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Abstract 

An effective and seamless interaction is not just about the accuracy and stabil

ity of the robotic system, but rather depends on the capability to dynamically 

adjust to the task and human cognitive states. The ability to continuously and 

unobtrusively estimate neuroerganomic aspects of human state during interac

tion with robots can be used to optimize human-centered interactions. This in

formation can also be used as an additional communication channel to enhance 

the robot's awareness of human cognition and adapt its behavior accordingly. 

Passive Brain-Computer Interfaces (BCis) are promising modalities to establish 

such implicit communications. Contrary to active BCI systems that aim to ex

plicitly command a system by interpreting the user's intention, passive BCis 

implicitly provide the system with the covert aspects of user cognition without 

the purpose of voluntary control. 

This thesis investigates the use of passive BCis in the context of Human

Robot collaboration to accomplish a shared task. In particular, a portable elec

troencephalogram (EEG) system is used to experimentally explore the applica

tion of passive BCis to two common forms of collaboration. This includes: (i) 

human-robot teleoperation (remote interaction) and (ii) human-robot coopera

tive manipulation (physical interaction). In the teleoperation experiment, the 

main aim is to estimate the operator's performance such as hit-rate, reaction 
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time, and situation awareness based on the operator's physiological signals. In 

this case, a hybrid-BC! system, combining the EEG with eye-tracking informa

tion, is used for data recording while individual differences in visual skills are 

also considered in the analysis. Moreover, a set of EEG measures from psycho

physiology is used to discriminate between visual and motor task-load with the 

aim of enhancing adaptation strategy regarding the type of assistance. 

In the cooperative-manipulation experiment, an admittance controlled robot 

arm is used to accomplish a set of cooperative manipulation tasks. Since proper 

admittance parameters are task and subject dependent, EEG patterns are used 

as an objective measure to estimate the user preferences of physical compliance 

when interacting with the robot arm. Furthermore, the implication of the pro

posed cognitive model is illustrated by analyzing the EEG-based estimation of 

operator cognitive-load when interacting with a variable admittance controller. 

Finally, a novel approach is presented to quantify motor control difficulty when 

performing a precise cooperative-manipulation. The results are used to form 

an EEG-based regression model to identify the level of manipulation difficulty 

experienced by human operators. 

Although continuous EEG signals suffer from artifacts and have a low signal

to-noise ratio, our findings indicate that an EEG-based passive BCI is a viable 

source of information to enhance neuroergonomic aspects of HRI. In general, 

the proposed EEG-based cognitive models can be utilized in two main direc

tions either as an offline assessment tool for human-centered HRI design or as 

an online implicit communication channel for robot adaptation. For instance, 

in the robot-assisted learning of motor skills (e.g., rehabilitation), the learning 

rate can be maximized by adjusting the robot assistance such that the perceived 

difficulty remains within a desired range. 
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Introduction 

1.1 Motivation and Objectives 

1.1.1 Overview 

Recent advances in robotics, artificial intelligence, and control systems have re

sulted in dedicating considerable attention to the field of Human-Robot Inter

action (HRI) in both academia and industry. The focus of HRI research is the 

development of new methods to design, implement, and evaluate robotic sys

tems that can collaboratively work with human operators to accomplish shared 

objectives [2]. For this purpose, a designer needs to understand and shape an 

interaction by taking into account various factors such as usability, efficiency, ef

fectiveness, and safety of the interaction. Therefore, HRI studies are inherently 

interdisciplinary in nature and require the contributions of different fields from 

engineering to cognitive science and psychology. 

In the case of human-robot collaboration, HRI aims to integrate the repeata

bility and accuracy of robots with problem-solving and cognitive skills of hu

man operators to achieve a higher productivity and greater efficiency. How-



2 

ever, research on HRI has often ignored the changes in human cognitive states 

that might occur when humans and robots jointly perform the assigned tasks. 

Indeed, changes in the human cognitive aspects, such as mental workload, en

gagement, distraction, and fatigue, can significantly affect the task performance. 

To address this issue, the development of cognitive models for HRI is required 

that can interpret the current user's cognitive state accurately and adapt the 

robot's behavior accordingly. For instance, in a robot-assisted acquisition of 

motor skills (e.g., [3]), the human learning rate can be maximized by adjusting 

the robot assistance such that the perceived difficulty by the user (challenge) 

remains within an appropriate range (known as flow theory [4]). 

