ahy

S,
FKTHY

% VETENSKAP
38 OCH KONST 2%

0 o

a%xﬁ ©

CONTEXT-AWARE HUMAN-ROBOT
COLLABORATION IN ASSEMBLY

HONGYI LIU

Doctoral thesis

Royal Institute of Technology

School of Industrial Engineering and Management

Department of Production Engineering TRITA-ITM-AVL 2020:34
SE-100 44 Stockholm ISBN 978-91-7873-594-5



TRITA-ITM-AVL 2020:34
ISBN 978-91-7873-594-5

Mr
HONGYI LIU
Doctoral thesis

Academic thesis, which with the approval of the Royal Institute of Technology,
will be presented for public review in fulfilment of the requirements for a Doctor
of Engineering in Production Engineering. The public review is held online with
Zoom on 2020-09-11 at 10am.



“The true delight is in the finding out rather than in the know-

”»

mg

— Isaac Asimov






Abstract

The PhD study is aiming to increase the accuracy and efficiency of human-
robot collaborative (HRC) assembly systems. To achieve this goal, four
main directions are investigated in this research. The first direction is HRC
assembly context recognition, which focuses on the identification and recog-
nition of relevant assembly context in the assembly environment. Valuable
knowledge can be captured through the assembly context to increase assem-
bly efficiency. The definition of assembly context is given, and recognition
algorithms are designed. The second direction is multimodal robot control.
Instead of coding, the possibility to control robots with multiple modalities
is explored. The algorithm to increase the recognition accuracy of multi-
modal robot control is developed. The third direction is human motion
prediction. Robots can be supported to anticipate and prepare for the hu-
man operator’ next move with an accurate and timely prediction of the
human operator’s motion. Two different approaches are explored to pre-
dict human motions during the assembly operation. The efficiency of HRC
assembly systems can be further boosted. The last direction of the study
is remote HRC. A special scenario of HRC is explored where a human op-
erator collaborates with a robot remotely. The scenario is investigated, a
possible solution is also provided. Along with the four directions, key al-
gorithms, system designs, and experiments are analysed. Furthermore, the
advantages, drawbacks, and future directions of the approaches are given.



Sammanfattning

Doktorand Studien syfte ar att 6ka noggrannheten och effektiviteten i human-
robot collaborative (HRC) monteringssystem. For att uppna detta mal,
fyra huvudinriktningar undersoks i denna forskning. Den forsta riktningen
dr HRC monterings kontext igenkénning, som fokuserar pa identifiering och
igenkdnning av relevant monterings kontext i monterings miljo. Véardefull
information kan fangas genom monterings-kontext for att 6ka monterings-
effektiviteten. Definition av monterings kontext anges och igenkannings-
algoritmer utformas. Den andra riktningen &r multimodal robotstyrning.
Istallet for kodning undersoks mojligheten att kontrollera robotar med flera
modaliteter. Algoritmen for att cka igenkdnningen noggrannheten for mul-
timodal robotstyrning utvecklas. Den tredje riktningen ar méansklig rorelse
forutsagelse. Rbotar kan stottas for att forutse och forbereda for de méanskliga
operatOrernas nasta drag med en exakt och snabb forutsagelse av méanskliga
operatorens rorelse. Tva olika tillvigagangssatt utforskas for att forutsidga
maénskliga rorelser under montering operationen. Effektiviteten hos HRC-
monteringssystem kan forbattras ytterligare. Den sista riktningen for stu-
dien ar fjarr HRC. Ett speciellt scenario med HRC utforskas dar en méansklig
operator samarbetar med en robot pa distans. Scenariot undersdks, en
mojlig 16sning tillhandahalls ocksa. Tillsammans med de fyra riktningarna
analyseras nyckel algoritmer, systemdesign och experiment. Dessutom ges
fordelarna, nackdelarna och framtida riktningarna for tillvigagangssatten.
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Chapter 1

Introduction

This dissertation studies the realisation of context-aware human-robot col-
laboration (HRC) in industrial assembly with a focus on the improvement
of algorithm accuracy and collaboration efficiency. This chapter starts with
an explanation of the research background and motivation. Following the
main problem formulation, the main objective and research questions are
given, the adapted research methodologies are summarised, thesis outline
is provided. Finally, the main research contribution of all the appended
papers is outlined.

1.1 Research background and motivation

According to the data from the United Nations, population ageing is already
a global phenomenon [1]. In 2019, the number of persons aged 65 years or
over is 703 million globally, which is 9% of the global population. It is pro-
jected that the number will be double to 1.5 billion in 2050, which is equal
to 16% of the global population. In manufacturing industries, consequently,
ageing workforce can result in human operator shortage and increasing er-
gonomic problems [2].

Industrial robots, on the other hand, have been increasingly important
in several manufacturing industries [3]. According to the report from the
International Federation of Robotics (IFR), the newly installed industrial
robots in 2018 reached 400,000 units, a 6% increase compared with last
year |4]. In the automotive and electronics industries, industrial robots can
work on dangerous, repetitive and ergonomically challenging tasks [5].

Recently, the concept of HRC assembly is a hot topic in robotics research.
Different from the conventional industrial robotic assembly systems, HRC
assembly systems can utilise the advantages from both human operators
and industrial robots [6]-[8]. In HRC assembly, human operators can be the
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team leaders and focus on interesting and problem-solving tasks, whereas
robots can perform dangerous and physically challenging tasks. However,
to achieve smooth collaboration between human operators and robots, there
are still technology gaps to be filled. The current HRC assembly systems still
suffer from problems such as low algorithm accuracy and low collaboration
efficiency . If the gaps are filled, robots and HRC assembly systems can
contribute to the fight against the ageing workforce challenges. The human
operator shortage problem and operator ergonomic problem can be solved.

1.2 Problem formulation

Assembly
Context
Recognition

Safe Human-Robot

§°'?°' Collaboration
ction

Operator
Motion
Prediction

Figure 1.1: Building blocks for future human-robot collaborative assembly
systems

To improve current HRC assembly systems, the author proposed a vi-
sion of the future HRC assembly systems, illustrated in Figure There
are three building blocks for an HRC assembly system: assembly context
recognition, operator motion prediction, and safe robot action. Assembly
context recognition refers to the recognition of relevant assembly context in
the assembly environment. Operator motion prediction refers to the reason-
ing and inference on human operators’ possible future moves, based on the
recognised assembly context. Safe robot action refers to the triggering and
operator-safe control of a robot, based on human operators’ possible future
moves. In such a vision, human operators can collaborate with robots safely
and efficiently, with support from accurate recognition algorithms.

Although the vision of future HRC assembly is clear, the development
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of HRC assembly systems is still at the beginning stage. To allow human
operators and industrial robots to work together in the same environment
at the same time, one of the prerequisites is the guarantee of human op-
erators’ safety. There have been many research efforts focused on active
collision avoidance between human operators and robots [9]—[13]. With the
active collision avoidance system, human operators can work in a collabo-
rative environment safely without jeopardising efficiency. Apart from the
development of safety systems, there are many different technological chal-
lenges that still need to be solved [8], [14], [15]. In the next sub-section, three
of the most important challenges of HRC assembly will be summarised.

1.2.1 Challenges of HRC assembly

1. Methodology of HRC assembly system design: for all research fields,
there should be a systematic analytical method that can support the
practitioner in overall thinking and study. For instance, design think-
ing can be the methodology for industrial designers, lean production
can be the methodology for production engineers. Due to the fact
that the HRC assembly research is still in its initial stage, no mature
methodology can be applied yet. HRC assembly systems involve much
more human-related uncertainties than traditional assembly systems
where everything is pre-programmed and hence under strict control.
The integration of human operators and robots in the same environ-
ment will be challenging.

In this dissertation, the author will explore a first step towards HRC
assembly system methodology.

2. HRC assembly system efficiency: the current HRC assembly systems
still suffer from low-efficiency problem. The assembly efficiency can be
lower than human assembly teams or robotics assembly teams. There
is critical capability missing in the current HRC assembly system.
There are very few sensors installed as well as intelligence algorithms
applied.

The author will explore context awareness, and human motion predic-
tion to improve the efficiency of HRC assembly systems.

3. HRC algorithms accuracy: similar to many digital systems that are
supported by real-time intelligent decision making, HRC assembly sys-
tems require the capability of handling sensor data input from different
modalities and formats. Specific algorithms need to be designed for
timely and accurate intelligent decision making.

In this dissertation, the author will propose and develop different al-
gorithms to improve the accuracy of HRC assembly systems.
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1.2.2 Problem statement

As summarised in the previous section, the development of HRC assembly
systems is still at its initial phase. The primary problem of HRC assembly
system research can be summarised as:

There is a lack of algorithm accuracy and collaboration efficiency in
current HRC' assembly systems.

1.3 Main objective and research questions

Given the problem statement, the main objective of the paper can be for-
mulated as:

To improve the accuracy and efficiency of HRC assembly systems.

Figure 1.2: Research questions and related papers

Following the main objective, the associated research questions are for-
mulated and presented as:

e Research Question 1 (RQ1): what is HRC context and how to perceive
HRC context effectively?

e Research Question 2 (RQ2): how to increase the accuracy of multi-
modal robot control?

e Research Question 3 (RQ3): how to predict human operators’ motion
to further improve the assembly efficiency?

e Research Question 4 (RQ4): how to achieve HRC lead-through re-
motely with efficient response?
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1.4 Research methodology

In this thesis, mainly two research methodologies are applied: systematic
literature review methodology [16], [17] and case study methodology [18], [19].

1.4.1 Systematic literature review

The definition of systematic literature review methodology is: ” A system-
atic, explicit, comprehensive, and reproducible method for identifying, eval-
uating, and synthesizing the existing body of completed and recorded work
produced by researchers, scholars, and practitioners” [20]. For all research
fields, research activities normally starts with the exercise of literature re-
view [16]. By conducting literature review, researchers can gain insight
into the research field, consolidate and even solve certain research ques-
tions. There are also several different approaches for literature review, such
as, systematic literature review, semi-systematic review, and integrative re-
view [20]. In this thesis, the author adapted the systematic literature review
method. The systematic literature review method can provide the possibil-
ity to identify all empirical evidences in the literature to understand and
answer specific research questions.

In this thesis, HRC is a novel topic in the research field of industrial as-
sembly. To understand the state-of-the-art technological approaches, there
requires a systematic review effort into the current literature in other re-
search fields such as computer vision and human-computer interaction. This
is especially applicable in Paper 1 where systematic literature review method
is applied. After a systematic literature review of different sensor technol-
ogy, gesture identification, gesture tracking, and gesture classification, Pa-
per 1 provides a clear view of the overall process flow of gesture recognition
for HRC. The paper can provide a solid foundation for the HRC research
in industrial assembly.

