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Abstract

Robotic systems for physical Human-Robot Collaboration (pHRC) are often controlled using con-

trol systems based on the admittance or impedance of the system. The interaction forces exchanged

between the robot and the human co-worker during pHRC may affect the human cognitive state.

In pHRC systems, the human cognitive state is often neglected. It is hypothesised that admittance

dynamics of the robot have an effect on the human co-worker’s cognitive state which can be used

to estimate the predictability of the robot behaviour, or simply called the robot predictability. By

using an electroencephalogram (EEG) device, the brain activity of the human co-worker can be

measured. A feature, called Prediction-Error Negativity (PEN), that can be found in the EEG

signal and is visible in the Event-Related Potentials (ERP) has the potential to be used to object-

ively assess the robot predictability. This thesis addresses the following research question: can

the human cognitive state be used to assess and improve the robot predictability during physical

human-robot collaboration?

Firstly, the relationship between PEN and changes in the robot admittance is investigated. Changes

in the robot admittance were the result of the introduction of resistive forces with first-order dy-

namics. An analysis of the ERP is performed in the time-domain, to determine whether different

admittance dynamics result in different PEN amplitudes. It is found that admittance dynamics can

modulate PEN and thus robot predictability. Secondly, six different machine learning classifiers

are then compared for classification of PEN by using the data sets collected. A two-class classi-

fication problem and a three-class classification problem are formulated for the comparative study.



vi Abstract

A Convolutional Neural Network (CNN) is found to perform best in both the formulated classi-

fication problems, when compared to the other classifiers tested. Thirdly, a singularity avoidance

strategy is implemented in a practical pHRC robot and is chosen to assess whether PEN can be

detected during pHRC in real applications. The relationship between PEN and human preferences

is also investigated and confirmed. Finally, a PEN-based closed-loop control is implemented and

it is found that this can reduce PEN by automatically tuning parameters in a singularity avoidance

strategy.



Acknowledgements

This work would have been impossible without the aid and support of those around me.

Firstly, I am profoundly grateful to my supervisor Dist. Prof. Dikai Liu, who gave me the oppor-

tunity to work on this thesis. Thank you for the guidance and advice you have provided me with

from the first day of my candidature, till the very end. I really appreciate this.

I would also like to thank my co-supervisor Dr. Marc Carmichael. You truly are an inspiration.

Your passion for research is highly contagious and I consider myself very lucky to have had you

as a mentor in my career and during the PhD. There are no words that could express my gratitude

to the fullest, for the support you have given me.

I am also grateful to all the amazing people in the Robotics Institute in UTS. The culture of the

institute creates one of the best work environments I have ever experienced. And it is the result of

the great people that are part of it.

I would also like to thank my friends who supported me during these years. I cannot mention

every single one of you, but I am sure you know who you are. Thanks to you I managed to push

through challenging times. A special mention goes to my brother, friend and flatmate Massimili-

ano. Thanks for dealing with me even when I am close to deadlines.

Finally, I would like to thank my parents Iwona and Maurizio. I am so proud to be your son and I

hope you know how much I love you.

vii





Contents

Declaration of Authorship iii

Abstract v

Acknowledgements vii

List of Figures xiii

List of Tables xvii

Glossary of Terms xxiii

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Research question . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.3 Research sub-questions and methodology . . . . . . . . . . . . . . . . . . . . . 5

1.3.1 Relationship between PEN and a change of the robot admittance caused
by first-order resistive forces . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3.2 Classification of PEN through machine learning classifiers . . . . . . . . 6
1.3.3 Detection and application of PEN during real pHRC . . . . . . . . . . . 7

1.4 Consideration of ethics and risks . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.5 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.5.1 Directly related publications . . . . . . . . . . . . . . . . . . . . . . . . 7
1.5.2 Indirectly related publications . . . . . . . . . . . . . . . . . . . . . . . 8

1.6 Thesis outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2 Review of Related Work 11
2.1 Physical human-robot collaboration . . . . . . . . . . . . . . . . . . . . . . . . 12

2.1.1 Industrial collaborative robots . . . . . . . . . . . . . . . . . . . . . . . 14
2.1.2 Rehabilitation and service robotics . . . . . . . . . . . . . . . . . . . . . 15