In this regard, reliable evaluation methods are essential elements for as

sessing the effects of interaction on human cognitive states. In general, self

assessment is the most commonly used evaluation approach observed in HRI 

studies. Self-assessment measures usually include paper or computer-based 

questionnaires in which the users report their feelings about the interaction. 

However, these methods are not continuous measures and cannot be obtained 

in real-time since interrupting the task is required. Moreover, participants' self

reports may be affected by a posteriori rationalization and the desire to satisfy 

the implicit objectives of the study [5, 6]. Another assessment approach is the 

use of task performance metrics as an indirect indicator of human cognitive 

states. The most commonly used performance metrics in HRI studies are com

pletion time, reaction time, and error rate which are defined to measure how 

well an operator performs in collaboration with the robot toward completing 

the task goals [7]. However, the estimation of task performance is impracti

cal or prohibitive for many real-world applications where human performance 

metrics are hidden states or sensing capabilities are limited. 
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Most recently, physiological measures of human cognitive states such as 

electroencephalogram (EEG) and functional near-infrared spectroscopy (fNIRS) 

are gaining popularity in HRI studies [5]. These measures can be recorded con

tinuously and, more importantly, participants cannot consciously control the 

activities of their autonomic nervous system when engaged in the task. Fur

thermore, recent advances in the non-invasive sensing technologies have pro

vided portable and wearable solutions to record and process physiological data 

in out-of-lab settings. It should be mentioned that, due to the complex nature 

of physiological signals (e.g., nonlinearity), the interpretation of physiological 

data may not be straightforward and usually requires the use of signal process

ing and machine learning algorithms. 

Among various physiological measures, passive Brain-Computer Interface 

(BCI) is a promising modality to enhance interaction by providing the system 

with the user's cognitive state in HRI [8]. Contrary to classic BCI systems that 

aim to be used in the direct control of external devices for people with severe 

disabilities, a passive BCI system aims to identify the covert aspects of user cog

nition without the purpose of voluntary control. In other words, active BCis are 

mainly developed as an assistive technology for people with severe disabilities 

enabling them to send voluntary commands to machines ( e.g., moving the cur

sor on the screen). However, passive BCis serve as new information modality 

that can enhance the system's awareness of human cognition during an interac

tion. 

EEG is the most common technology of choice used in passive BCI studies 

since it provides the possibility of tracing cognitive processes with high tempo

ral resolution and compared to other brain monitoring technologies, it is suit

able for HRI studies and is not expensive [9]. Furthermore, there are numerous 
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existing studies in the field of psychophysiology that have already investigated 

the relationship between EEG features and common cognitive processes. Thus, 

many psycho-physiological hypotheses speculated in these studies can be ex

tended to HRI domain with the aim of making interactions with robots more ef

fective and efficient. Nevertheless, EEG signals suffer from a low signal-to-noise 

ratio, contaminated with physiological and environmental artifacts, and also the 

interpretation of EEG patterns is not straightforward and requires the identifi

cation of reliable and robust features for implementation in machine learning 

algorithms. Moreover, EEG acquisition in operational environments requires 

the use of compact and wireless EEG headsets at the cost of a lower spatial res

olution. In fact, bulky conventional laboratory setups require a considerable 

amount of wiring making these systems inapplicable for real-world applica

tions, where mobility might be required [10]. In general, by reducing the num

ber of electrodes, the preparation time, real-time analysis, compactness, and 

degree of mobility can be enhanced, however, limited information about under

lying cognitive activities can be captured due to the lower spatial resolution. 

In this thesis, I investigate the use of a wireless EEG-based BCI system in HRI 

applications where the human operator and robotic system collaborate with to

gether to accomplish a shared task. This includes: (i) human-robot teleoperation 

in which the human and robotic agents interact remotely; and (ii) human-robot 

cooperative manipulation with robot arms that is a proximate physical interac

tion. In my thesis, I seek to develop and evaluate EEG-based cognitive models 

related to human performance which are usually hidden to robotic agents in 

real-world applications. The proposed models are viable source of information 

for improving the neuroergonomic aspects of HRI. In general, the continuous 

estimation of operator cognitive state using passive BCis can empower HRI 
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studies by providing either (i) an offline assessment tool for HRI design pur

poses, or (ii) a real-time feedback to adaptive HRI systems. Moreover, cognitive 

skill assessment is another domain that such cognitive models can be employed 

as objective measures of operator performance. For example, the expertise level 

of surgeons in robotic surgery can be realized by analyzing estimated mental 

workload from EEG data. 