1.4.2 Case study methodology

The definition of case study methodology is: ”An empirical inquiry that
investigates a contemporary phenomenon within its real life context, espe-
cially when the boundaries between phenomenon and context are not clearly
evident” |21]. Case study methodology can facilitate the exploration and
understanding of a certain research question from multiple directions [18].
The case study methodology is especially applicable in new research direc-
tion when existing theories and methods are inadequate [21], [22]. There is
also an important design choice to make due to the natural focus of the case
study. The researcher should know exactly what is interested and design
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the case accordingly [23]. The difficult part of a case study is to lift the
investigation from a descriptive report into generated knowledge [22].

Chapter 1: Introduction
* Background ¢ Methodology
* Research questions * Contributions

[ Chapter 2: HRC
¢ Definition * Bottlenecks
¢ C(Classification

Chapter 3: ML Algorithms
* Classification * Algorithms

¥

Chapter 4: Context recognition * Paper1
* R h Question 1 »| * Paper3
esearc ! - Popurd
Chapter 5: Multimodal robot control |+ Paper1
* Research Question 2 "| « Paper4
Chapter 6: Human motion prediction + Paper2
* Research Question 3 » * Paper3
* Paper 6

Chapter 7: Remote HRC
* Research Question 4 sl

Chapter 8: Discussion and future work
* Discussions  Future works

L 2

Chapter 9: Conclusion
* Conclusion

Figure 1.3: Thesis outline

Due to the nature of the thesis, case study methodology is especially
applicable, as the HRC assembly is a new concept for industrial assembly,
and industrial assembly line setup is also not relevant for long-term academic
experiment and study. For most of the papers appended to the thesis,
the author designed case studies following the general steps: questions,
propositions, units of analysis, the logic linking the data to the propositions,
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and finally the criteria for interpreting findings.

1.5 Thesis outline

The outline of the thesis is shown in Figure[T.3] The corresponding chapters,
research questions, and the associated papers are summarised. In total, the
thesis consists of 8 Chapters. Chapter 1 is the introduction Chapter where
background is explained and objectives and research questions raised. Chap-
ter 2 reviews the related literature. Chapter 3 provides a summarisation
of the machine learning algorithms that are frequently used in the thesis.
Chapter 4 explores the HRC context and context recognition. Chapter 5
introduces the attempt to increase the accuracy of multimodal robot con-
trol. Chapter 6 discusses the possibility to improve HRC assembly efficiency
by human motion prediction. Chapter 7 analyses HRC in a remote setup.
Chapter 8 summarises the thesis and provides future research directions.
Chapter 9 gives a final conclusion.

1.6 Research contributions

In this section, the summaries of the contributions for all appended papers
are given.

Paper 1: gesture recognition in HRC related literature has been system-
atically reviewed. The three-steps algorithm process of gesture recognition
is identified. Different types of gesture recognition hardware are classified
and summarised. The algorithms for gesture recognition are also compared
and analysed. The key challenges and trends for gesture recognition in HRC
are provided. The paper contributes to the fundamentals for the future de-
velopment of multimodal HRC and context recognition.

In paper 1, the author mainly responsible for literature searching, liter-
ature analysis, data analysis, graph design and paper writing.

Paper 2: the author aims to propose and validate the possibility to im-
prove the efficiency of HRC assembly by predicting human operators’ motion
during assembly. The problem of human motion prediction in assembly is
formulated. A case study is conducted with the adaption of Hidden Markov
model (HMM) as the motion prediction algorithm. The result indicates
that human operators’ motion during assembly is predictable to a certain
extent. The paper is the first step in the research direction of human motion
prediction in assembly.

In paper 2, the author mainly responsible for literature review, method
design, experiment, data analysis and paper writing.
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Paper 3: a deep learning-based human motion recognition method is
proposed. The proposed method is based on the deep convolutional neural
network (DCNN) and transfer learning. The proposed method is tested with
a case study of assembly parts recognition and assembly motion recognition.
The human motion recognition method proposed in this paper can be used
to facilitate the human motion prediction method introduced in Paper 2.
The assembly parts recognition method can also be used as a method for
HRC context recognition.

In paper 3, the author mainly responsible for literature review, experi-
ment and part of the paper writing.

Paper 4: a multimodal fusion method is proposed to improve the ro-
bustness of multimodal robot control. The proposed method is based on
the fusion of multimodal neural networks. Data with different modalities
can be used as input for different neural networks, and the processed in-
formation can be further fused with the proposed method. Result of the
experiment shows that the multimodal fusion network outperformed single
modality networks. The paper provided the possibility to improve multi-
modal robot control recognition accuracy by multimodal fusion. Several
proposed methods can also be used for HRC context recognition.

In paper 4, the author mainly responsible for literature review, method
design, part of the experiment, part of the data analysis and part of the
paper writing.

Paper 5: a remote HRC system is proposed for hazard manufacturing
environments. The proposed system is following the idea of the cyber-
physical system. The system enables a human operator lead-through a
remote robot with a local collaborative robot. The system is designed in
four different modes to accommodate the different applications’ needs. The
proposed method is designed, implemented and tested.

In paper 5, the author mainly responsible for literature review, method
design, experiment, data analysis and paper writing.

Paper 6: a method for human operators trajectory prediction is pro-
posed. This paper closely followed the idea of Paper 2 and Paper 3. A
specially designed deep learning algorithm is developed to provide an ac-
curate prediction of human operators’ future motion trajectory. With the
knowledge of future human motion trajectory during assembly, the safety
and efficiency of HRC assembly systems can be further improved.

In paper 6, the author mainly responsible for method design, experiment
and part of the paper writing.



Chapter 2

Human-robot collaboration

This chapter covers an overview of current HRC research for industrial
assembly. The definition, classification, and bottlenecks of current HRC
research is summarised.

2.1 HRC definition

Traditionally, in robot assembly stations, there is no human operator al-
lowed in the assembly cell. Robots are pre-programmed, assembly parts are
precisely placed. Robots should follow the exact plan of execution. The
traditional robot assembly stations enjoy advantages such as high efficiency
and reliability. On the other hand, in human assembly stations, no robot
is deployed. Human operators can collaborate and follow the assembly in-
structions flexibly to some extent. As a result, the human assembly stations
perform better in tasks that require hand-eye coordination and haptic feed-
back, as problems during assembly can be solved instantly.

While combining the advantages of both human operators and robots,
HRC aims to achieve better efficiency by seamless collaboration between
human operators and robots. The concept of HRC in industrial assembly
can be defined as: human operators and robots share and execute tasks
according to their capabilities at the assembly line. The basic setup of HRC
for assembly discussed in this thesis is illustrated in Figure There is a
robot, a human operator, an assembly station, assembly parts and several
sensors in the illustration. The human operator can instruct and code the
robot intuitively with multi-modalities. The assembly context, such as,
assembly parts, human operator’ activities, assembly situation is constantly
monitored by sensors and understood by the robot. Thus, the assembly
context is transparent for both the human operator and the robot. The
possibility to predict the human operator’s next motion enables the robot
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Sensor

Human
operator

Assembly
parts

Figure 2.1: Tllustration of an HRC setup in industrial assembly environment

to anticipate and better collaborate with human operators, under the same
plan of assembly execution. Finally, the above-mentioned hardware and
software functionalities should be integrated, data should flow freely and
timely, algorithms should be efficient and accurate.

2.2 HRC classification

HRC systems may be classified differently according to different focuses
and methods. Many recent papers presented new efforts to classify HRC
systems [8], f. The classification efforts can be summarised into two
directions: classify on technical aspects and classify on the human-robot
team:

e (lassify on technical aspects:

One of the classification approaches summarised current HRC sys-
tems into three levels: safety, coexistence, and collaboration, where
safety level is the fundamental basics, coexistence level provides addi-
tional technical features such as task sharing, and collaboration lev-
els involve complex technical features that require coordination and
interaction [25], [27]. Another classification approach classified the
different types of HRC systems by practical functionalities . The

10
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HRC systems are classified into four types: safety-rated monitored
stop, hand guiding, speed and separation monitoring, and power and
force limiting. The four types of HRC systems require drastically dif-
ferent technical features. The consequences are that different types of
HRC systems can provide different functionalities.

e Classify on human-robot team:

Recent literature classified HRC systems with a focus on the HRC
team instead of technical aspects. The classification effort included
both human operators and robotic systems. One of the approaches
classified the HRC teams according to teams’ compositions and team
roles [26], [28]. The classification is done according to: firstly, the role
of leader and follower, and secondly, the size of the team and their
working relations (working alone or collaborating) in the team. A
recent comprehensive approach also classified the human-robot rela-
tionships according to the shared different elements [8]. The shared
elements are summarised as: workspace, direct contact, working task,
resource, simultaneous process, sequential process. By identifying the
shared elements, four different levels of collaboration (coexistence, in-
teraction, cooperation, collaboration) are classified accordingly.

Technical features Low-level | Medium-level | High-level
Active collision avoidance vV
Task sharing Vv
Human tracking vV

Assembly context recognition
Multimodal robot control
Task re-planning
Human motion recognition
Human motion prediction

L
L

Table 2.1: Technical features in different efficiency levels of HRC assembly
systems

In this thesis, the author will combine the above two approaches and
provide a classification by adding a metric for comparison. The classifica-
tion will still be done to focus on the HRC technical aspects. To be more
specific, the author will classify the HRC assembly systems according to
the attribute of HRC technical features using the metric of overall system
efficiency. The author evaluates the HRC systems and their related tech-
nical features according to the efficiency of the overall system. The HRC
technical features are classified into three types, as shown in Table

11
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o Low-level systems: for HRC systems with low-level efficiency, the over-

all assembly efficiency is expected to be lower than human assembly
teams. Technical features such as active collision avoidance, task shar-
ing, and human tracking can track human operators and provide a
shared safe working environment. Human operators can work safely
alongside robots. Robots can be pre-programmed to share the task
of heavy parts handling, human operators’ ergonomic load can be re-
leased.

Medium-level systems: for HRC systems with medium-level efficiency,
the overall assembly efficiency is expected to be lower or similar to
human assembly teams. Technical features such as assembly con-
text recognition, multimodal robot control, task re-planning, and mo-
tion recognition can further improve collaboration efficiency. Beyond
safety, human operators can instruct robots to conduct simple tasks
with intuitive multimodal commands and assembly context recogni-
tion. Assembly context such as assembly parts and tools can also be
recognised by robots. The recognition of assembly context can enable
the capability such as automated assembly parts picking. The possi-
bility to re-plan the tasks can also improves assembly efficiency and
flexibility.

