essential for many application cases, such as robotic hand

teleoperation. Furthermore, OpenPose is an open-source method, meaning it is freely available
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for research utilisation. Lastly, its effectiveness is proven by the high number of citations, already
exceeding fifteen thousand.

For the specific application case of the dissertation, the combination of OpenPose and a Mi-
crosoft Kinect v2 was employed to detect 3D keypoints of the human hand. The Kinect provided
2D images, which were processed by OpenPose to detect the corresponding 2D points. Subse-

quently, the depth information was extracted from the depth sensor of the Kinect.

4.2 Teleoperation

Having established a method for capturing the position of the human hand, the subsequent step
involved implementing teleoperation for the Shadow Hand to comprehend its practical dexterity.
This step considers the kinematic retargeting methods mentioned in Section 3.3.

The entire code base was developed within the Robot Operating System (ROS) environment
using Python programming language. The development process occurred within the dedicated
docker container provided by the Shadow Hand company, encompassing all essential software

components required for high-level hand control.

4.2.1 Direct Joints Mapping

In the initial phase, the primary focus was to establish integration between OpenPose and the
Shadow Hand. To achieve this, a direct mapping of joint angles was implemented.
To this end, the joint angles were extracted from the acquired keypoints, depicted in Figure

4.1, employing the vector dot product expression:

a-b=|d||b|cos 6 4.1)

Solving relatively to 8:

6 = cos™! (fé) 4.2)
|dl, |b|

Due to the straightforward nature of the followed approach, only a subset of joints was con-
sidered in this phase. Specifically, three joints per finger were taken into account, resulting in a
total of 15 joints.

Thumb:

« Joint 1 angle defined with @ = KP, KP5 and b= KP;KP,

* Joint 3 angle defined with @ = KP; KP> and b= KP,KP;

Thttps://cmu-perceptual-computing-lab.github.io/openpose/web/html/doc/md_doc_02_output.html
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Figure 4.1: OpenPose hand output format (from Openpose documentation')

* Joint 4 angle defined with d = IWKP; and b = ITKP;
Index finger:

* Joint 1 angle defined with d = ITK}%> and b = ITKPg>

« Joint 2 angle defined with d = k—Pj_[<_I;6> and b = m—ﬁ;

* Joint 3 angle defined with d = IWKPg> and b = ITKP;

Note that KP, corresponds to the x keypoint observed in Figure 4.1 and consequently ITKP;
corresponds to the vector starting at x and ending at y.

The remaining fingers were defined similarly to the index finger. It is noteworthy that, for the
calculation of the knuckle angle (Joint 3), the @ was purposely selected as Im in all fingers,
except the thumb, as a way to try to obtain the angle between the proximal phalanges and the palm.

The remaining Shadow Hand joints that were not calculated were set to zero degrees.

The final step involved assigning the calculated joint angles to the robotic hand, which was
done by calling the method “move_to_joint_value_target_unsafe” method from the SrHandCom-
mander, a high-level interface to control the robotic hand.

During testing, it was observed that specific keypoints were frequently detected incorrectly by
OpenPose, leading to significant deviations from their actual positions. To address this issue, a
median filter was applied to the acquired keypoints position. This filter was chosen due to the low
influence of outliers on the filtered result. Figure 4.2 illustrates the effectiveness of the median
filter in removing outliers, such as the wrongly detected index fingertip by OpenPose.

To ensure the method’s flexibility to various forms of human hand shape acquisition, a dedi-
cated ROS message was created for hand keypoints. This message consists of an array of geome-
try_msgs/Point, a specific ROS message for storing the position of a point in free space.

Summarizing, the end-to-end integration went through the following steps, as shown in the

Unified Modeling Language (UML) sequence diagram presented in Figure 4.3:

1. OpenPose publishes a ROS message with the detected keypoints;
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Figure 4.2: Hand keypoints before (in blue) and after (in white) the application of the median filter

2. A conversion is performed between the OpenPose ROS message and the standard

hand keypoints message, the latter being published in a ROS topic;

3. The ROS topic containing the keypoints message is subscribed, and in the respective

callback function?, the keypoints are saved into an array with previous keypoints;

4. A thread uses the filtered keypoints, fetching the median of each of the positions of

the vector mentioned in the previous point;

5. The same thread performs the respective transformation, from the filtred keypoints

positions into angles taking into account the mentioned approach;

6. Finally, and also in the same thread, the angles are sent to Shadow Hand through the

SrHandCommander interface.

i ROS Mes;age ROS node Thread Shadow Hand
Conversion

User

loop J E

Acquire hand keypoints E

OpenPose ROS msg

Hand Keypoints ROS msg :

Save Keypoints

| Check for new keypoints :

Filtred keypoints

Calculation of Shadow §
Hand joint angles !

Joint angles o

Figure 4.3: Program architecture represented in a UML sequence diagram

The aforementioned structure was followed for the remaining kinematic remapping approaches.

Zcallback function: a ROS function that is called every time a new message arrives to the subscribed topic
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4.2.2 DexPilot

Having accomplished the end-to-end integration, the subsequent phase consisted of imple-
menting and testing the kinematic retargeting algorithms presented in Section 3.3, starting with
DexPilot.

This algorithm prioritises the geometric space of the fingers, being the algorithm built on
vectors that connect the fingertips of the hand, as seen in Figure 4.4. Since the robotic hand to
be used has five fingers, extra vectors were added in the implementation of this algorithm. In
addition, for reasons explained further on, vectors from the fingertips to the wrist were also added.

The resulting number of vectors totalled 14, as shown in Figure 4.5.

Figure 4.4: Space vectors utilised in DexPilot for Figure 4.5: Space vectors adapted for
both the human hand model and Allegro hand [32] Shadow Hand

The vectors defined in [32] were divided into two sets: S that included the vectors from
primary fingers (index, middle and ring) and pointed to the thumb; S, that included the vectors
between two primary fingers. Furthermore, in the adaptation of the algorithm, the set S3 was also
added, as mentioned, including the vectors from the fingertips to the wrist.

The optimisation algorithm cost function utilised in DexPilot was based on these vectors, and

it is given by:

1Y X
Clangr) = 5 Y s(di)lIri(ar) = f (i) i(an) *+7lg (4.3)
i=0
In 4.3, g and g, correspond to the angles of the human hand and Allegro hand, respectively,

and r;(q,) corresponds to the vectors of the human hand. In addition, d; are the length of the

human hand vectors:

di = [|ri(qn)|| (4.4)
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and 7;(gy,) are the corresponding unit vectors:

. ri(qn)
(gn) = — ) 45
) = Tl 43

The s(d;) is the switching weight function defined by:

1, di>¢€
S(di> =4400, d;<e A r,'(qh) [S\Y) (4.6)
200, d;<e A ri(qh) IS

where € corresponds to a proximity threshold; in his way, vectors with short lengths associated
with precision grasps (e.g., pinching) were given higher weights so that they would have more
priority.

The f(d;) is the distancing function defined as:

ﬁdi, d; > &€
fldi)=qm, di<e A rilq) €S 4.7
M, di<e AN rilqn) €S

where f3 is a scaling factor between the human and the robotic hand, defined as 1.6; 1, defined
as 1 x 10~*m, is responsible for closing the distance between a primary finger and the thumb if
the distance between these fingers in the human hand is inferior to the € threshold; 1, defined as
3 x 10~2m forces a minimum separation distance between two primary fingers, once again, if the
distance between these fingers in the human hand is inferior to the € threshold.

Lastly, the ¥, defined as 2.5 x 1073, is a weight on regularising the robotic hand angles to zero
(open hand position). The authors found this term helpful for reducing redundancy in the solution.

For the algorithm implementation, the human hand fingertips vectors (ri(g;)) were directly
acquired from the fingertips positions given by OpenPose. After calculating these vectors, a refer-
ential frame transformation was performed to the frame shown in Figure 4.5 by a rotation matrix
since the relevant parameters of the vectors for the algorithm application were only direction and
length. Considering the new referential frame as 1 and the original as O, the rotation matrix was
defined as:

Ry=RN"=[ ) | » | & T, (4.8)

where:



4.2 Teleoperation 33
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In 4.9, vy, corresponds to the vector from the keypoint x to the keypoint y, being x and y the

keypoint number, as illustrated in Figure 4.1.