2.2 Physiological signals for control of robots . . . . . . . . . . . . . . . . . . . . . 16
2.3 Brain-robot interfaces . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.4 Error-related negativity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

ix



x Contents

2.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3 Effect of First-Order Resistive Forces on Prediction-Error Negativity During Physical
Human-Robot Collaboration 23
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3.2.1 Experimental setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
3.2.2 Experiment task design . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2.2.1 Experiment 1 - Exp1 . . . . . . . . . . . . . . . . . . . . . . . 27
3.2.2.2 Experiment 2 - Exp2 . . . . . . . . . . . . . . . . . . . . . . . 28

3.2.3 PEN stimulus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.2.4 Control system and admittance design . . . . . . . . . . . . . . . . . . . 29
3.2.5 EEG signals pre-processing . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.3.1 Experiment 1 - Exp1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
3.3.2 Experiment 2 - Exp2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4 Methods for Estimation of Prediction-Error Negativity in Physical Human-Robot
Collaboration 45
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.2.1 Detection and classification of PEN . . . . . . . . . . . . . . . . . . . . 47
4.2.2 Classifiers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.3 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5 Detection and Application of Prediction-Error Negativity in a Real Control Strategy
for Physical Human-Robot Collaboration 57
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
5.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.2.1 Experimental setup and task . . . . . . . . . . . . . . . . . . . . . . . . 59
5.2.2 Interaction dynamics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.2.2.1 Experiment 3 - Exp3 . . . . . . . . . . . . . . . . . . . . . . . 63
5.2.2.2 Experiment 4 - Exp4 . . . . . . . . . . . . . . . . . . . . . . . 64

5.2.3 Data processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
5.3 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.3.1 Experiment 3 - Exp3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
5.3.2 Experiment 4 - Exp4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

5.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
5.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

6 Conclusion and Future Work 81



Contents xi

6.1 Summary of contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82
6.1.1 Effect of first-order resistive forces on PEN during pHRC . . . . . . . . 82
6.1.2 Methods for estimation of PEN in pHRC . . . . . . . . . . . . . . . . . 83
6.1.3 Detection and application of PEN in real pHRC . . . . . . . . . . . . . . 84

6.2 Discussion and limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
6.2.1 Predictability as a shared responsibility . . . . . . . . . . . . . . . . . . 86
6.2.2 Classification training data sets from a different task . . . . . . . . . . . 86
6.2.3 Duration of the experiments and number of participants . . . . . . . . . . 87

6.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
6.3.1 Understanding of the learning process with PEN . . . . . . . . . . . . . 88
6.3.2 Static versus adaptive control . . . . . . . . . . . . . . . . . . . . . . . . 88
6.3.3 Integration of multiple physiological signals . . . . . . . . . . . . . . . . 89
6.3.4 Engagement and other cognitive features . . . . . . . . . . . . . . . . . 89

Bibliography 91





List of Figures

1.1 An example of pHRC application, with a human operator physically controlling a
robot manipulator, for human-robot collaborative grit-blasting operations [1]. . . 2

2.1 Examples of collaborative robots: Universal Robot UR10 [2] (A), Kuka LBR
iiwa [3] (B) and ABB YuMi [4] (C). . . . . . . . . . . . . . . . . . . . . . . . . 13

2.2 A robot using sEMG to collaborate with a human co-worker [5]. . . . . . . . . . 17
2.3 A Baxter robot using EEG data from a human co-worker to correct its actions

during a task [6]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.1 The ANBOT system [7] (A) and its physical interface (B). . . . . . . . . . . . . 25
3.2 An operator controlling a manipulator during a pHRC application, while wearing

an EEG device [8]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
3.3 A participant performing the swing game in Exp1 (A) and the layout of the swing

game in Exp1 (B) [1]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
3.4 A participant performing the clock game in Exp2 (A) and the layout of the clock

game in Exp2 (B) [8]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.5 The implemented admittance control [1]. fH , fR and fD represent the interaction

force, the resistive force and the damping force respectively. ẋd is the desired
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