High-level systems: for HRC systems with high-level efficiency, the
overall assembly efficiency is expected to be higher than human as-
sembly teams. Technical features such as human motion prediction
are provided. With the possibility to predict the human operator’s fu-
ture motion, the robots can further improve assembly efficiency with
corresponding reactions. The technical features in high-level HRC
systems will be more in the future to further boost the efficiency of
HRC assembly systems.

2.3 HRC bottlenecks

In this section, the author will summarise the bottlenecks for the current
HRC assembly systems. The bottlenecks will be described with a focus on
the following two aspects: accuracy and robustness.

2.3.1 Accuracy

One of the main bottlenecks for current HRC systems is the recognition

accuracy of the algorithms [25], [29]-[31]. Due to the industrial robots’ ex-
treme accurate mechanical control, in traditional fenced robotics assembly

12
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work stations, there is no accuracy issue. In human assembly work sta-
tion, the assembly sequences are defined and tested perfectly, the human
operators can simply follow the pre-defined routines and execute assembly
tasks. Human operators also have the excellent soft touch and hand-eye
coordination skills. The neural sensory-motor and the touch feedback loop
can greatly increase the required accuracy.

Whereas in HRC assembly systems, human operators and robots are
co-located in the same environment. Collaborative tasks are expected to
be done together by human operators and robots. Since human operators
are now added in the assembly loop, many robot assembly sequences and
tasks cannot be predefined as before. Human operators can still perform
similar tasks at the same accuracy level as before, while robots are required
to execute more collaborative tasks together with human operators. The
new requirement is that robots have to improve the sensory-motor feedback
capabilities to adapt to the new changes. In order to work alongside hu-
man operators, human-level sensory recognition accuracy is required. For
example, precise assembly parts recognition and localisation, precise human
intention estimation, and precise haptic feedback. Much work has been done
on this topic in the relevant research field, the accuracy issues are not yet
fully solved. New sensors, algorithms, and methodologies are needed.

2.3.2 Robustness

Another fundamental restriction for current HRC systems is the lack of
system robustness [29], [32]-34]. The robustness problem can be reflected
from the following two different directions:

e HRC safety:

It is straightforward that system robustness issues can result in prob-
lems such as human safety. The robustness problem of the safety
system is the most crucial problem that can happen in HRC assem-
bly systems. The consequences of an unreliable safety system are
catastrophic. The potential solution can be the improvement of sen-
sor reliability, and redundancy [25], [35], [36]. For instance, since
2D sensors can be sensitive to light and dust in an industrial set-
ting, researchers have suggested using multiple sensors in the same
area to ensure safety with redundancy [36]. It is also important to
standardise the safety practice for HRC assembly systems [25], [36].
For instance, one of the recent ISO standard: ISO 10218-1/2 [37],
[38] provides clear guidelines for the safety of HRC assembly systems.
There are four collaborative operative modes identified by the robot
safety standard: Safety-rated Monitored Stop, Hand Guiding, Speed
and Separation Monitoring, Power and Force Limiting [25].

13
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e Recognition efficiency:

Robustness issues can also contribute to the lower system recogni-
tion efficiency for HRC assembly systems. Even if the machine learn-
ing algorithms can provide accurate prediction, the prediction still
can be affected by sensor reliability, and recognition algorithm limita-
tions [25], [39]. For instance, the recognition model is not well trained
with adequate training dataset, where some of the examples used in
the real assembly environment are not included in the training dataset.
Although the recognition model is perfectly trained, the recognition
efficiency can be significantly reduced. For such issues, the develop-
ment process of HRC assembly systems’ recognition models should be
further standardised and optimised.



Chapter 3

Machine learning algorithms

The thesis greatly depends on machine learning algorithms. For most of the
research questions and in most of the appended papers, machine learning
algorithms have been adapted as the algorithm for data-driven decision-
making tool. In this chapter, the author will provide an analysis of some of
the most commonly used machine learning algorithms.

Supervised Discriminative DL
ML models Unsupervise/d Generative // Non—]/)L
K-means [40] Unsupervised Generative Non-DL
KNN [41] Supervised Discriminative | Non-DL
SVM [42] Supervised Discriminative | Non-DL
HMM [43] Supervised Discriminative | Non-DL
Random Forest [44] Supervised Discriminative | Non-DL
XGBoost [45] Supervised Discriminative | Non-DL
CNN [46] Supervised Discriminative DL
RNN [47] Supervised Discriminative DL
LSTM [48] Supervised Discriminative DL
Naive Bayes [49] Supervised Generative Non-DL
GMM [50] Supervised Generative Non-DL
GANSs [51] Semi-Supervised Generative DL

Table 3.1: Common machine learning models and classification

3.1 Algorithms classification

Machine learning enables a computer to understand the underlying patterns
from a given dataset. In this section, the author starts with a comparison
of machine learning models with different classification criteria. Following

15
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the comparison, different machine learning models will be introduced and
reviewed in the following sections.

A X1 A X1

Label1 ©
Label2 ®

[ o0 a A A
a
e ® = 0o ® %o a &, ad aa
[ ° a
8 oo ° a a
-] X Iy
X2 X2
A - A -
» »
(a) (b)

Figure 3.1: Comparison of input data for learning models: (a) dataset for
supervised learning models, (b) dataset for unsupervised learning models

Common machine learning models are listed in Table 3.1} The machine

learning models can be classified according to different criteria:
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e Supervised learning model and unsupervised learning model [52]: su-

pervised learning models are the most common type of machine learn-
ing models, which needs training data with corresponding labels. As
shown in Figure a), the input data of a supervised learning model

is similar to:
{(Ilayl)a (I2ay2) (xnvyn)} (31)

whereas unsupervised learning models can learn the structures or pat-
terns from input data without corresponding labels. As shown in Fig-
ure b), the input data of unsupervised learning models is similar
to:

{xl, z? ... a"} (3.2)

In HRC assembly systems, most of the adapted machine learning mod-
els belong to supervised learning type. In this chapter, the author will
mainly focus on the supervised learning models.

Generative models and discriminative models [53]: generative models
classify dataset based on the relation between features input and the
generation of the result. By utilising Bayes rules, generative classifiers
learn the model of joint probability p (z,y) and calculate p (y | z) to
get the most likely y, where x is the input data and y is the class
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label. While discriminative models classify data by just learning the
decision boundaries. The input x is mapped to class label y directly.
Both generative and discriminative methods are commonly used in
HRC assembly systems.

e Deep learning models and non-deep learning models: a recent ad-
vancement in the machine learning field is the emerging of deep learn-
ing models . Deep learning enables performance improvement by
learning through the deep representations of a given dataset. Com-
pared with other machine learning models which require domain-
specific expertise to extract features before classification, deep learning
models offer flexibility and adaptability to model nonlinear patterns by
combining the feature extractor and classifier with deep neural net-
works . Popular algorithms are Convolutional Neural Networks
(CNN), Recurrent Neural Networks (RNN) and Generative Adversar-
ial Nets (GANs). It is worth to notice that deep learning models do
not guarantee better performance than other models. However, the
manual works required in the learning process are reduced. The com-
parison of normal machine learning models and deep learning models
are shown in Figure

Input Data
Feature Extraction Classification Output Result

(@)

Input Data

Deep Network Architecture
(b)

Output Result

Figure 3.2: Comparison of learning processes: (a) normal machine learning
models, (b) deep learning models. Adapted from

Start from the next section, some of the most commonly adapted ma-
chine learning models in the thesis are introduced.

17
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3.2 Support Vector Machine

Figure 3.3: Example of Support Vector Machine .

As shown in Figure Support Vector Machine (SVM) is a discrim-
inative classifier defined by a separating hyperplane . Classification
decision boundaries are identified by maximising a margin distance. The
optimal separation hyperplane maximises the decision margins of training
data. The data points closest to the optimal hyperplane are called support
vectors. The support vectors decide the margin length. As shown in Fig-
ure [3.3] the support vectors are solid points filled with colour. Kernel trick
was introduced by Scholkopf . Kernel trick enables linear SVM in non-
linear situations. Kernel trick can transform low-dimensional training data
into high-dimensional feature space with nonlinear methods, as expressed
in Equation |3.3

!
f(z) = sign (Z vk (x,m) + b) (3.3)
i=1

where v; is computed by the solution of a quadratic programming problem,
k(z,x;) is the kernel function. Different classification problems require
different kernels. A common problem for SVM is that the number of support
vectors grows linearly with the size of the training sets. Some researchers
proposed Relevance Vector Machine (RVM) to solve the problem . The

18
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RVM solves the problem within a probabilistic framework. RVM algorithm
is proven to be more parsimonious than the SVM algorithm.

3.3 Hidden Markov Model

Figure 3.4: Example of a Hidden Markov model.

Hidden Markov model (HMM) is a statistical Markov model with hidden
states. It is based on the Markov chain assumption . The states in HMM
is not observable. The hidden states have different transition probabilities.
The output generated from the states is observable. Each state has a prob-
ability distribution of generating different outputs. As the example shown

in Figure an HMM can be defined from the following elements :

e The states are denoted as S = {s1, 82, -+, sy}. N is the number of
states in the model. The state sequence is @ = {q1,q2, - -, q:}. The
state at time ¢ is g;.

e The observation symbols are denoted as V' = {vy,va, -, vpr}. M is
the number of distinct observation symbols per state. The observation
sequence is O = {01,092, -+, 01 }. 0; is the observation at t.

e The state transition probability distribution is A = {a;;}, where
aij =P (g1 =38 | @t =si),1 <4, <N (3.4)
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o The observation symbol probability distribution is B = {b; (k)}, where

bj(k)=P(os=vi | gt =5;),1<j<N,1<k<M (3.5)

e The initial state distribution is 7 = {m;} where

It is possible to summarise from the above that a complete HMM re-
quires the specification of parameters N and M, observation symbols, and
probability measures A, B, and 7. A compact notation is introduced to
indicate the complete model parameters:

A= (A, B,7) (3.7)

As introduced by Rabiner [43], three fundamental problems can be
solved by HMM in applications:

e Given observation sequence O = {o01,09, - -,0;} and a model A =
(A, B,7), how to compute the probability of the observation sequence
P(O|N);

e Given observation sequence O = {01,092, --,0:} and a model A =
(A, B, ), how to choose the optimal state sequence @ = {q1,q2," - -, gt };
and

e How to adjust model parameters A = (A4, B, ) to maximise P (O | A).

3.4 Convolutional Neural Network

Convolutional Neural Network (CNN) is an emerging and fast-growing branch
of deep learning [46], |58]. As introduced at the beginning of this chapter,
CNN provides convolutional layers that replace the feature extraction pro-
cess. Fully connected dense layers provide classification capabilities that
further classify the features extracted by convolutional layers into target
categories.