After having the rotation matrix, the points in the new referential frame were obtained using

the following formula:

bl — Rl (4.10)

The Shadow Hand fingertip positions were calculated utilising direct kinematics from the an-
gles of the hand joints. The direct kinematics were calculated by the Denavit-Hartenberg (DH)

parameters by the analysis of the hand kinematic model, presented in Chapter 2, in Figure 2.4.
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Table 4.1: Thumb DH parameters

i| a;(cm) | o; (degrees) | d; (cm) | 6; (degrees)
1 0 90 0 0/
2 4.5 0 0 0,
3| 250 0 0 05
4| 2.60 0 0 0,
Table 4.2: Little finger DH parameters
i| a (cm) | o; (degrees) | d; (cm) | 6; (degrees)
1 0 90 0 0/
2| 6.589 0 0 55
3 0 -90 0 0,
4 4.5 0 0 05
5 2.5 0 0 0,
6 2.6 0 0 05

Table 4.3: Remaining fingers DH parameters

i| a (cm) | o; (degrees) | d; (cm) | 6; (degrees)
1 0 90 0 0/
2| 450 0 0 0
3| 250 0 0 05
4| 2.60 0 0 0,

Implementation

From the DH parameters, the transformation matrices were defined as:

cosO; —sin6O;-cosa; sin6;-sino;  a;-cos6;
T, — sinf; cos6;-cose; —cosB;-sin¢; a;-sinb; 411
o 0 sin o cos o d; “-11)
0 0 0 1

and the final transformation matrices to calculate the fingertip positions given the joint angles were

calculated by successively multiplying the individual transformation matrices.

After having the fingertips’ positions, the vectors seen in Figure 4.5 were easily calculated by

subtracting the corresponding keypoints’ positions.
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Lastly, the optimisation algorithm was implemented utilising the minimise method from the
scipy optimiser library in Python. The minimise function receives as input the cost function, de-
fined in 4.3, the initial guess of robot joints, defined as the previously calculated joints, the op-
timisation method, defined empirically as Sequential Least Squares Programming (SLSQP) and
finally the joints bounds. In order to deal with the couple of Joint 1 and Joint 2 (explained in

Section 2.3), these two joints were replaced by a Joint 0.

After performing some tests on the algorithm, some modifications were done to improve it.
Namely, a new set of vectors was added to deal with positions where the fingers closed; for this,
a total of 4 vectors pointing from each fingertip of primary fingers to the wrist were added. In
addition, some weights were adjusted, and the € threshold was divided into three thresholds for

the three sets of fingers, namely &1, & and & for Sy, S; and S3, respectively.

The final parameters, weight function and distancing function, were defined as in 4.12, 4.13

and 4.14, respectively.

€ =003m
& =003m
& =005m
p=10 4.12)
n1 = 0.0001 m
M = 0.03 m
3 =0.01 m
¥ =0.003
1, di>¢e N rilgn) €S
1, di>& N rilgy) €S
s(d) = 1, di>e N rilgn) €83 @13)
200, d;<e A rilqn) €85
400, di<e A rilqgn) €S
100, di<e A ril(qn) €S53
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Bd;, di>e N ri(qn) €81
Bdi, di>e AN ri(qn) €S2
Flds) = Bdi, di>e A ri(qn) €S53 @.14)
m, di<e A ri(gn) €S
M, di<& A ri(qn) €S2
N3, di<e& A rilqn) €S53

To conclude, refer that, as the optimisation part takes a considerable amount of time, another
thread was created for the optimisation part, and the resultant program architecture is represented
in the UML sequence diagram presented in Figure 4.9. The communication between threads was
done utilising global variables, namely for hand keypoints positions and for joint angles, being the
access protected with mutexes to avoid conflicts.

ROS Message
i [Conversion] [ ROS node ] [ Thread1 ] { Thread2 ] {Shadow Hand]

User

loop J

Acquire hand keypo\nls§

OpenPose ROS msg &

Hand Keypoints ROS migf

Save Keypoints

[Check for new keypointsi

Filtred keypoints

Calculation of Shadowi
Hand joint angles

(DexPilot) H
Qheck for new joint angles

Joint angles

Joint angles

Figure 4.9: Program architecture represented in a UML sequence diagram

4.2.3 BiolK

Subsequently, BiolK was implemented. Since BiolK is exclusively available in C++, the
structure of the utilised Python code in the previous algorithms was replicated in C++, preserving
the same features as much as possible.

Prior to running the solver itself, some processing was applied to the keypoints in addition to
the median filter. Namely, the acquired human hand keypoints were transformed in a way that
the links (distance between two keypoints, equivalent to bones distance) had the same size as the
respective ones in the Shadow Hand. For this, an iterative process was performed, starting from the

wrist and ending at each fingertip. This process consisted of maintaining the direction of each link
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and changing its size according to the respective link in the robotic hand. The final objective was
to get better results applying this technique since the BiolK solver is based on inverse kinematics.
The result of the application of this technique is shown in Figure 4.10. Being Shadow Hand
designed to be the same size as a human hand, the difference between keypoints is not substantial,
except for the little finger since all the robotic hand primary fingers have the same size, but in

reality, the little finger is smaller than the others primary fingers.

Figure 4.10: Keypoints before (in blue) and after (in white) the application of robotic hand map-
ping

For the implementation of the BiolK, four types of goal functions were utilised: position,
direction, joint function and centre joints goal. First, the fingertip positions were mapped utilising
the position goal with weights defined as one since the position of the fingertips is of extreme
relevance to precision grasps. The knuckles were mapped also utilising position goals, but this
time with inferior weights, namely 0.3. The proximal phalanges direction of each finger was
mapped with a weight of 0.1, except for the thumb, where the mapped phalanges were intermediate
phalanx and distal phalanx, also with weights of 0.1. In addition, the coupling of Joints 0 and 1
was given to the solver algorithm by a joint function goal with a weight of 1. Lastly, the centre

joints goal was utilised with a weight of 0.15 to avoid work on the joints limits.

4.2.4 Hand Embodiment

Regarding the Hand Embodiment algorithm, in [35], the authors have made their implemen-
tation publicly available in a GitHub repository. In addition, some examples of human hand
markers position recordings were provided.

The first step here consisted of implementing the provided pipeline with the same structure
of already mentioned algorithms and testing the algorithm with available examples. However, the
implementation of this algorithm proved to be quite complex due to the multiple configuration
files, namely the configuration file to convert the hand markers to the MANO model and, subse-

quently, the configuration file to pass from the MANO model to the robotic hand. The complete set

3https://github.com/dfki-ric/hand_embodiment
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of transformations can be seen in Figure 4.11. Furthermore, after running the implemented pro-
gram, the pipeline provided by the authors proved to be very slow, taking about 900 milliseconds

between receiving the human hand markers and the output of the Shadow Hand joints.

Figure 4.11: Hand Embodiment algorithm steps: human hand markers (left), MANO model (mid-
dle) and Shadow Hand mapping (right) [35]

Still, an attempt was made to adapt the algorithm to receive OpenPose keypoints as input
since the original algorithm received a total of 13 keypoints. Of these 13 keypoints, as seen in
the left part of Figure 4.11, three were located on the back of the hand and were responsible for
establishing the hand’s referential frame and the remaining ten were located two on each finger,
on the fingertip and the knuckles. Considering this, the keypoint of the referential frame origin,
in the left part of Figure 4.11, was replaced by the keypoint of the wrist. The remaining palm
keypoints were obtained considering the referential frame defined in Figure 4.11 and being at a
distance of two centimetres above (positive z-axis) and to the left (negative x-axis) of the wrist.
The remaining ten keypoints were directly obtained from OpenPose.

During the testing phase of this adaptation, it became evident that the algorithm did not func-
tion as intended. Despite the considerable effort invested in implementing the Hand Embodiment
method and attempting to adapt it to OpenPose, the desired results were not achieved. Considering
the inherent complexity of the Hand Embodiment approach and the time already dedicated to its

implementation, a decision was made to discontinue its utilisation for this project.