An example of the CNN network is shown in Figure[3.5] After receiving
input data, a max-pooling layer is applied as the first layer to down-sampling
the input data by selecting the maximum value of a given data subset. The
second layer takes the output of the first layer as input. The second layer is
a convolutional layer, which filters the input data by convolutional kernels
and outputs the extracted features. After another max-pooling layer as the
third layer, two fully connected dense layers are applied as the fourth and
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Max Pooling

Convolution

» y /
AN - /
N /
N /
\ /
N /

_>D
_>A

N 5\ —

Input Data
Deep Network Architecture Output Result

Figure 3.5: Example of Convolutional Neural Networks.

fifth layer of the network. The fully connected dense layers receive and
map the extracted features to the output categorical labels. In summary,
compared with other models, CNN is a supervised learning model that is
capable of achieving acceptable results without careful features design and

engineering [46].

3.5 Long Short-Term Memory

Long Short-Term Memory (LSTM) is a special type of Recurrent Neural
Networks (RNN) which is suitable for learning long sequential data. Com-
pared with basic RNN, LSTM is capable of learning the long-term dependen-
cies from input data . LSTM provides cell states and gates mechanism.
With the input gate, the forget gate and the output gate, LSTM allows re-
current networks to selectively remember or forget information. This design
increases the possibilities to remotely link the causes and effects.

As shown in Figure a), LSTM model is formed by cells. Within a
cell, several different mechanisms are designed to achieve the LSTM func-
tionalities:

e Forget gate:
fr=0 Wy [hioy, 2] + bf) (3.8)
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1+1

t-1

A&

@

Figure 3.6: Tlustration of LSTM model: (a) LSTM model example with
three cells. (b) forget gate. (c) input gate. (d) output gate. Adapted
from 48]
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Forget gate is used for deleting useless knowledge from the previous
outputted cell state. In equation @ h;_1 is the hidden state from
the previous cell. z; is the input to the system at time ¢t. Forget gate
architecture is also shown in Figure b).

Input gate:
it =0 (WZ . [htfl,.%‘t] + bl) (39)

Cy = tanh (W - [hy_1, x¢] + bc) (3.10)

Input gate is used for adding useful knowledge into the current cell
state. Equation [3.9| outputs 4; that applies a sigmoid function to reg-
ulate the values to be added to the current cell state. Equation |3.10
provides all possible values that can be added to the current cell state
by a tanh function. Input gate architecture is also shown in Fig-

ure c)

Output gate:
Ot =0 (WO . [htfl,l't] + bo) (311)

ht = oy x tanh (Cy) (3.12)

Output gate is used for generating output that selects from useful in-
formation in the current cell state. o, is generated by equation |3.11
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that utilises the previous hidden state h;_; and the current input
x¢. Then, an output is generated by equation [3.12] which multiplies
a regulatory with o;. Output gate architecture is also shown in Fig-

ure [3.6(d).

Finally, the new cell state is calculated by:
Cy=fi*xCiy +1iy % Cy (3.13)

where C; is the new cell state, C;—1 is the old cell state, f; is the output
from forget gate, i; and C; are the output from input gate.
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Chapter 4

HRC context recognition

In this chapter, the author will explain the HRC context, and the related
recognition method. This chapter forms the response to RQ1.

4.1 Assembly context recognition

As mentioned in Figure[l.1] context recognition is one of the building blocks
of future HRC assembly systems. The environments that human operators
and robots work together provides a special co-working context. The con-
text can include different information such as: assembly parts, assembly
tools, human motions, and assembly sequences, etc. In a teamwork environ-
ment, a human operator can perceive all the mentioned context information
easily by visual observation, while robots could not understand any of the
mentioned context information without sensors and recognition algorithms.
If the robots can perceive the collaboration context effectively, the robots
will be supported with knowledge such as: timely locate the right tools or
assembly parts. The overall HRC team efficiency can be improved, and
teamwork between human and robot can be smoother.

Assembly context recognition:

—.
Sensor input Knowledge
*  Operator motion recogniton |—————»

Assembly parts recognition
Assembly tools recognition

¢

A

Figure 4.1: HRC context recognition

In this chapter, the author will explore the possibility to effectively recog-
nise HRC context information. As shown in Figurd4.T] the input for the as-
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sembly context recognition is sensor data. The output of assembly context
recognition is knowledge for HRC assembly system. The human operator is,
without doubt, the most important part of an HRC assembly system. Even
performing the same task, the motions of different human operators can
be significantly different. Therefore, the human operator’s motion is one of
the most important assembly context, as the human operator’s motion indi-
cates the stages of assembly. Moreover, the different assembly scenarios also
introduce different ergonomic challenges such as assembly parts and tools
pickup. For the possibility of automatic assembly parts and tools pickup,
the assembly parts and tools are also considered as part of the assembly con-
text. In summary, this chapter will explore assembly context recognition of
operator motion recognition, assembly parts recognition and assembly tools
recognition.

4.2 Transfer learning

Since the sensor applied in this research is a normal video camera, the
dataset is in the format of video clips. There are several different sequence
recognition models mentioned in the previous chapter that can be deployed
to recognise body motions from the video clips. An efficient approach is to
process images instead of videos, to slice the video clips into images to down-
sample the dataset. The author will eventually need to train two specific
neural networks for the two recognition tasks: human motion recognition,
and assembly parts and tools recognition.

Dataset Preparation Representation Extraction Classification
AL A AL

( 1 ( 1 1

—
Partl

Part2
Part3
Tooll

Tool2
Pre-trained Dense ——
network layer

Classification
Result

Figure 4.2: Nllustration of transfer learning approach for assembly parts and
tools recognition
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To maximise efficiency, transfer learning approach is applied in this chap-
ter. Transfer learning can reuse knowledge from other models. The training
cost on a similar dataset can be greatly reduced. As mentioned, video clips
can be sampled into image sequences, it would be possible to utilise transfer
learning to recognise body motion, assembly parts and assembly tools from
video clips. The basic idea of transfer learning is shown in Figure

Transfer learning approach, in general, can be defined by four funda-
mental elements: a domain Z, a task 7, a learning source S, and a target
source T [59], [60]. The domain Z consists of feature space X and marginal
probability distribution P(X). Given a domain Z = {X, P(X)}, the task is
T ={C, f ()}, where C is a label space, and f (-) is a predictive function.
The predictive function can be trained from a training dataset {(Xj, ¢;)}i;,
where n is the total number of training samples. The learning effort for the
target predictive function fr (-) applied in the target domain Zy can be
greatly reduced with the utilisation of the knowledge transferred from the
source domain Zg and the source task Tgs.

Figure 4.3: Assembly part (left) and car engine after assembly (right)

In the specific case of body motion recognition, assembly parts and tools
recognition, the author adapts AlexNet. AlexNet is developed by Alex
Krizhevsky and trained with 1.2 million images of 1,000 different categories
in the ImageNet dataset [46]. AlexNet has demonstrated superior perfor-
mance in image-related tasks by greatly improve classification accuracy.
The AlexNet f4 (-) is trained from Zg and Tg. In both cases, the sequences
of pre-sampled images can be sent through the pre-trained AlexNet f4 (),
to extract the knowledge represented. After the feature extraction process,
the representation of the training dataset can be denoted as r5: (XZ»B; 931)
where §P1 is the parameters transferred from fs(-) and X7 denotes the
relevant training samples. Then, two fully connected layers are added to
further train the target function fr (-). To minimize overfitting, a 'Dropout’
function is employed. The 'Dropout’ function can randomly drop neurons
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out of the neural network. After the 'Dropout’ function, the network is
further classified by minimising the cross-entropy loss, before being fed into
a 'Softmax’ layer for normalisation [55]:

n

: f..B1 (yB.pB ,
WI}}}QI}31 - E(softmax (WP (X7;671)) ,cl> (4.1)

where W7 is the weights, ¢; is the labels. Detailed expiation of AlexNet can
be found in Paper 3.

Figure 4.4: Example of different assembly motions. (a)grasping. (b)holding.
(c)assembling.

4.3 Experiment

To evaluate the proposed context recognition approach, a case study using a
car engine is designed. A large plastic part and four small control plugs will
be assembled and fastened by screws on a car engine, shown in Figure [£.3]
The assembly process was performed by an operator and recorded by a
video camera. The video will then be processed and feed to the trained
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Figure 4.5: Learning curves of the two neural networks

neural networks to recognise the designed assembly motion and assembly
parts and tools.

To collect training dataset, images are taken for different motions and
assembly parts and tools, an example of the assembly motions are shown
in Figure [£.4] There are three categories of assembly motions: grasping
(Figure ), holding (Figure ), and assembling (Figure ) The
assembly tools and parts have three categories as well: large part, small
part and screwdriver. To make sure the dataset provide enough variety,
10 images were taken under different angles and conditions for each part
or tool. 10 different images were also taken with different combinations of
motions and parts/tools. The neural network trained for parts and tools
will be utilised to identify the exact part or tool after the assembly motion
recognised.

The author applied 80%-20% split for the images captured, 80% were
used for training, 20% for testing. The curves of learning for both human
motion network and parts/tools network are shown in Figure It can be
observed that both of the proposed neural networks reached 100% after only
a few iterations. The two neural networks were then used to process video
images after the training. In total, there were 4485 frames (25 frames per
second, 180s in total) of videos captured, 20% of the frames are sampled for
evaluation. The result of operator motion recognition is shown in the top
row of Figure [f.6] Within the 897 test frames, 30 frames were misclassified
(shown as the peaks in Figure , leading to a classification accuracy of
96.6%. It is worth to notice that most of the misclassified samples clustered
during the transitions stages, which might be the causes for uncertainty. It
is further noticed that the motion of grasping is always followed by holding
and assembling. There is a typical pattern here in the assembly process. In
the bottom row of Figure the result of parts and tools recognition is
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Figure 4.6: Examples of video frames recognition: motion recognition (top);
parts and tools recognition (bottom)

shown. It can be observed that large or small parts are normally recognised
for 8-15s, when the human operator is also recognised as working with the
large part for the entire sequence of grasping, holding and assembling, in
around 3-19s. After around 85s, only one holding position was captured
during the period of time, when the operator is using the screwdriver.



Chapter 5

Multimodal robot control

In this chapter, the author will explain the improvement of accuracy for
multimodal robot control. This chapter provides the response to RQ2.

Body posture Hand motion Voice command

Body posture Hand motion Voice command
dataset collecting dataset collecting dataset collecting

Body posture Hand motion model Voice command
model training training model training

Voice command
real-time
recognition

Body posture real- Hand motion real-
time recognition time recognition

Buissadoud ejep Sujuies) dsaqg

Control information fusion

Robot control interface

Robot controller

Figure 5.1: Example flowchart illustration of multimodal HRC
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Figure 5.2: Gesture recognition for HRC

Normally, human operators can use control codes to command an in-
dustrial robot with a programming-based user interface. However, future
Industry 4.0 and HRC workstation requires a more flexible and intuitive
way to control an industrial robot. A recent development in this direction
is multimodal HRC: multimodal control interface towards intuitive control
of an industrial robot. Multimodal robot control can provide human opera-
tors with intuitive ways to control the industrial robot. Thus, the industrial
robot can dynamically adapt its task plan to collaborate with human oper-
ators in the same collaborative environment. The basic idea of multimodal
robot control is illustrated in Figure An example of multimodal HRC:
the process flow of gesture recognition for HRC is shown in Figure

However, the quality of sensors for multimodal robot control still can not
satisfy the industrial standards, and the recognition accuracy of the algo-
rithms are also limited , . Hence, multimodal HRC systems are still
in the laboratory stage and cannot be directly adapted in the manufacturing
industry. A simple solution is to add more modalities into the system and
use the combined results to increase accuracy. However, information fusion
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is a challenge. If the information is well fused from different modalities’
sensors, the accuracy of the system can be further improved.

5.2 Multimodal fusion

In this section, the author will provide a solution to solve the limitations.
As introduced in previous chapters, deep learning algorithms have demon-
strated great potential to improve accuracy in pattern recognition related
tasks. Recent deep learning research also demonstrated great potential
in multimodal fusion [62]-[65]. If the recognition algorithm for individ-
ual modalities is also embedded in neural networks, the multimodal fusion
then can further identify the hidden patterns within the high dimensional
multimodal dataset. The result will be more accurate than the result of any
single modalities. Thus, comprehensive decisions for accurate multimodal
HRC can be possible.

The multimodal HRC problem can be formulated as a multi-class clas-
sification problem. D represents the dataset collected from sensors. The
dataset provide m samples from the feature space and class label space
X x C, represented by D = {(Xj,¢;)}~,. X is the feature vectors where
X; = {x1, 2, ...,z } and c is the categorical labels with k different cate-
gories. Xj is connected to a certain categorical label ¢; according to the
underlying function f : X; — ¢;.

The goal is to find a classifier g from the hypothesis space H that can
approximate function f. The error J can be measured by repeatedly ap-
plying the classifier g on the dataset D. Thus, the optimisation problem
can be formulated:

min Jo(9) (5.1
where
Tolg) = = > Hg(Xe) # i} 52

where I is characteristic function.

The brief process of multimodal fusion is illustrated in Figure The
process starts with corresponding unimodal datasets collected from sensors,
following unimodal representation extraction, at last, multimodal represen-
tation concatenation and classification. The three unimodal representations
are: 1° (Xf;@s), rH (XiH;HH), and rB2 (XiB;HBQ), where X7, XH | and
X5 represent the three different training samples from different sensors.

6%, 91, and 52 are the parameters from three unimodal neural networks.
In the concatenation step, the three unimodal neural networks are fused by
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Figure 5.3: Illustration of multimodal fusion
a concatenate function F:
g:F(rS(XiS;95),7“H(X1<H;HH),TBQ(XiB;HB?)) (5.3)

where G is the overall representation after multimodal fusion. The fused
representation is trained through another layer of fully connected neural
networks. Finally, the network is connected to a ’Softmax’ function:

min iﬁ(softmaa:(WFg),ci> (5.4)
1

WF .95 ,0H ¢B2 4
1=
where W is the weights. Further details of the multimodal fusion can be
found in Paper 4.

5.3 Experiment

In this section, the accuracy improvement for multimodal robot control is
implemented and tested.
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(a) (b)

(©) (d)

(e) ()

Figure 5.4: Visualised MFCC representation of speech commands. (a) Left.
(b) Right (c¢) On. (d) Off. (e) Up. (f) Down.

5.3.1 Multimodal datasets and pre-processing

To test the proposed multimodal fusion method, the author constructed a
multimodal dataset that consist of 3 different modalities: speech command,
hand motion recognition, and body motion recognition. For each of the 3
modalities, 6 different label categories are defined: left, right, on, off, up,
and down. The visualised speech commands and hand motion commands
are shown in Figure [5.4] and Figure [5.5

e Speech command dataset: the author selects the speech command
dataset from a commonly used public speech dataset . The public
dataset provides over 65000 audio recordings of more than 30 words.
The total number of the selected dataset is 14178. In the audio wave-
form, the audio data is a 1-D vector of signals. The author prepro-
cessed the audio data into a 2-D matrix of mel-frequency cepstral co-
efficient (MFCC) vector [67]. Therefore an audio data can be treated
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(e)

Figure 5.5: Visualised hand motion commands. (a) Left. (b) Right (¢) On.
(d) Off. (e) Up. (f) Down.

as a single-channel image, as shown in Figure

Hand motion dataset: the hand motion dataset is collected by an HRC
sensor, Leap Motion Controller [68]. The Leap Motion Controller
can track the direction and orientation of hand joints (metacarpal,
proximal, intermediate, distal and the tips of five fingers) and bones
in 100Hz frequency. In total, 64 hand motion features are collected in
each time step. The dataset includes 1183 sequences of hand motions
with the six different categorical labels. The collected hand motion
data is showed in Figure 5.5

Body motion dataset: the body motion dataset is collected by normal
video cameras. The collected video clips are further processed into
sequences of images, which consists of 1379 body motion data with
six categorical labels. The sequences of images are further processed
by Inception-v3 [69] pre-trained model. The representation after the
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process is used as the input data for multimodal fusion.

5.3.2 Multimodal fusion

Accuracy
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e
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4 Networks fusion with trainable weights
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[° o o Networks fusion with non-trainable weights
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Epoch
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b o o Networks fusion with non-trainable weights
R

Figure 5.6: The multimodal fusion training process comparison with train-
able and non-trainable weights. (a)training accuracy for multimodal fusion.
(b)training loss for multimodal fusion.

In the multimodal fusion, the three modalities, speech command, hand
motion and body motion are first trained with unimodal neural networks.
Representations can be then extracted with the second-last layer of each
of the three unimodal neural networks. The representations are further
concatenated and fed into another layer of fully connected neural network,
resulting in a neural network shown in Figure [5.3
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It is worth to notice that the multimodal fusion process can be trained
in two different ways: to mark the weights of the network ”trainable”
(can change network weights) or "non-trainable” (cannot change network
weights). If the network weights are trainable, the weights of the whole net-
work can be changed. If the network weights are non-trainable, the network
weights in unimodal models will be fixed and only the weights in the mul-
timodal fusion layer can be updated during the multimodal fusion training
process. The training process with trainable and non-trainable weights are
shown in Figure [5.6

5.3.3 Result comparison

1.0
right

left 4
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True label
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$§ @ S &S S Q

Predicted label

Figure 5.7: Confusion matrix of the multimodal fusion neural networks.

Model | Speech command | Hand motion | Body motion | Fused
Accuracy | 93.83% 98.24% 95.95% 99.58%

Table 5.1: Test accuracy of unimodal and multimodal neural networks.

Figure [5.6] presents the multimodal fusion training process with train-
able and non-trainable weights. As can be seen from Figure a) and Fig-
ure (b), the accuracy and the loss of the multimodal fusion with trainable
weights converge much faster than with non-trainable weights. Both neu-
ral networks eventually converged to around 98.07% in training accuracy
and 0.0496 in loss. As shown in the multimodal fusion neural network
provides 99.58% accuracy on the test dataset, which is a significant improve-
ment compared with the three unimodal neural networks. The confusion
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©) (d)

Figure 5.8: t-SNE visualisations of the test dataset after classification, the
six different colours represent predicted different labels. (a)speech command
model. (b)hand motion model. (c)body motion model. (d)fused model.

matrix of the multimodal fusion neural network is shown in Figure[5.7] The
multimodal fusion neural network provides an accuracy of 100% in almost
all labels except that in the label right. The same misclassification can
also be found in Figure [5.8 The quality of test dataset might contribute
to the miss-classification. Further analysis can be found in Paper 4 and
Section

In Figure[5.8] the author visualised the hidden representations of the test
datasets after classification by the four neural networks using t-SNE
method. The hidden representations can reflect the hidden distributions of
the test dataset. The trained neural network can extract the hidden repre-
sentations if it is well-trained with knowledge. Each plotted test dataset cor-
responds to its trained neural network. For example, the speech command
neural network (Figure ) is applied to the speech command dataset to
extract the hidden representations. In Figure [5.8] each plotted point rep-
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resents a data point from its corresponding test dataset, the six different
colours represent six categorical labels. It can be confirmed that the multi-
modal fusion representations are better separated, compared with the result
of the other three neural networks. The multimodal fusion neural network
outperforms the three unimodal neural networks.
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Chapter 6

Human motion prediction

In this chapter, the author will explain the concept of human motion pre-
diction to improve efficiency in HRC assembly systems. This chapter intro-
duces the response to RQ3.

6.1 Assembly motion prediction

*  Operator’s next motion
context

. Human motion prediction: —
Recognised Knowledge Command &
assembly [———» >

*  Future body motion trajectory

Figure 6.1: Human motion prediction

As illustrated in Figure operator motion prediction is an important
building block for future HRC assembly systems. The recognised assembly
context can be used as the knowledge input for operator motion prediction.
The output of operator motion prediction can be a direct command to the
robot. In general, HRC assembly systems are more customised and flexible
than conventional assembly systems. However, since a human operator’s
(work-related) motions are repetitive and can be recognised, it is possible
to model the human operator’s behaviour during assembly, so the operator’s
assembly motions can be better anticipated and prepared accordingly. The
author explored human motion prediction from two directions:

e To model the assembly process as a sequence of discrete human mo-
tions, and predict the next motion.
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e To forecast the human operator’s future motion trajectory for online
robot action planning.

6.1.1 Operator’s next motion

To recognise a human operator’s next motion, existing human motion recog-
nition techniques can be applied. The recognised human motions are further
modelled by Hidden Markov model (HMM). The operator’s motion transi-
tion and observation probability matrices are then generated. Based on the
trained HMM model, the operator’s motion prediction becomes possible.
The predicted motion can be used for assistive robot control.

6.1.2 Future motion trajectory

Utilising the recognition capabilities of machine learning models, the author
developed a recurrent neural network (RNN) model for operator motion tra-
jectory prediction. The developed RNN model learns from the interactions
data among the human body and provides an estimation for body trajectory
prediction. A robust prediction of the operator’s future motion trajectory
can be utilised to instruct the robot to collaborate with human operator
proactively, and further enhance the efficiency and safety in HRC assembly
systems.

6.2 Problem formulation and solution

In this section, the problem formulations and solutions for the two different
approaches will be introduced.

6.2.1 Operator’s next motion

In this subsection, the first approach will be presented: to model the assem-
bly process as a sequence of human motions, and predict the next motion.