4.2.5 TeachNET

As TeachNET is a complete end-to-end framework, it supersedes the entire algorithm structure
employed in the previous algorithm. However, OpenPose was not utilised this time since the input
of TeachNet, as referred to in Section 3.3.4 consists of depth images. To obtain the required
algorithm input, two cameras were tested: the StereoLabs ZED vl camera and the Microsoft
Kinect v2.

The ZED is a stereo camera developed by StereoLabs that captures high-definition images
with depth in real time. The camera utilises two sensors with a baseline of 12 centimetres to
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mimic the human stereoscopic vision, enabling it to generate a depth map for each pixel in the
image. The camera has a resolution up to 2K (2208 x 1242 pixels) and a field of view of 110
degrees horizontally and 60 degrees vertically. Physically, the camera features a compact and
lightweight design, making it suitable for various applications in the field of robotics. The ZED
SDK'’s camera software provides access to the camera features and enables developers to easily
interact with the camera functionalities. Moreover, the ZED ROS Wrapper allows the utilisation
of the camera in a ROS environment, providing information such as left and right images, a depth
map, a coloured depth cloud, pose tracking and others.

The Microsoft Kinect v2 is a 3D camera developed by Microsoft for use with Xbox One gam-
ing consoles and computers. The device integrates a FullHD (1920 x 1080 pixels) RGB camera
and a depth camera with a 512 x 424 pixels resolution. The Kinect utilises time-of-flight (ToF)
technology to capture depth. This method measures distances based on, as the name implies, time-
of-flight, i.e., the round trip time of a light signal emitted by the device. This camera includes a
range of features and capabilities that make it suitable for use in various areas, including robotics.
It can also be used for full-body motion capture and gesture recognition, allowing immersive gam-
ing experiences. In addition, the Kinect also provides software, namely Kinect for Windows SDK,
that enables developers to create applications that support gesture recognition. Moreover, there is

a Kinect Bridge ROS package that integrates Kinect and ROS environment.

Figure 4.13: TeachNET filtered image (acquired with Microsoft Kinect v2)
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Testing the two cameras, although the better resolution on the ZED camera, the Kinect proved
superior in capturing depth images. Mainly in matters of stability, the depth images from ZED
were very unstable, which made it very difficult to utilise the camera with TeachNET. The quality
difference of the images acquired from both images is presented in Figure 4.12. Observing these
figures, it is clear to conclude that Kinect performs better. Considering this, the chosen camera
was Kinect. In Figure 4.13, it can be seen the filtered human hand from the depth image from
Kinect. The utilised filter was part of the initial step of the TeachNET algorithm. Having as input
this filtered image, the network outputs joint angles that were subsequently passed to the Shadow
Hand in a similar way to the other described methods, thus completing the whole system from the
human hand to the Shadow Hand.

The complete architecture is presented in the UML sequence diagram in Figure 4.14.

i Image Filter TeachNET Shadow Hand

User
.
H

loop J H

,_Acquire depth image

<

ImageROSmsg 1

P

Hand Filter

Hand depth image

Joint angles

Figure 4.14: Program architecture represented in a UML sequence diagram



Chapter 5

Shadow Hand Control Results

In this chapter, it will be presented and discussed the results achieved through the methods

presented and described in Chapter 4, applied to the Shadow Hand.

5.1 MuJoCo Simulation versus Real-World Control

Simulation has become an invaluable tool for designing and testing control strategies due to
advantages such as the associated logistical simplicity since the simulation replaces the need for
hardware, and, especially in a simulation environment, risks associated with inadequate control,
such as premature hardware degradation, are prevented. However, it is crucial to examine how
well the simulation replicates the behaviour of the physical system. Therefore, in this chapter, a
comparative analysis will be conducted between the control of the Shadow Hand in simulation and
in the real-world in order to shed light on the key differences observed in these two scenarios. By
uncovering these disparities, it is possible to gain insights into the challenges faced in bridging the
gap between simulated and real-world robotic control, ultimately adjusting the control algorithms

to achieve a more robust and efficient control intended for real-world applications.

5.1.1 Joint Coupling

In Chapter 4, the described algorithms implementation already accounted for the coupling
of Shadow Hand Joint 1 and 2, namely in the DexPilot algorithm with the introduction of the
fictitious Joint 0 and in the Biolk algorithm, with the addition of joint function goals. However,
these constraints were not considered in the earlier versions of the tested algorithms. The true
impact of the coupling was only perceived when transferring the algorithms to the physical hand
since, in simulation, Joint 1 and Joint 2 behaved differently.

To highlight the disparities, a series of tests were conducted, taking into account the robotic
hand in a simulation environment and in a real environment, before and after the integration of
the algorithms part responsible for taking into account the coupling of the distal and proximal

interphalangeal joints.

41



42 Shadow Hand Control Results

During the performed tests, in order to ensure that the hand pose dissimilarities came only from
the actual differences between the simulation and the real robotic hand, a rosbag1 was recorded,
with a fixed position of the human hand, seen in Figure 5.1, acquired by OpenPose. Later, during
the tests performed, this rosbag was played in a loop, replacing this way the OpenPose and ensur-

ing that the data acquisition part of the human hand remained constant throughout the experiments.

Figure 5.1: Human Hand position for robotic hand replication reference

Starting with the DexPilot algorithm, Figure 5.2 shows the differences between the replication
of the human hand position by the robotic hand in simulation and in reality, utilising the DexPilot
algorithm and before the addition of the fictitious Joint 0. Figure 5.3 presents the differences under

the same conditions but after Joints 1 and 2 were replaced with Joint O.

11 1

Figure 5.2: Hand pose replication in simula- Figure 5.3: Hand pose replication in simula-
tion (left) and in reality (right) by DexPilot be- tion (left) and in reality (right) by DexPilot af-
fore taking into account the joints coupling ter taking into account the joints coupling

Prior to the inclusion of Joint O and considering Joints 1 and 2 as independent, it is clear
to observe in Figure 5.2 the discrepancy between the distal interphalangeal joint in simulated
and in the real hand, as already expected. After the addition of Joint 0, it is possible to notice,
in Figure 5.3, that the similarity between the hand position in simulation and in the real-world
increased. However, an interesting point to be noted is that despite being given a command of

0 degrees to Joint 1, in simulation, this joint presents some flexion which suggests the existence

Irosbag: file format utilised in ROS to store and replay recorded data from ROS topics.
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of some relationship between the joints, possibly a distribution of Joint 2 angle by Joint 1 and 2,
since the forefinger Joint 2 in the real hand seems to be more flexed than in the simulation. The
most important thing to underline is that, in fact, the algorithm now considers the actual behaviour

of the robotic hand in reality.

Proceeding to the BiolK algorithm, Figure 5.2 shows the differences between the human hand
position replication by the robotic hand in simulation and in reality, utilising the DexPilot al-
gorithm as a kinematic solver and before the addition of the constraints to deal with the joints
coupling. Figure 5.3 presents the differences under the same conditions after integrating the men-

tioned constraints.

Figure 5.4: Hand pose replication in simula- Figure 5.5: Hand pose replication in simula-
tion (left) and in reality (right) by BiolK be- tion (left) and in reality (right) by BiolK after
fore taking into account the joints coupling taking into account the joints coupling

Commencing with the analysis of Figure 5.2, it is possible to observe that it can be seen that
both positions are very similar, even verifying the flexion of Joint 1 in the real hand. However,
this flexion only occurs due to the force exerted by the forefinger’s tip on the thumb’s tip. Thus
the force imposed by the tendon responsible for driving Joints 1 and 2 is distributed over these
two joints. Considering this, the observed hand pose replication was good as there was contact
between the fingers; however, for a different scenario, the angle of Joint 1 would not be replicated

in reality, except for the complete flexion of Joint 2.

Analysing Figure 5.3, it is possible to verify that, with the inclusion of the additional con-
straints, the position of the robotic hand slightly deviated from the position of the real hand;
however, it is also possible to notice that the algorithm already adapts to the coupling of the joints,
resulting in a null flexion for Joint 1. Interestingly, a slight flexion of Joint 1 is observed in the
simulation, as has already been observed for the DexPilot algorithm, reinforcing the conclusions

previously drawn.

To better understand the actual coupling behaviour existing in simulation and in the real hand,
a concise test was conducted. This test consisted of sending different angle values to Joint 1 and
2 of the forefinger and observing the resulting hand position in simulation and the real Shadow
Hand.