Task-level assembly

In assembly, operator instruction sheet (OIS) can provide detailed instruc-
tions of the given assembly tasks in the specific assembly station. The task
sequence is pre-defined and fixed. However, in an HRC assembly system, the
human operator’s motion can be flexible. Operators may prefer to perform
the same task in a variety of ways. Since human operator’s motions can be
captured as part of assembly context, it is possible to generalise task-level
human motions into a discrete model, as shown in Figure [6.2
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Figure 6.2: Example of task-level representation in an assembly station

Task representation

Figure 6.3: An HMM model representation of a human operator’s assembly
motions

As Figure shows, the representation of a human operator’s motions
can be modelled as a linear sequence. It can be seen as a Markov process
that each motion starts after the end of the previous motion. ¢; is the
start of a motion. ¢f is the end of the motion. The motion o; is presented
between ¢; and ¢f. For the same operator, although different ¢; and ¢f
can be observed, similar sequence of {01,092 - - -0} can be captured. In such
way, the robotics system can take the advantage of discretised response.
Although robot need to be controlled continuously, the clear boundary of
q; and g¢f still can provide a clear guidance for industrial robot control.

Given the observation of motion o;, the observation probability can be
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described, given the start and finish of the motion:

P (oke | 47, 45) (6.1)

The observation probability of motion recognition can be described con-
sidering HMM:
1 ifdetected
Pk k) ={o (62)

sie 1 2s:e 0 otherwise

where P, (0%., | qL..) represents a reliable motion recognition technologies,
that can detect the human motion accurately. If the motion detection tech-
nology contains uncertainty, the following equation can be used:

Ly Zth < P(Os:e) <1
Pi(0he | dbe) =4 Li ifLi < P(0ge) < Ln (6.3)
O ZfO S P(Os:e) S Ll

where P, (ol.. | ¢L..) is the probability if a motion is recognised. P (0s..)
represents the observation probability. Lj and L; are parameters that rep-
resent the limits of high and low detection probabilities. The parameters
can be adjusted based on the different recognition algorithms.

HMM solution

As introduced in Section [3.3] HMM can solve three fundamental prob-
lems. For our specific case, the observation sequence {01, 05 - - - 0;} is already
known, whereas A and B need to be learned. The prediction of a human
worker’s motion mainly relies on A. Therefore, the third problem needs
to be solved: how to adjust model parameters A = (A4, B,7) to maximise
P(O|N.

To solve the problem, EM (expectation-modification) method [43] can
be applied. & (i,7) is defined as the probability of being in state s; at time
t, and state s; at time ¢+ 1, given the model and the observation sequence:

& (1,5) = P (@ = sisqe41 =55 | O, \) (6.4)

By applying the forward and backward procedures shown in Figure [43].
The notation & (7, ) can be presented as:

€ (i) = ata;jbjor 1 Bey1 () aa;jbj0t41Bt41 (J)

= — (6.5)
PO Y 2;11 1 @ijbjor11B41 (7)
where oy (7) is the forward variable:
ay (i) = P (01,02 04,q: = 5; | A) (6.6)
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Figure 6.4: The HMM model forward and backward procedure [43]

where f; (i) is the backward variable:
B (1) = P (0141, 004201 | @1 = 54, A) (6.7)

¢ (@) is defined as the probability of being in state s; at time ¢, given
the observation sequence {01, 09 - - - 0;} and model A = (A, B, w). Therefore,
we find:

N
Ve (i) = th (4, ) (6.8)
j=1

D Ve A CY),

= Lot (6.9)
23‘211 ¥ ()
T .
B, — tzaton=n 1) (6.10)
Et:1 Tt (])
given:
N
Y a;=1,1<i<N (6.11)
j=1
M
> bik)=1,1<j<N (6.12)
k=1

After A and B are given, A\ = (A, B,7) is known as well. Since A
indicates the state transition probability distribution, it is possible to predict
the state.

6.2.2 Future motion trajectory

In this subsection, the second approach will be presented: to forecast human
operator’s future motion trajectory for online robot action planning
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Figure 6.5: Skeleton model estimation

As shown in Figure the body skeleton model is a simplified human
body model that preserves the most important human body information.
The skeleton representation can reduce a huge amount of data compare
with point cloud representation, which is used extensively in HRC. The
volume information is skipped, while the body joints and bones positions
and orientations are well kept.
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RNN modelling for HRC

It has been long investigated that recurrent neural network (RNN) and
LSTM similar networks can capture motion pattern in sequence dataset ,
. The similar approach can also be applied to HRC. Since the human
body parts can be well simplified by skeleton model, the RNN neural net-
work can capture the underlying recurrent patterns among the sequence of
motion states.
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Figure 6.6: RNN for HRC motion prediction

The RNN modelling for HRC can be presented as:
hn = (Whnhn—1 + Wenzy, + b) (6.13)

As shown in Figure[6.6] The output pose prediction at time step n is y,,. The
associated observation is z,, the previous state is h,_1, weights controlling
the influence of the previous state on the current state is Wpy,, the weights
of the state is Wy, the weights for output is Wjy. tanh is a nonlinear
function that can combine the inputs and provide outputs. The prediction
of y, will require all the observations until state x,. To customise the
RNN into HRC motion prediction problem, the author designed a neural
network architecture that includes two arms, two legs, one spine and four
links between the joints. With such a neural network architecture, the body
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motions can be predicted more accurately. Further details of the design can
be found in Paper 6.

6.3 Experiment

In this section, experiments are designed to test the implemented human
motion prediction systems with the two different approaches.

6.3.1 Operator’s next motion

The author designed a car engine assembly case to test the operator’s next
motion approach.

Car engine assembly task

The author designed a car engine assembly task to demonstrate the potential
to predict operator’s next move as an HRC application. The parts before
assembly are shown in the left part of Figure [L.3] Three are four electric
control plugs. All the plugs need to be plugged in the engine as shown in
the left part of Figure and fastened with a screw. There is also a plastic
cover that needs to be placed on top of the engine and fastened with eight
screws. The right of Figure shows the car engine after assembly.

Experiment result

The author defined five different motions for the task:
1. Take screwdriver

Take plastic part (take big part)

Take electric control plug (take small part)

Take screw

oLk

Use screwdriver to assembly screw (assembly)

The first four motions: take screwdriver, take plastic part, take electric
control plug, take screw, can be directly detected by RFID tags, which
is a reliable motion recognition method. The last motion: assembly, can
be detected by vision-based motion algorithm, which is a detection method
with uncertainty. Hence, the five different states are: S = {s1, 2, $3, 84, S5 }-
According to Equations [6.2] and [6.3] the six different observation symbols
are: V = {v1,v9,v3,04,05,06}. The states and observation symbols are
shown in Table [6.11
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Figure 6.7: HMM state transition and observation probability graph of
the assembly case (a) state transition probability matrix graph; (b) state
observation probability graph

States Meaning Observation Meaning

S1 take screwdriver vy observed

S take big part Vg observed

S3 take small part V3 observed

Sa take screw V4 observed
S5 assembly U5 observed (high prob)
Vg observed (low prob)

Table 6.1: States and observation symbols defined for the assembly task

During the experiment, a human operator is invited to perform the as-
sembly task ten times. The initial motion state is s;: take screwdriver.
The sequence of the operator assembly is used for HMM model training.
The visualisation graph of the trained state transition probability distri-
bution matrix is shown in Figure (a). The visualisation graph of the
state observation probability graph is shown in Figure (b). Tt can be
observed that there are differences between reliable and uncertain motion
recognition technologies. It can be seen from the state transition probabil-
ity that the worker explored many different assembly sequences. State ss,
s3, and s4 have relatively certain next state, whereas s; and ss have less
uncertain next state. s; has many different next states due to the end of a
‘sub-sequence’. It can also be noticed that sometimes vg appears after vs.

The experiment showcased the possibility of human motion prediction
for HRC. The operator explored different assembly sequences, but there are
still patterns captured. For instance, since states ss, s3, and s4 have com-
paratively certain next states, it is then possible to control a robot to help
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the human operator. ss also has quite certain next state. In the experi-
ment, the assembly parts are not considered. The limited number of assem-
bly parts can also be used to improve motion prediction uncertainty. The
vision-based motion recognition technology also introduced uncertainty. By
improving the motion detection algorithm, it is possible to greatly improve
the reliability of the result, hence, the system robustness can be further
improved.

Figure 6.8: Engine assembly setup

6.3.2 Future motion trajectory

To test the future motion trajectory approach, a similar but more complex
experiment is proposed in this case study, shown in Figure [6.8 The engine
assembly case consists of a plastic part, a cover cap, two wire collectors,
four electric control plug, a screwdriver, and eleven screws. The assembly
workstation is shown in Figure In the assembly workstation, a URS5
robot is installed to the left of the operator, an engine block is placed on
the right of the operator, the assembly parts and tools are stored in the
colour-coded containers to the left of the UR5 robot. A Kinect sensor is
installed facing the assembly workstation. The Kinect sensor can provide
the tracking of human skeleton model at 30Hz.

The final goal of the test is to timely predict the human motion tra-
jectory. To achieve the goal, the author defined three poses that serve as
the triggering point for the motion trajectory prediction: handover (x1),
standing (x2), and installation (x3), as shown in Figure The human
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Figure 6.9: Engine assembly workstation

MSE (mm) | MLP baseline | RNN model
Training 27.1 17
Validation 27.0 16.5

Table 6.2: Prediction MSE for MLP baseline and RNN model

operator can start with any of the poses, and the human operator can di-
rectly transit from one pose to another following the arrows sequences. For
each of the pose, the operator can stay as long as needed.

To collect training dataset, ten different human operator assembly se-
quences are recorded by the Kinect sensor. The author adapts relative
coordinates to record the joint dataset. For instance, a joint (x,y,z) coor-
dinate locations is recorded with respect to its parent joint. The network
input length is 30 frames. The final prediction result will include the con-
tribution of all the 30 frames, which guarantees a robust prediction. The
size of the training dataset is 8,206 training samples, which is randomly
split into 70%-30% training and validation sets. The author adapts mean
squared error as the evaluation metrics. The author compared the imple-
mented approach with a simple MLP baseline approach, the result of which
is shown in Table It can be seen that the MSE is greatly reduced.

An example of parts handover motion trajectory prediction for HRC as-
sembly is shown in Figure The yellow line is the predicted end target
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Figure 6.10: Transitions among handover, standing and installation

Figure 6.11: Illustrations of future motion trajectory prediction for HRC

location of the operator skeleton. The red line is the corresponding robot
target position given the operator motion prediction. In Figure 1),
installation pose is detected, therefore, the robot is triggered to pick up an
assembly part. The predicted next human operator pose will be standing.
The corresponding next robot target position is standby. In Figure[6.11}2),
the operator starts to move the left arm, the prediction is moving to han-
dover pose. Thereafter, the robot will be triggered to move to the predicted
handover location. With further arm movements, more accurate target lo-
cations will be updated. Finally, the robot will be stopped in the final
handover location and open the gripper, as shown in Figure 3). After
handover, the robot will return to the standby position in Figure 4).
With the observation of operator installation pose, the robot will pick up
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the next assembly part to prepare for the next handover, as shown in Fig-
ure 5). Further experiment analysis can be found in Paper 6 and
Section [R:31
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Chapter 7

Remote HRC

In this chapter, the author will explain the concept of remote HRC. This
chapter offers the response for RQ4.

7.1 Remote HRC

Figure 7.1: Collaborative workstation: a human operator lead-through a
collaborative robot with real-time display of the remote assembly parts

The haptic lead-through feature of the collaborative robot is convenient
in many different assembly scenarios. With the lead-through feature, hu-
man operators can be released from complex robot control codes. However,
in a hazard manufacturing environment, where human operators are not al-
lowed to enter, the desired lead-through feature will not be possible to use.
As a solution, the author proposed in this chapter, a remote human-robot
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Figure 7.2: Remote workstation: an industrial robot working in dangerous
environment with control parameters from the collaborative workstation

collaboration system that closely follows the concept of cyber-physical sys-
tems (CPS). The proposed system can provide another possibility for HRC
to be able to work in Hazard manufacturing environment.

Figure and Figure provide an example for the appearance of the
proposed remote HRC system. Figure shows the collaborative worksta-
tion, where an operator is guiding a collaborative robot following the models
of assembly part transmitted from the remote workstation. Figure[7.2]shows
the remote workstation, where the collaborative robot’s end-effector posi-
tion at the collaborative workstation are transferred to the industrial robot
in the remote workstation. The industrial robot is controlled according to
the motion of the collaborative workstation. In the remote workstation,
there are also sensors to capture the assembly parts. The assembly parts
are further recognised and displayed in the collaborative workstation.

7.2 System design

The overall system function design will be introduced in this section. The
system is designed to work in four different modes to accommodate different
operation scenarios. Following the high-level introduction, the author will
further introduce the designed remote robot control system and model-
driven display system.
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Figure 7.3: Overview of four working modes

7.2.1 Four operational modes

The high-level system design is shown in Figure[7.3] The system is designed
to be able to work in four different operational modes for different needs:

1. Real robot controls a real robot:

To be used in the hazard manufacturing environment. In the col-
laborative workstation, the collaborative robot is guided by a human
operator. In the remote workstation, the real industrial robot is con-
trolled with the same motion.

2. Virtual robot controls real robot:

To be utilised in the hazard manufacturing environment where no
collaborative robot is available to use. The human operator can ma-
nipulate a virtual collaborative robot. The motion will be repeated
by the real industrial robot at the remote workstation.

3. Real robot controls virtual robot:
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To be used for system testing and virtual commissioning, where the
remote workstation does not need to be accessed. The real collabo-
rative robot can be guided by a human operator, a virtual industrial
robot can be controlled. Any wrong command from the collaborative
workstation will not result in damage in the remote workstation.

4. Virtual robot controls virtual robot:

To be adapted for operator training, where no real robot is required. In
this mode, everything is virtual representation. The human operator
can manipulate a virtual representation of a collaborative robot to
control a virtual industrial robot.

7.2.2 Remote robot control system

4 Cyber part h
X8¥(02) o
Real-time Forward Inverse Real-time
robot joints K g p "
inematic kinematic robot control

monitoring

Kinematics calculation

Robot
kinematics

A\ 4
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URobot kinematics Robot kinematics: \
¥Robotcontr_oI|eL - Robot controller ———/
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Collaborative workstation Physical part Remote workstation
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Figure 7.4: Remote robot control system

The centre of remote HRC is the remote robot control system. The
remote robot control system needs to make sure that the exact joints posi-
tions are reflected in real-time on the industrial robot in the remote work-
station. As shown in Figure [7.4] closely following the concept of CPS, the
remote robot control system includes a cyber part and a physical part. The
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physical part is shown at the lower part of Figure [7.4] surrounded by the
broken lines. The cyber part is shown in the upper part of the Figure [7.4]
The real-time robot joints monitoring module is always connected with the
robot controller of the collaborative robot, where the robot joints positions
are monitored in real-time. All the robot kinematics are stored in the robot
kinematics database. The kinematics calculation module can calculate the
forward kinematics and inverse kinematics, to provide the right command
to the real-time robot command module, where the remote industrial robot
is controlled.

The authors also designed a virtual haptic effect to avoid collision with
objects in the remote workstation. If the sensor detects collision objects in
the path of the robot in remote workstation, the robot will be commanded
to stop, and respectively, the collaborative robot at the collaborative work-
station will also be stopped. The human operator will also be notified and
change the lead-through operation accordingly.

The proposed remote robot control system also needs to guarantee the
same robot motions between the collaborative robot and the remote robot
during operator lead-through. There might be kinematic differences be-
tween the two robots, hence, the proposed interface needs to calculate the
forward and inverse kinematics to adapt to the different robots. Detailed
method and approach can be found in Paper 5.

7.2.3 Model-driven display system

Another important part of the proposed remote HRC system is the model-
driven display system. The model-driven display system can provide timely
cognitive feedback to the human operator. Since the operator and the re-
mote workstation are in different locations, the assembly environment of the
remote workstation should be made transparent for the operator. Model
display system and object recognition algorithm is the key component in a
model-driven display system.

Figure is the design of the model-driven display system, which also
includes a cyber part and a physical part. In the physical part of the system
(shown in the lower part of Figure , the remote workstation can provide
video stream for the cyber part of the system. In the cyber part of the sys-
tem (shown in the upper part of Figure , the assembly objects can be
recognised according to the assembly models database and object recogni-
tion algorithm. Thereafter, the recognised parts can be further translated,
rotated, and registered in the right positions. Finally, the relevant virtual
models are displayed for the operator. The detailed algorithm for object
recognition can be found in Paper 5.
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Figure 7.5: Model-driven display system

7.3 Implementation

ROS Multimaster
ROS server 1

Y

ROS server 2

Collaborative workstation Remote workstation

Figure 7.6: Simplified system overview

Following the high-level system design, the detailed implementation of
the remote HRC final system (shown in Figure is explained in this
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section. The final implementation is inspired by the concept of CPS and
adapted the Robot Operating System (ROS) framework and the ROS
Multimaster software package .

7.3.1 ROS Multimaster Package

1 1

f ROS Topics :
Robotic Sync Module Robotic

Sync Module

system 1 system 2

i—1%

Industrial networks

Figure 7.7: ROS Multimaster package

There are two different robots in the designed remote HRC system. How-
ever, normally, each ROS system can only provide control towards one robot.
To accommodate the needs, the author adopts the ROS Multimaster pack-
age . Multimaster is an open-source software package that allows ROS
topics exchange between multiple ROS-based robotic systems, as shown in
Figure [7.7] The Multimaster package provides: firstly, master discovery
nodes that can detect other master discovery nodes. Secondly, synchronise
modules that can provide connectivity with local nodes and exchange data.
In the following section, the implemented system is presented.

7.3.2 Final System

The overall system is shown in Figure [7.8] The system is an implementa-
tion of Mode 1: a real robot controls a real robot. There is also a cyber
environment and a physical environment included in the final system.

In the physical environment, there are two workstations: remote work-
station and collaborative workstation (upper corner and lower corner of the
Figure . The collaborative workstation provides a collaborative robot
and display device for the human operator. The remote workstation pro-
vides an industrial robot and the related working environment.

Two different servers support the robotic systems in the cyber part of
the system: a collaborative ROS server and a remote ROS server. The two
servers are connected by industrial networks. The servers are both sup-
ported by ROS and its related systems to monitor and control the robot. In
the collaborative ROS server, relevant robot monitoring modes can provide
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Figure 7.8: Overview of the final system

real-time joint values of the robot in the collaborative workstation. The
kinematic calculation node can convert the end-effector positions from joint
space into Cartesian space. The end-effector positions are therefore sent to
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the remote ROS server for further calculations. Finally, a similar kinematic
calculation node in the remote ROS server will translate the joint commands
and send to the robot at the remote workstation. In the remote ROS server,
there are also ROS nodes that can recognise the assembly parts. The recog-
nised assembly parts will be further sent to the collaborative ROS server.
With the right database and object location registration algorithm, the as-
sembly parts can be displayed at the right locations for human operators
via display system.

7.4 Experiment

Figure 7.9: Implemented system (a)virtual representation of the environ-
ment (b)photo of the physical environment

In this section, the author implemented the proposed system, shown in
Figure Two test cases are designed to demonstrate the implemented
final system:

1. Mode 4: a virtual robot controls a virtual robot

2. Mode 1: a real robot controls a real robot.

7.4.1 Test case Mode 4

The first test case is a scenario of Mode 4: a virtual robot controls a virtual
robot. The full system is implemented and connected virtually in the cyber
environment. As shown in Figure [7.10] a UR5 robot is simulated in the
virtual collaborative workstation. An interactive handler is designed at the
end-effector of the URb robot for haptic lead-through. In the lower part
of Figure [7.10, another UR5 robot is simulated in the virtual remote work-
station. Five different end-effector locations are designed as the target of
the test. The human operator is expected to lead-through the virtual robot
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Figure 7.10: Screenshots of the test result of Mode 4

in the collaborative workstation into the desired positions. The response
time result is shown in Figure [7.12] the screenshots of the test are shown in

Figure [7.10]

7.4.2 Test case Mode 1

The second test case is Mode 1: a real robot controls a real robot the
same architecture explained in Figure[7.8 As shown in Figure[7 a URbH
robot is installed in the collaborative workstation, an ABB IRB1600 robot
is installed in the remote workstation. The designed test case simulates a
production task, where the human operator is expected to lead-through the
URS robot into four desired positions, ABB IRB1600 robot should follow the
motions of the URS5 robot. The response time result is shown in Figure[7.12]
the photos of the test are shown in Figure [7.11

7.4.3 Response Time Comparison

In this section, the author implemented all 4 modes and designed an exper-
iment to compare the response times. The author repeats 60 tests for each
of the modes. During the experiment, a human operator is working in the
collaborative workstation. The human operator is expected to lead-through
the collaborative robot to a random location. The process is repeated for
multiple times and the response time is calculated. The time is counted
when the new end-effector target sent from the collaborative ROS server
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Figure 7.11: Test result of Mode 1
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Figure 7.12: Response time comparison of experiment on Modes 1, 2, 3 and
4

until the collaborative ROS server receives the reply that the other robot

started to move.
As shown in Figure [7.12] Modes 3 and 4 provide average response time

65



CHAPTER 7. REMOTE HRC

66

of 0.025 seconds. Modes 1 and 2 provide average response time 0.067-0.070
seconds. It is obvious that Modes 3 and 4 responsed quicker than Modes
1 and 2. The response time of Modes 3 and 4 also has a smaller standard
deviation than that of Modes 1 and 2. The reason for the differences can be
the different control mechanism. Modes 3 and 4 have the remote workstation
in the virtual environment, where a virtual robot can be controlled instantly.
However, in the case of Modes 1 and 2, the remote workstation has a physical
robot. The control parameters need to be sent to the real robot controller
to activate the robot. Delay due to mechanical control is expected. Further
analysis can be found in Paper 5 and Section



Chapter 8

Discussion and future works

In this chapter, the author will discuss the proposed research questions,
with remarks, self-critiques, and possible future directions.