Between each iteration, the hand was restored to the open hand position in order to ensure the

same initial conditions between tests. The results obtained are shown in Table 5.1. Visual results
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from the experiment are presented in Figure 5.6, comparing the behaviour of the robotic hand in

simulation and in the real-world to the same joint commands.

Table 5.1: Joints coupling test quantitative results in MuJoCo and in the real Shadow Hand

Joint Sent MuJoCo Shadow Hand

Angle | FFJO | Angle | Percentage | FFJO | Angle | Percentage | FFJO
P00 | 0 P o | 0 e e | 4
F a0 0 e s | 00 e vere | 4
[ as0| 00 Faeo | srrw | 1 e oron | 9
R I 1 o A A 1 2
900 00 e son | 0 e ron | 9
P [as0| 150 s son | 50 boswaran | 146
P 9007 150 s sron | 150 osorrar | 14T
F 500 900 oo soom | 7Y Forer | sean | 1S

FFJ0=45° FFJ0=90° FFJ0=135° FFJ0=180°

Figure 5.6: Joints coupling test qualitative results in MuJoCo and in the real Shadow Hand

The first point to be inferred is that the control of Joints 1 and 2 is, in fact, performed by a
fictitious Joint O that corresponds to the combined summation of the angles of these two joints
since the results are only dependent on the total sum of the angles and not on their distribution
between the joints.

The second conclusion is the type of coupling present in the simulation. The results show that
the amplitude of Joint O is approximately evenly distributed between the two joints.

The findings regarding the real hand reaffirm the previously drawn conclusion, specifically
that Joint 1 only exhibits flexion when Joint 2 reaches its limit, and until that point, its flexion is

almost unperceived, reaching a maximum of 2.7 degrees. Another interesting fact to extract is that
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the actual limit of Joint 2 is slightly higher than expected, reaching 97.4 degrees. Consequently,
the maximum angle of Joint 1 is limited to 82.2 degrees.

Summarising, the actual relationship between Joints 0 and 1 has been empirically identified,
both in simulation and in reality, and the DexPilot and BiolK solvers were appropriately adapted,
leading to the desired outcomes. As a result, improved performance of these algorithms is now

anticipated when employed with the physical Shadow Hand.

5.2 Teleoperation

This section presents the experimental results, mainly in a visual format, of the application of
the various kinematic retargeting techniques, namely direct joints mapping, DexPilot, BiolK and
TeachNET, respectively.

For the test of the first algorithm, considering that it consists of a very preliminary version
aimed at verifying the complete integration from OpenPose to Shadow Hand, a simple experiment
was conducted. This experiment consisted of individually and successively closing and opening

each one of the fingers of the hand.

Figure 5.7: Clips utilised for the wiring fitting task

For the remaining three algorithms, the test was performed with the clipping goal already
in consideration. Figure 5.7 presents the clips to be utilised. As it is possible to observe, these
clips are small, and their manipulation involves a precise grasp. Thus, the tests performed involved
replicating a pinching grasp position, possibly applicable to the actual context of the wiring fitting.

Each experiment started with an open and stable hand posture, and then a pinching grasp was
performed and maintained briefly. In this way, it was possible to verify the quality of replication
of the grasp position and the stability provided by each algorithm.

The experiments were recorded with the human hand positioned adjacent to the Shadow Hand
to facilitate a comprehensive comparison of hand position replication. The results to be presented

comprise frames extracted from the recorded videos at significant timestamps.

5.2.1 Direct Joints Mapping

The direct map of joint angles from the human hand to the Shadow Hand resulted in the

gestures replication shown in Figure 5.8.
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/ / /

Figure 5.8: Direct joints mapping algorithm test results

Figure 5.8 illustrates the progression from a fully opened hand to different finger configura-
tions. By comparing the displayed images, it is perceptible that the algorithm worked effectively
by translating the position of each finger in the human hand to the Shadow Hand.

Furthermore, the results of the conducted experiment validate the successful integration of the

end-to-end algorithm for reproducing human hand movements on the Shadow Hand.

5.2.2 DexPilot

As previously mentioned, in order to test the DexPilot algorithm, a pinching movement was
performed with the index finger and thumb. Figure 5.9 presents the different frames from the ex-
periment, demonstrating the human hand movements and the respective replication by the robotic

hand. Each frame has the respective timestamp annotated.

Upon analysing the results, in the first place, it is possible to perceive the correct functioning of
the algorithm by the replication of the movements. Further analysis shows the stability of the hand
positions generated by DexPilot, namely in the initial and final parts of the experiment. Despite
this, it is possible to verify that the pinching position is not replicated precisely. This happens due
to the intrinsic characteristics of the algorithm, explained in 4.2.2, namely that, with the fingers
being at a distance inferior to the & threshold, they are forced to a position where the distance
between them is minimal, defined by 1;. This way, the algorithm forces the closing distance

between the fingers without prioritising their relative position.

Even though the position is not exactly replicated, the degree of repeatability of DexPilot is
high among different tests, as seen in Figure 5.10, which is a great advantage of this algorithm.
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"

Figure 5.10: DexPilot: pinching pose repeatability

To better comprehend and analyse the algorithm’s operation, the graphic presented in Fig-
ure 5.11 shows the distance between the tip of the forefinger and the thumb in both the human
hand and the robotic hand. The measures relative to the human hand were acquired from Open-
Pose, after the application of a median filter; on the other hand, the Shadow fingertip distances
were raw acquired from the Hand ROS interface, utilising the ROS Transform System (TF). The
ROS TF is a package that keeps track of all the robot referential frames, for example, in this case,
the fingertips, the wrist and other articulations that describe the robot model. Furthermore, TF
facilitates working and performing operations between the different existing frames. For this spe-
cific case, in order to calculate the distance between the fingertips, TF was utilised to obtain the
translation vector between the thumb tip frame and the forefinger tip frame. Then the distance was
directly given by the magnitude of this vector. To refer that, these two measures, from the human
and the robotic hand, were acquired at the same time in the thread responsible for the DexPilot
solver before calling it, ensuring this way that the values acquired and shown in the graphic in
Figure 5.11 were the same input to the algorithm.

Analysing the graphic, the refereed stability of the robotic hand is confirmed by the stability of
the red line. Another important aspect to extract from the graphic is the delay between the human
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Figure 5.11: DexPilot: distance between thumb tip and forefinger tip

hand pose acquisition and the respective actuation on the robotic hand. Considering the properties
of this algorithm, it is possible to define this delay as the time interval between the moment when
the distance between the fingers of the human hand reaches the threshold £ and the moment
when the fingers of the robotic hand start the pinching movement. Given that € was defined as
3 centimetres in 4.12 and observing the graphic in Figure 5.11, it is possible to infer that the first
described moment occurs at 5.2 seconds. The second moment is defined by the abrupt decrease
of the red line, which occurs at 5.6 seconds. It is thus possible to conclude that there is a delay of
about 400 milliseconds. This delay includes the running time of the algorithm itself in addition to
the time of sending and executing commands by Shadow Hand. The algorithm execution time was
verified and corresponded to an average of 56 milliseconds. This leads to the conclusion that most
algorithm delay time is related to the sending and execution of commands. In addition to these
times, the total delay of the algorithm also includes the delay intrinsic to OpenPose and the delay
introduced by the application of the median filter. When considering these factors, the overall
delay of the system amounts to approximately 1 second.

It should be noted that the execution times of the algorithms were measured on a computer

with the following specifications:
* Central Processing Unit (CPU): AMD Ryzen™ 9 7950X3D
* Random Access Memory (RAM): 32.0 GB

* Graphics Processing Unit (GPU): NVIDIA GeForce RTX 4090 24GB

5.2.3 BiolK

The BiolK algorithm was also tested using the same experiment, and the results are presented

in Figure 5.12 as a sequence of frames.
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Figure 5.12: BiolK: experimental results

Regarding the results obtained, it is possible to verify that the hand position is replicated more
effectively; however, there is a relatively large gap between the fingers, which could represent a
problem for the application in question since the clip may not be adequately gripped. In addition,

the degree of repeatability achieved is inferior compared to DexPilot, as shown in Figure 5.13.

/

Figure 5.13: BiolK: pinching pose repeatability

In addition to the visual results, data about the fingertips’ positions were acquired in the same
way as already explained for the DexPilot algorithm and utilised to make two graphics. The
first one, presented in Figure 5.14, shows the distance between the thumb and forefinger tips,
and the other, presented in Figure 5.15, shows the distance between the human fingertips and the
respective robotic fingertips since this was the main goal specified for this algorithm. In this last

one, a moving average filter was applied to smooth the data.

By the analysis of the graphic presented in Figure 5.14, it is possible to perceive, by the red
line, the instability of the poses generated by BiolK, when compared to DexPilot, presented in
Figure 5.11.
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Figure 5.14: BiolK: distance between thumb tip and forefinger tip
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Figure 5.15: BiolK: distances between human and robotic fingertips positions

Analysing the graphic presented in Figure 5.15, it is possible to observe the moment where the
pinching movement starts, which corresponds to the moment where the thumb and forefinger tips
distances from human to robotic hand starts to increase, which occurs at about 4 seconds. At about
5 seconds, it is possible to verify the algorithm actuation by the reduction of these positioning
differences. Nevertheless, the final position differences are considerably large, varying between
1.3 and 3.1 centimetres.

Regarding the time delay, given that the structure is the same as the DexPilot algorithm, the
only difference lies in the running time of the algorithm itself, which was verified to be 216 mil-

liseconds, almost four times higher than the solving time of DexPilot.

5.2.4 TeachNET

Lastly, the teleoperation results achieved with TeachNET will be shown.
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Primarily, and to better understand the end-to-end TeachNET algorithm, Figure 5.16 presents
a sequence of 4 images describing the TeachNET process. First, the desired hand position is
performed, and the Kinect acquires a depth image of the human hand. Then, the hand is filtered
from this image and given as input to the TeachNET network. Lastly, the network outputs the
joint angles to control the robotic hand, resulting in the position in the rightmost picture shown in
Figure 5.16.

Figure 5.16: TeachNET process: human hand pose, Kinect depth image, TeachNET segmented
image, robotic hand pose, from left to right, respectively

The results of the teleoperation are visually presented in Figure 5.17

B.0OSs,

Figure 5.17: TeachNET: experimental results

From the experiment, it was concluded that TeachNET results in a stable operation of Shadow
Hand; however, the replicated position does not have a high degree of repeatability, as proven by
the results shown in Figure 5.18, this is, for the same grasp position of the human hand, slightly
different grasp positions in the robotic hand were obtained. Considering this, sometimes the re-
sulting gap between the pinching fingers was too large, considering the clips’ dimensions, which
could be a problem for the wiring fitting task.

Regarding the delay, this algorithm behaved best, with a time of about 300 milliseconds be-
tween the movement of the human hand and its replication by the Shadow Hand.
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Figure 5.18: TeachNET: pinching pose repeatability

Concluding, TeachNET proved to be a good overall algorithm for teleoperation; however, it

may not be the most adequate for precision grasps.

5.3 Algorithms Comparison

Considering the evaluation of the kinematic retargeting algorithms, it is already possible to
extract some findings. Regarding control stability, during the tests, it can be noted that the most
stable algorithm is TeachNET, followed by DexPilot, thus leaving BioIK as the least stable among
the three algorithms. Another essential aspect remains in replicating the pinching grasp, namely
the gap distance between the fingers. In this aspect, DexPilot undoubtedly stands out by ensuring
that the fingers are touching. On the other hand, when utilising the remaining algorithms, this
distance is not always the most appropriate, and sometimes there are relatively large gaps between
the fingers, resulting in an inability to grasp the clip.

To obtain a more effective and quantitative comparison between the three kinematic retargeting
algorithms, a practical test based on the real scenario of the application task of the Shadow Hand
was conducted. The main goal of this practical experiment was to show the controllability skills
provided by each of the algorithms studied in a real-case scenario and its utilisation by regular
users unfamiliar with this type of control. In addition, this test allowed to understand the robotic
hand’s actual dexterity level.

Description of the conducted practical algorithms test:

* Main task: hold the cable [Figure 5.7] by a clip;

* Preparation: each of the participants was briefly informed in advance of the task to be

performed and how each of the algorithms works;

* Train: each participant had a total training time of 6 minutes for each algorithm. For the first
3 minutes, training was conducted with the robotic hand only so that each participant could
adapt to the robotic hand movements resulting from each algorithm. During the remaining 3
minutes, the training was performed with the cable, with the goal of training a hand position

capable of holding the cable by a clip;
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 Task execution: first, the cable was positioned close to the robotic hand, within its limits, so
that it could be held; afterwards, the goal was to hold the clip with the robotic hand firmly;
finally, the external force holding the cable was removed, in order to see if the robotic hand

was able to hold the cable suspended;

* Attempts: the task was repeated, by each participant, a total of 15 times, 5 for each clip

shown in Figure 5.7. The order of the clips was random;
* Score:

- 0 points: the cable was not gripped at all, or the cable slipped as soon as the external

force holding it was released;
- 1 point: the cable was held for a period of less than 2 seconds;
- 2 points: the cable was held for a time greater than 2 seconds and inferior to 5 seconds;

- 4 points: the cable was held for a time greater than 5 seconds;
* Number of participants: 10 participants;

* Note: the order of the algorithms tested for each of the participants was randomly deter-

mined.

From the tests performed, the number of participants (corresponding to the respective partic-
ipation order), the name of the algorithm used, the trial number, and which clip was used were
noted for each trial. These individual results are present in Appendix A. The following results in-
clude the performance of each of the participants relative to each algorithm [Figure 5.19], to each
clip [Figure 5.20], to each attempt [Figure 5.21] and finally the overall performance is presented
in Figure 5.22. Global results were also extracted on the performance achieved with each of the
algorithms [Figure 5.23], performance per clip [Figure 5.24] and performance per attempt [Fig-
ure 5.25]. Finally, these three graphs were repeated, however, taking into account the percentage
of success, i.e., the percentage of attempts whose score was maximum, in Figure 5.26, Figure 5.27
and Figure 5.28, respectively. Furthermore, qualitative results were extracted, taking into account
successful grasps. These results are present in Figure 5.30.

Analysing the graphic in Figure 5.19, which presents the relation between each tested algo-
rithm and the average score achieved by each participant, it is possible to verify that for all indi-
viduals, the BiolK algorithm translates into the lowest performance obtained. Also noteworthy is
the DexPilot algorithm, responsible for the maximum average score of 80% of participants. The
TeachNET algorithm lies between the two mentioned, yet, always very close to DexPilot.

Evaluating now, the information presented in the graphic of Figure 5.20, that relates the clip
with the achieved score by each participant, it does not seem to be a constant correlation between
these two factors; perhaps there is overall a better gripping of clip 2, to be confirmed by the

analysis of the global results.
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Figure 5.19: Performance of each participant  Figure 5.20: Performance of each participant
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Figure 5.21: Performance of each participant  Figure 5.22: Global performance of each par-
by attempt ticipant

The graphic presented in Figure 5.21 shows the relationship between each participant attempt
and the respective average score obtained. This graphic was made with the goal of verifying if the
training time was adequate. For example, if the average score increased with the attempt number,
it could mean that the training time was insufficient; however, examining the data in the graphic,
it is not possible to extract a pattern, which possibly means that the training time was adequate.

The global score of each participant, present in the graphic in Figure 5.22, remained between
2.49 and 3.82, with 70% of average scores between 3.00 and 3.50.