8.1 Discussion on research question 1

RQ1: what is HRC context and how to perceive HRC' context effectively?

The first research question is about assembly context, and the effective
recognition of assembly context.

Firstly, as can be seen from the thesis, in HRC assembly, no systematic
guidance and methodology are available yet. Context awareness can po-
tentially be used as a methodology and guidance for the recognition tasks
in HRC assembly, if appropriate development and adjustment for different
manufacturing scenarios can be introduced in the future.

Secondly, the definition of assembly context can be challenging and ever-
evolving. Of course, it would be a perfect scenario to include as much in-
formation as possible. In reality, it is only possible to include the most
critical information as the assembly context, for instance, operator-related
and assembly efficiency-related information [11]. In this thesis, the author
decided to explore operator motion, assembly parts and tools as the as-
sembly context. However, in real assembly lines, different industries and
different assembly lines might have very different assembly context. For
instance, in an automobile engine assembly line, the quality of an assem-
bled engine can be very essential assembly context, as the assembly quality
checking (normally done by human operators) is a key step. Whereas in
other assembly lines where the automation level is much lower, assembly
sequence is more important, since more human operators are working at
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the same assembly station, the coordination between human operators can
be critical. As a contrast, in a single operator assembly station, the assem-
bly parts and tools recognition becomes more important, as the robots are
expected to help the human operators in parts and tools handling.

Thirdly, regarding the recognition algorithm for assembly context. Due
to the computational expenses of object recognition and current computa-
tional power development trend, it might be possible that in the future,
end-to-end (direct large dataset from the industrial environment, a specific
recognition algorithm trained for the specific application) machine learning
training approach can be possible. However, the dataset collected must be
significantly large to be able to support a meaningful and representative
recognition algorithm. In contrast, the author adapted transfer learning
to simplify the task. Computational expenses are reduced, and the task
of dataset collection can be simplified as well. Due to the cost advantages
during model training, transfer learning approach will continue to be a
preferred approach in the near future. In different applications, there are
different task-specific transfer learning algorithms. For instance, in human
pose recognition, there is a pre-trained model PoseNet [74] and in sequence
recognition, there is a pre-trained model BERT [75].

Lastly, the future research direction can be more industrial-level assem-
bly context usability study. Another future direction can be the industrial-
level assembly context requirements specification and validation.

8.2 Discussion on research question 2

RQ2: how to increase the accuracy of multimodal robot control?

The second research question discusses the improvement of accuracy for
the recognition algorithm in multimodal robot control.

Multimodal robot control, recently, started to be tested in different HRC
applications in industry. The potential to release human operators from the
robot control code preparation is already a clear trend in the industry.

Firstly, there are actually different approaches towards multimodal fu-
sion. The multimodal fusion can be done in different network layers. The
result can be extremely different in terms of accuracy. Unfortunately, the
reason for the differences is still unclear according to the best knowledge of
the research community. In the thesis, the fusion at the second-last layer
will result in an efficient and accurate model. It can be easily identified
that the fused model outperformed any model trained with single modality
dataset. With further analysis of Figure and Figure d), it can be
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discovered that the 4% wrongly classified right data points can be found at
the top middle part of Figure d). The misclassification might be result
of data quality issues in testset. The author can provide a more fundamen-
tal thought on the reason for the accuracy improvement. It might be the
case that compared with the unimodal dataset, neural networks can learn
richer knowledge representations from the multimodal dataset. Hence, a
more accurate inference can be made considering all the possible embed-
ded representations collectively. If we consider the result of the thesis in
the application level, it suggests that the sensor instability is possible to be
compensated by adding more sensors or data modalities. Although current
sensors are not robust enough for industrial applications, there are possibil-
ities to build a robust HRC assembly system with current sensors and the
multimodal fusion algorithm.

Secondly, regarding the fusion process with trainable and non-trainable
weights. The neural network accuracy improves faster with trainable weights,
as can be observed in Figure [5.6] The trainable mode allows the unimodal
models’ parameters to change during the fusion training process. However,
the two modes eventually converged to the same accuracy level, since the
fusion model also provided a sufficiently large search space.

Finally, there is the potential that multimodal fusion approach to be
adapted in industry. As discussed in the above sections, safety and reliability
are the highest priorities in the manufacturing industries. The multimodal
fusion method can serve as an algorithm to improve the data captured from
sensors, and provide a robust multimodal HRC assembly system. Towards
the goal, a run-time system for real-time multimodal inference is still needed.
The run-time system can be developed as part of the future works.

8.3 Discussion on research question 3

RQ3: how to predict human operators’ motion to further improve the effi-
ciency of assembly?

The third research question discusses the possibility to predict the hu-
man operator’s motion during assembly as a measure to improve assembly
efficiency.

In previous research of HRC assembly, there is always a gap between
the recognised human motions and the robot action control. The human
motion perdition research in the thesis is aiming to fill the gap and close
the loop of HRC assembly.

Firstly, from the experiment of the first approach, it is possible to con-
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clude: there is a pattern to predict a human operator’s motion. Some of
the motions can provide quite certain clues about the operator’s next mo-
tion. Therefore, if similar motion is detected, it is possible to control the
robot to facilitate the human operator’s next motion. Some other motions
cannot generate a certain next move. However, the transition probabilities
still can be mapped according to the observed examples. In such cases, the
robot can be prepared and anticipate the human operator’s most likely next
motion. Also, several other sources of information can be used to increase
the prediction accuracy of human motion prediction, for instance: assem-
bly sequences and left-over assembly parts. In the study, different kinds
of motion recognition methods are also considered, whereas, in industrial
applications, the sensor and algorithm robustness problem can be solved by
improved sensor reliability and algorithm accuracy. The motion recogni-
tion problem in future HRC assembly systems can provide a more accurate
result. For instance, the multimodal fusion method can also be used in
human motion recognition to improve the detection accuracy of the human
operator’s motions.

Secondly, the second approach clearly shows the possibility to predict
the human operator’s motion trajectory during assembly. Building upon
the result of the first approach, the second approach explores the possibil-
ity to predict the human operator’s motion during the ongoing assembly
motion. During the experiment, one of the important take away is the im-
portance of uncertainty handling. Since the algorithm will always predict
the final handover location according to the dataset, the current state will
be a crucial point of reference. The author adapted the approach called
MC dropout [76], to randomly drop some neurons during the training pro-
cess, so the trained model will always provide certain randomness. During
inference, the author collectively applied 10 different trained models. The
human operator’s handover motion target will be confirmed only when the
majority of the models agree on the same target. Thus, the uncertainty
of the prediction will be greatly reduced. Overall, with an accurate pre-
diction on the human operator’s assembly motion trajectory, the assembly
efficiency can be improved.

Lastly, the future direction of human motion prediction can be the pre-
diction of handover strategy, as the handover process still can provide very
different scenarios due to the different shapes of assembly parts. If the
problem is solved, the efficiency of HRC assembly can be further improved.
Another future direction is the applicability study of human motion predic-
tion in a real industrial environment.
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8.4 Discussion on research question 4

RQ4: How to achieve HRC lead-through remotely with efficient response?

The last research question discusses the possibility for efficient remote
HRC lead-through. The target use case is a hazard production environment
where accessibility is limited. More application scenarios can be found, with
the development and advancement of the cyber-physical system and Indus-
try 4.0. The same concept can be applied in future fully automated human-
free factories. The proposed system can be used for remote commissioning
by a robot controlled remotely.

Firstly, the author provides a special design for the system to work in
four different modes. Such a flexible design can be well adapted in the
current production and manufacturing industry. In a real production envi-
ronment, Mode 1 can be adapted to allow a real robot controls another real
robot. During operator training, the system can be switched to Mode 4,
where everything is virtual. The initial adaption of a new assembly sequence
can be tested in Mode 3 before integrated into the production line. During
remote commissioning, Mode 2 can be utilised to manipulate a virtual robot
to control a real robot remotely.

Secondly, the adaption of the ROS system. The advantages and disad-
vantages of the ROS system are very clear. ROS system can provide ex-
cellent connectivity to different robots, sensors, and algorithms. The whole
system can be built fast and easy. However, some robot manufacturers
cannot provide reliable connectivity to ROS, since fewer integration efforts
were made. Therefore, it is only possible to use robot manufacturers’ official
communication protocols. Normally, the official communication protocols
can provide more reliable control towards the robot.

Lastly, the response time of the system is also an important aspect.
The response time of such a system is a vital indicator of the system’s
performance. The author has measured different delays of the system. The
delay in communication is normally below 0.01 seconds. The path planning
time delay is normally around 0.015 seconds. Since the architectures of the
4 modes are very similar, the communication and the path planning time of
the 4 Modes should be the same. However, there are significantly different
response time between Modes 1, 2 and Modes 3, 4. The differences can
be introduced by the controller of the physical robot. Modes 3 and 4 only
need to control a virtual robot, whereas, in Modes 1 and 2, a real robot
need to be controlled. Overall, the proposed architecture already saved the
computational bandwidth by the model-based approach. Further control
mechanisms can be explored to reduce the system latency.
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Chapter 9

Conclusion

The thesis studied the possibilities to increase efficiency and accuracy of
HRC assembly systems from four main directions. The first direction is
HRC assembly context recognition, which focuses on the identification and
recognition of relevant assembly context in the assembly environment. The
definition of assembly context is given, and algorithms are designed to recog-
nise the assembly context. The second direction is accurate multimodal
robot control. The algorithm to increase the recognition accuracy is de-
veloped. The third direction is human motion prediction. Two different
approaches towards accurate and timely prediction of human operators’
motions are provided. The efficiency of HRC assembly systems is further
boosted. The last direction of the study is remote HRC. The remote HRC
scenario is analysed, possible solution is also provided. Along the four di-
rections, key algorithms, system designs, and experiments are investigated.
Furthermore, the advantages, drawbacks, and future directions of the ap-
proaches are explored.
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