Algorithm Clip Attempts

4,00 4,00 4,00

3,00 3,00 3,00
< g 2
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1,00 I 1,00 1,00
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TeachNET  BiolK DexPilot Clip1 Clip2 Clip3 1 2 3 4 5

Figure 5.23: Global perfor- Figure 5.24: Global perfor- Figure 5.25: Global perfor-
mance by algorithm mance by clip mance by attempt

Moving to the global results analysis, the previously drawn conclusions are confirmed. The

algorithm with the best performance is DexPilot, followed by TeachNET, with BiolK ranking last,
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as can be observed in the graphic shown in Figure 5.23. Regarding the clips, it is possible to infer
from the graphic in Figure 5.24 that clip 2 has a slightly higher score, which is curious, since
this is the smallest and supposedly most challenging clip to grab. Clips 1 and 2 remain on par.
Lastly, the graphic in Figure 5.25 demonstrates an equilibrium between the attempt number and

the respective achieved score, thus making it clear that there is no correlation between these two

factors.
Algorithm [max. score] Clip [max. score] Attempts [max. score]
100,00 100,00 100,00
__ 80,00 __ 80,00 __ 80,00
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& 60,00 & 60,00 & 60,00
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Q Q Q
S 40,00 S 40,00 S 40,00
3 2 7
20,00 20,00 20,00
0,00 0,00 0,00
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Figure 5.26: Global maximum Figure 5.27: Global maximum Figure 5.28: Global maximum
score attempts by algorithm score attempts by clip score attempts by attempt

From the graphics shown in Figures 5.26, 5.27 and 5.28, which present the percentage of
attempts in which the maximum score was achieved, by algorithm, clip and attempt number, re-
spectively, the previously drawn conclusions are confirmed. Thus, these results are intended to

reinforce the earlier findings.

Figure 5.29: OpenPose misdetections (left image for reference)

In addition to these results, during the experimental Shadow Hand teleoperation tests, it was
also possible to verify, also due to comments made by the participants, that one of the significant
limiting factors of the BiolK algorithm resided in the acquisition of the human hand position by
OpenPose, being frequently unstable and inaccurate. Frequently, OpenPose incorrectly detects
some of the fingers, as can be seen in Figure 5.29 by the change in the characteristic detection
colour of each finger. Furthermore, even with an apparently correct detection, it is enough for
a keypoint to be detected slightly off the real position for the corresponding depth to be quite
different from the real depth of the keypoint. For example, if a fingertip keypoint is detected
slightly off the finger, the corresponding depth will be the background depth, leading to large
errors, as previously seen in Figure 4.2.

To conclude, the qualitative results of the tests are presented in Figure 5.30. This figure shows

successful clip grasps from each algorithm and clip. The results are organised in the following
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Figure 5.30: Successful grasps from tests. The rows, from top to bottom, correspond to the Dex-
Pilot, BioIK and TeachNET algorithms, respectively. The left to right columns correspond to clips
1, 2 and 3, respectively.

way: DexPilot in the first row, BiolK in the second row and TeachNET in the third row; clip 1 in
the first column, clip 2 in the second column and clip 3 in the third column.

Due to the intrinsic characteristics of the algorithm, DexPilot achieves a more natural human
hand grip position, as it is possible to observe in the top row. For the remaining algorithms, some
“tricks” are required to ensure that the robotic hand’s position is appropriate to grasp the clip
and with sufficient force to hold the cable by the clip. Specifically, it is possible to notice in the
majority of the attempts, the forefinger is placed over the thumb to enforce contact between them
in the robotic hand. Consequently, it becomes more challenging for the participants to find and
replicate the ideal position to grasp the clip, resulting in a lower effectiveness of these algorithms,
as already verified through the analysis of the quantitative results. The participants also mentioned
this difficulty during the experiment, especially during the BiolK algorithm test.

Upon careful analysis of the test results, it can be deduced that the DexPilot algorithm is the
most suitable for the given task. However, the Shadow Hand, in the gripping position generated by
this algorithm, does not have the necessary tendons tension to properly execute the clipping task.
When force is exerted on the clip, the joints concede, causing the clip to slip through the fingers. It
is thus possible to conclude that the accomplishment of the clipping task is not achieved using this

algorithm or other of the algorithms mentioned, and therefore another strategy must be pursued.



Chapter 6

Implementation of Wiring Fitting and
Paint Quality Inspection Tasks

This chapter encompasses the practical implementation of the two principal tasks proposed

within the context of this dissertation.

6.1 Wiring Fitting

This section presents the undertaken efforts aligned with the objective of accomplishing the

wiring fitting task.

6.1.1 Developed Algorithm

Drawing upon the comprehensive knowledge gained from Chapter 5 about OpenPose, the
different algorithms tested, and the dexterity and strength of the robotic hand by the several tests
conducted, a novel algorithm for the wiring fitting task was designed and conceived to take into
account and potentially overcome all the current existing limitations.

This newly developed algorithm relies on the state machine shown in Figure 6.1.

distance < (TH1-HYST) distance < (TH2+HYST)

Hand_Open Start_Pinching_Pose Pinching_Pose

distance > (TH1+HYST) distance > (TH2+HYST)

Figure 6.1: UML State Machine Diagram of the developed algorithm

Each of the constituent states of the state machine corresponds to a particular position of the
robotic hand. There are a total of 3 states. In the initial state, the hand begins with an open
position. The next position corresponds to an approximation position of the pinching grasp so
that it is possible to identify how the clip will be held to correctly place it relative to the robotic
hand. Lastly, the final state corresponds to the pinching grasp, where the clip is effectively held
and ready for clipping.
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The a priori determination of distinct hand positions aims to address the challenges encoun-
tered during testing when attempting to reproduce and maintain a specific position of the robotic
hand. This approach circumvents the difficulty of replicating and preserving a particular hand

configuration, ultimately guaranteeing the consistency and stability of the hand’s position.

The state machine’s transitions were defined considering the distance between the forefinger
tip and the thumb tip. They depended on threshold values with hysteresis, as presented in Fig-
ure 6.1. This way, a transition occurs when a specific condition, determined by a threshold, is
surpassed. However, hysteresis was employed to avoid erratic and undesirable transactions caused
by slight fluctuations of OpenPose predicted keypoints. Hysteresis introduces a second threshold
that must be crossed in the opposite direction to revert the transition and return to the previous
state. By incorporating hysteresis, the algorithm ensured stability and robustness by requiring a
distinct change in the input values to trigger state transitions, preventing the OpenPose related
issues encountered during testing.

Robot description |robot_description

Joint name filter |rh_

Figure 6.2: Joint Slider plugin

To establish the positions of the hand in the “Start_Pinching_Pose” and ‘“Pinching_Pose”
states, it was first utilised TeachNET algorithm to get the initial poses. The generated postures
were then adjusted with the “Zero Force Mode” of Shadow Hand, which allows the manual and
free movement of the hand joints. In addition, it was also taken advantage of the “Joint Slider”
plugin. This plugin provides a graphical interface that allows individual and fine adjustments to
each robotic hand joint, as seen in Figure 6.2. These methods were together utilised to achieve the
final hand positions, and subsequently, the respective angles of each joint were acquired and saved

in order to later replicate these positions in each respective state.

Regarding the value of thresholds and hysteresis, these were defined experimentally as:

TH1=550cm
TH2 =3.50cm (6.1)
HYST =0.50 cm
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STATE STATE STATE
[0] Open Hand [1] Start Pinch [2] Pinch
DISTANCE DISTANCE DISTANCE
10.15cm 3.95cm 0.52cm
TH1:5.5 TH2:3.5 HYST: 0.5 TH1:5.5 TH2:3.5 HYST: 0.5 TH1:5.5 TH2:3.5 HYST: 0.5

Figure 6.3: Graphical Interface of the algorithm

In order to better comprehend the algorithm’s behaviour in real-time, a simple graphical in-
terface was developed, which can be seen in Figure 6.3. This interface includes the name of the
current state, the distance between the index finger and thumb tips, and the defined threshold and
hysteresis values.

Finally, it only remained to define the hand positions for each state. After several attempts,
the positions that showed superior results in terms of holding tight the clip are the ones shown in
Figure6.4, for the states “Hand_Open”, “Start_Pinching_Position” and “Pinching_Position”, from
left to right, respectively.

Figure 6.4: Hand Positions for states “Hand_Open”, “Start_Pinching_Position” and “Pinch-
ing_Position”, respectively

However, despite being the best hand positions found, it was not possible to perform the clip-
ping using the precision grasp seen on the right side of Figure 6.4. Images of the clipping attempt
are present in Figure 6.5.

As it is visible, the existing space on the edge of the clip, which allows the application of force
for clipping, is too small considering the size of the fingertips of the robotic hand, having only
3 millimetres. This, coupled with a slight slippage of the clip due to the bending of the joints
resulting from the force exerted, results in the impossibility of clipping task by the Shadow Hand.
Analysing Figure 6.5, it is possible to observe that the fingertips are already touching the car door
while the clip is only partially inserted, making it impossible to fully insert the clip.

After a meticulous analysis of the anatomical structure of the robotic hand, it was understood
that an out-of-the-box solution that provided the application of the required clipping pressure to

the clip was to hold it between the proximal phalanges of the middle and ring finger in a clenched
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Figure 6.5: Unsuccessful clipping attempt with the developed algorithm (left, top and right view-
points, respectively)

fist position, as it is illustrated in Figure 6.6. In this way, the necessary force for a successful
clipping was physically ensured for the fingertips hitting the palm and not entirely dependent on
the artificial tendons tension, as it can be observed by analysing Figure 6.7. Additionally, this hand
posture securely holds the clip in place since, for the robotic hand, in this position, it is apparently
physically impossible to move the phalanges apart, preventing this way any potential slippage of

the clip between the fingers.

L 3

Figure Clenched fist hand positions for states
“Start_P1nch1ng_P0s1t10n and “Pinching_Position”, respectively

2> B § R 4

Figure 6.7: Clenched fist hand position holding the clip

An instance of a proficient clipping procedure utilising the aforementioned technique is de-
picted in Figure 6.8. The sequence of frames displayed illustrates the successive stages of the

clipping process.
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Figure 6.8: Clenched fist hand position performing the clipping task

As observed, the implementation of the clenched fist technique proved to be effective in
achieving the wiring fitting task. However, considering that in a manufacturing environment,
the clipping task is not performed utilising the proximal phalanges in a clenched fist position,
this technique infringes one of the primary purposes of the project where this dissertation is inte-
grated, which is the replication of the human hand movements. Therefore, once again, exploring

an alternative approach for accomplishing the wiring fitting task becomes necessary.

6.1.2 Clip Adapter

Considering that the primary challenge for the wiring fitting task was associated with the
limited dimensions of the clip, particularly the narrow surface area where the robotic hand needed
to exert its clipping force, a viable solution was devised. This solution involved the development
of an adapter intended to be attached to the original clip, with the explicit purpose of providing a
larger contact area to make the clipping procedure conceivable. Taking into account his goal, the

clip adapter was designed and then 3D printed.

BUae

Figure 6.9: Clip Adapter: 3D model (left side) and 3D printed result (right side)

A visual representation of the ultimate iteration of the clip adapter is illustrated in Figure 6.9. It
comprises two fundamental components: the upper section designed to serve as a gripping mech-
anism for the robotic hand and the lower area intended to accommodate the original clip securely.

Additionally, the lower section of the adapter also features a transverse cross-section designed to
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provide a suitable space for accommodating the cable to which the clip is attached. Lastly, the
presence of auxiliary side supports ensures the clip adapter’s correct orientation alignment when
placed on the initial support structure. Through the utilisation of this adapter, the robotic hand
successfully achieved a secure grasp of the clip, as demonstrated in Figure 6.10, while exerting

the necessary force for the clipping action.

(122

Figure 6.10: Shadow Hand grasping the clip with the adapter from different angles

An experimental test was conducted to evaluate the clip adapter’s effectiveness. The test in-
volved coupling the Shadow Hand to a URS robotic arm manually operated through its user-
friendly console interface. This interface intuitively controls the robot’s movements by providing
directional arrows to command its intended direction. The procedure commenced by preposition-
ing the clip within the fingers of the robotic hand, which assumed a pinch position. Subsequently,
the robotic arm was manually guided to the clipping position. Upon insertion of the clip, the
Shadow Hand releases it, and the arm is retracted. The entire experiment was recorded, and the
results are presented in Figure 6.11, consisting of frames captured at relevant timestamps. The
findings demonstrate that the utilisation of the clip adapter effectively allowed the accomplish-

ment of the clipping task.

Figure 6.11: Clipping task performance utilising the clip adapter

6.1.3 Experimental Implementation

At this stage, after successfully executing the clipping action, additional steps need to be com-
pleted to fully accomplish the task autonomously. These steps involve autonomously picking up
the clip, accurately positioning and clipping it in its designated location, as illustrated in Fig-

ure 6.12, and then repeating the process for the remaining clips.
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Figure 6.12: Numerically identified clips and corresponding clipping locations

Given that the central focus of the dissertation was on the control of the robotic hand rather than
the localisation aspect, the clips, detached from the cable, were initially positioned in a support
structure in a predetermined and known position. Similarly, the insertion position for the clips was
also assumed to be known.

As demonstrated in Chapter 5, the teleoperation method was found to lack the required level
of accuracy for successfully completing the wiring fitting task. Consequently, the application of
Learning by Demonstration techniques, as explored in Chapter 3, which involves learning tasks
through demonstration, were considered unsuitable. As a result, an alternative approach was pur-
sued.

Considering that the robotic hand control was already established, with the defined poses to
firmly grasp the clip, it was decided to control the URS5 robotic arm and the Shadow Hand inde-
pendently. The sequence of actions for each component, with regard to each clip, can be described

as follows:

1. Position the robotic hand in the “Start_Pinching_Position” configuration and position the
robotic arm at a distance of 5 centimetres from the clip to the fingertips, in a direction

normal to the clip base;

2. Move the robotic arm to attain an optimal position to grasp the clip, and then command the

robotic hand to the “Pinching_Position” configuration;
3. Return the robotic arm to the position described in step 1;

4. Position the robotic arm at a distance of 5 centimetres from the clip’s insertion place in a

direction normal to the door structure;

5. Move the robotic arm in order to accomplish the clipping task, and subsequently position

the robotic hand in the “Start_Pinching_Position” configuration to release the clip;

6. Lastly, return the robotic arm to the position specified in step 4.
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Note that the positioning carried out in steps 1, 3, 4 and 5 is intended to ensure an approach

and respective return movement in a direction normal to the target.

By following this sequence, the robotic arm and hand can work in tandem to manipulate each
clip to accomplish the proposed task successfully. To enhance comprehension of each of these

sequential steps, they are visually depicted in Figure 6.13.

b ]

Figure 6.13: Wiring fitting task: steps 1 to 6, from left to right, respectively

The control of the robot arm involved providing information regarding the desired position
of the tool flange, which corresponds to the location on the URS robot where the Shadow Hand
was coupled. However, since the positioning objective focused on the fingers of the robotic hand,
specifically the forefinger and thumb, for grasping and manipulating the clip, a transformation of

the reference frame was required.

Considering that the hand positions during the task execution were well-defined and fixed, two
reference frame changes were considered. These conversions involved the “Start_Pinching_Po-
sition” position of the robotic hand for grasping the clip and the “Pinching_Position” for the actual
clipping task. The transformation process was similar for both cases. For instance, in the case of
the clip already held by the robotic hand, the robotic arm was manually adjusted to position the
clip in a predetermined pose (position and orientation). Subsequently, the robotic arm’s tool flange
position was obtained utilising the ROS TF. With these two known frame references, the conver-
sion between them was computed. This computation allowed the determination of the robotic arm

tool flange’s pose based on the clip’s desired pose.

Once the implementation of the algorithm was finished, the next step consisted of its exper-
imental testing. By employing the aforementioned methodology, the designated task was effec-
tively accomplished. However, during various tests, it was noticed that the algorithm was very
dependent on the given positions. Considering the dimensions of the clip, a position error of only
one millimetre could already result in an unsuccessful clipping. It can therefore be concluded
that, ideally, a localisation algorithm and corresponding correction of the real-time position and
orientation of the clip tip in relation to its clipping location would be necessary to ensure a high

task success rate.

A demonstration video showcasing a successful execution of the task, can be accessed by

visiting this link!.

Thttps://youtu.be/OPngiDPKQko
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6.2 Automotive Painting Quality Control

Transitioning to the task of automotive painting quality control, the primary objective entails
replicating the hand movements executed by a human operator during the tactile assessment of the
paint surface, with the aim of identifying any defects or irregularities.

To capture data from the human hand, the MediaPipe framework, in conjunction with a stereo-
vision ZED camera, was employed. It is important to note that the ZED camera was utilised solely
for capturing raw images from both of its individual cameras, functioning as two independent cam-
eras. However, the fixed and known distance between the two cameras provided an advantageous
condition for the application of stereo-vision techniques. Developed by Google, MediaPipe is a
versatile framework renowned for its proficiency in detecting hand keypoints, surpassing Open-
Pose in terms of stability and accuracy. The approach for 3D detection of human hand keypoints
involved the independent 2D detection of keypoints for each camera with MediaPipe, followed
by the conversion of these 2D positions from both cameras into depth values using stereo-vision
techniques.

Subsequent to, and based on the evaluation of MediaPipe’s performance and the analysis of
kinematic retargeting algorithms presented in Chapter 5, the BiolK algorithm was selected for
mapping human movements to the robotic system composed of the robotic arm and hand. BiolK
was favoured due to its ability to control the robotic arm and hand simultaneously.

Considering the kinematic retargeting algorithm, a similar implementation approach as de-
scribed in Chapter 4 was employed, with additional BiolK goals introduced and adjustments made

to the goals weights. The goals and their respective weights are detailed below:

* Position goals for fingertips mapping with weights of 1.0;

* Position goals for knuckles mapping with weights of 0.2;

* Position goals for wrist mapping with a weight of 0.25;

* Direction goals for proximal phalanges of the primary fingers with weights of 0.1;

* Direction goals for intermediate and distal phalanges of the thumb with weights of 0.1;
* Joint function goals for dealing with the coupled joints with a weight of 1.0;

* Centre joints goal with a weight of 0.1;

* Minimal displacement goal with a weight of 0.15;

* Joint function goal to ensure a maximum wrist extension with a weight of 0.5;

* Joint function goal to ensure a workspace above the base plane of URS with a weight of
0.15.
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It should be noted that the penultimate goal mentioned aims to prevent collisions between the
robotic hand’s forearm and the bonnet where the paint quality inspection took place. Considering
the physical properties of the Shadow Hand, if the hand and respective forearm were horizontally
aligned, i.e. with null flexion of the wrist, the forearm would collide with the bonnet.

In summary, the procedure for performing this task involved capturing the keypoints of the
human hand while performing the paint quality inspection and subsequently providing them to the
BiolK algorithm, which aims to determine the positions of each joint in the robotic arm and hand,
thereby replicating the previously recorded movement, including the intrinsic hand movements
and its spatial position.

Once all the steps were well defined, experimental tests were conducted to evaluate the devel-
oped algorithm. Throughout the various iterations of tests carried out, slight differences (mostly
less than a centimetre) were observed in the depth component, normal to the surface, of the ac-
quired points. Consequently, in some instances, the robotic hand exhibited slight deviations from
the surface. Nonetheless, despite these minor discrepancies, the algorithm proved effective in
replicating human movements, as evidenced by the series of frames presented in Figure 6.14, ex-

tracted from a demonstration video showcasing the algorithm’s execution. The respective video

can be accessed through this link?.

Figure 6.14: Automotive painting quality inspection process

An interesting observation derived from the conducted tests pertains to the execution time
of the algorithm, which was measured as 200 milliseconds. Notably, despite BiolK being em-
ployed for joint control of both the robotic arm and hand in this specific case, the processing time
decreased compared to when the algorithm solely encompassed control of the robotic hand, as
evidenced in Section 5.2.3. Further investigation revealed that this discrepancy in execution time
was attributed to the utilisation of OpenPose, an algorithm known for its computational intensity,
which consequently impacted the available computational resources and led to an increased execu-
tion time for BiolK. However, when performing tests under equal circumstances, where OpenPose
was not utilised, the execution times for both cases were equivalent (200 milliseconds), even in
the presence of a higher number of joints requiring computation in this particular case.

Unfortunately, the extra objective of integrating a component within the system to actively
assess the paint quality could not be accomplished due to the limitations imposed by the project

and dissertation timeline.

Zhttps://youtu.be/lpxIPE_6WYc


https://youtu.be/lpxIPF_6WYc

Chapter 7

Conclusions

The work developed in the context of this dissertation fits into the "CIBERTOQUE" project.
It focuses on automating two specific tasks related to the automotive industry, specifically within
Stellantis. These two tasks include wiring fitting and automotive painting quality inspection, with
a specific emphasis on the replication of human movements.

The proposed solution involves utilising a robotic system comprising an anthropomorphic
robotic hand, Shadow Dexterous Hand, coupled to a robotic arm, specifically the URS, to pre-
dictably provide the necessary dexterity for accomplishing the aforementioned tasks. Notably,
the research primarily focuses on controlling the robotic hand and optimising its performance to
achieve precise manipulation during the designated tasks.

Considering the goal of controlling the Shadow Hand, three kinematic retargeting are analysed
in detail: DexPilot, BiolK and TeachNET. These algorithms are specifically designed to replicate
the positions obtained from human hands within the robotic hand.

Based on the analysis and evaluation of the presented algorithms, DexPilot and TeachNET
proved to be more stable. Nevertheless, it was found that the instability observed with the BiolK
algorithm resulted from the acquisition method used, OpenPose. Additionally, an experimental
test involving 10 participants was conducted to assess the algorithms’ performance. The results
indicated that DexPilot exhibited the most favourable suitability for the wiring fitting task. How-
ever, the grasp position generated by this algorithm did not allow the clip insertion in its respective
location.

Consequently, considering all the existing limitations, it was designed a clip adapter to ensure
a larger grasp area for Shadow Hand and a novel algorithm was specifically designed. This new
algorithm involved commanding the robotic hand with predefined postures carefully determined to
optimise the hand’s ability to firmly hold the clip. Applying this method resulted in the successful
completion of the task at hand.

Considering the automotive painting quality inspection, thanks to the utilisation of a new
method for capturing the human hand position, namely MediaPipe, which demonstrated enhanced
stability compared to OpenPose, the BiolK algorithm was applied. Under this scenario, the BiolK

algorithm exhibited improved performance, thus validating the earlier assertion that the limitation
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resided in the acquisition of human hand data. This algorithm allowed a successful replication
of movements resembling those performed by a human operator during the paint quality inspec-
tion task. Hence, the task can be deemed as partially accomplished since project time constraints
did not allow for the accomplishment of the additional goal of effectively performing the quality
inspection.

In conclusion, it can be affirmed that the primary objectives have been achieved, as the desig-
nated tasks within the project were successfully implemented and demonstrated within a relevant

environment.

7.1 Future Work

In terms of prospects for enhancing the achievements of this dissertation, the following aspects

are worth considering:

» Exploration of alternative methods for acquiring keypoints from the human hand to enhance
accuracy and reliability. One viable option is the utilisation of a data acquisition glove, such
as the Shadow Glove, which comes with associated costs but offers potential improvements

in capturing hand movements;

* Incorporation of a sophisticated localisation system in order to allow the real-time correction

of the clip’s position and orientation before clipping;

* Addition of a sensory component, utilising the sensors incorporated in the Shadow Dexter-
ous Hand fingertips, to the automotive paint quality inspection process to ensure uniform

contact pressure throughout the whole inspection process;

* Development of a simulated environment resembling the real-world scenario, including the
clips and their corresponding clipping positions and the bonnet, enabling the implementation

of reinforcement learning algorithms in order to optimise the performance of the tasks;

* Integration of the effective inspection of automotive paint quality by incorporating DIGIT

SENSors.

Considering the application of the aforementioned points, it is undeniable that the proposed
approach would experience a substantial improvement in terms of capabilities and overall effec-
tiveness. Consequently, such advancements would propel the work to a significantly heightened

level of achievement and impact.
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7.2 Scientific Contributions

The main scientific contributions resulting from the research conducted throughout this dis-

sertation were the following:

* Publication of the paper “Deep Convolutional Neural Networks applied to Hand Keypoints
Estimation” in 2023 IEEE International Conference on Autonomous Robot Systems and
Competitions (ICARSC);

* Comparative analysis of the different kinematic retargeting algorithms utilising the real
Shadow Hand;

* Public availability of the source code generated during this dissertation.

To conclude, mention that the publication of the mentioned article resulted in an invitation to

submit an article to a scientific journal, namely "Journal of Intelligent & Robotic Systems".



70

Conclusions



Appendix A

Kinematic Retargeting Algorithms Test
Results
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