1.1.2 Research Questions 

Having established the purpose of using passive BCis in remote and physical 

HRI, in this section, I state the main research questions which define the focus 

of presented works throughout the chapters of my thesis. 

The first set of research questions (RQl-4) are focused on the use of brain 

activity monitoring in the context of human-robot teleoperation. 

• RQl: Can covert cognitive states, estimated from EEG measures, predict the 

operator performance in teleoperation? and how do EEG measures differ from 

information obtained from physiological modalities that capture overt aspects of 

operator behavior such as eye trackers? 

It has been suggested that both cognitive workload and attention are vital el

ements that affect operator performance and situation awareness in complex 

human-machine systems, as they complement each other [11]. Increasing task 

difficulty to the level that exceeds the operator's mental capability may lead to 

an increased workload, loss of situation awareness, and ultimately performance 

degradation. Thus, performance metrics can be categorized into workload- and 

attention-related factors [1]. Understanding the relationship between the covert 

aspects of operator state estimated from EEG activity and different types of per-
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formance metrics is the initial step to successfully develop cognitive models 

for adaptive frameworks. Recently, hybrid BCis ( e.g., combining brain activity 

with eye movements) have shown promising results in active BCI studies [12]. 

Through RQl, I also investigate how eye tracking information can improve op

erator performance estimation in a computer-based HRI (e.g., teleoperation), 

and how it differs from brain activity. 

• RQ2: What is the effect of individual differences on the estimation of operator per

formance from neuro-physiological modalities? and how can the individualization 

of cognitive models improve performance estimation? 

Individual differences in cognitive abilities significantly influence the perfor

mance as well as neurological activities in multi-tasking environments [13]. De

pending on the nature of a task, an appropriate set of cognitive tests may be 

used to individualize cognitive models and accordingly performance estima

tion. To answer this research question, proper individual differences related to 

the human-robot teleoperation should be identified. 

• RQ3: To what extent can an EEG-based workload classifiers, trained on standard 

psychological tests, be applied to performance estimation in complex teleoperation 

scenarios? 

In general, the performance of EEG-based predictive models proposed in the 

neuro-cognitive studies is evaluated by training and testing on the same type of 

tasks. However, it has been shown that most of the human cognitive states such 

as mental workload estimated from the brain activity, particularly EEG, are task

specific [14, 15]. Thus, such models may fail when used across different tasks 

depending on the nature of cognitive processing involved in the given task. This 
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research question is particularly important for the case of teleoperation, where 

the human operator is physically separated from the remote environment and 

his/her situation awareness is influenced by this matter. 

• RQ4: Can EEG patterns discriminate between different types of task-load in

volved in human-robot teleoperation? 

Various brain's attentional and executive resources have been recognized to be 

associated with different types of task-demands (e.g., cognitive, visual, audi

tory, and motor control load). Thus, the capability of determining the type and 

level of mental demand from EEG can be used to modulate the type of assis

tance or adaptation provided to the operator. 

The second set of research questions (RQS-6) are focused on the application 

of passive BCI to physical human-robot interaction. 

• RQS: Can the user's preference of physical compliance be estimated from EEG 

activity during cooperative manipulation with robot arms? 

Compliant interaction with mechanically stiff robot mechanisms is an essential 

requirement for safe physical interaction [16]. Such compliance behaviors can be 

obtained by implementing active control methods such as admittance/impedance 

control schemes that mimic the behavior of mass-spring-damper systems. How

ever, adjusting the admittance parameters according to the human arm charac

teristics and task requirements is a challenging problem, but essential to ensure 

a stable and smooth interaction [17]. Therefore, a continuous assessment of 

user cognitive states during interaction can help designers to evaluate the per

formance of different controllers. Moreover, such EEG-based cognitive models 

can be served as a real-time input to enhance the robot's awareness about the 

operator internal states. 
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• RQ6: Can the difficulty of robot guidance be quantified from interaction forces 

and used to construct an EEG-based cognitive model? 

Translation of EEG patterns in neuro-cognitive literature is mostly done via clas

sification algorithms due to the binary nature of most cognitive tests. For exam

ple, most EEG-based workload models only provide a binary output via clas

sification (e.g., low/high workload). The presence of additional inputs such as 

force/torque sensor, which is inherently required in physical interactions, can 

provide valuable information regarding the stability of the interaction. Through 

this research question, I investigate the possibility of quantifying motor control 

difficulty and constructing an EEG-based regression model. The continuous 

output of such a model can better discriminate the effectiveness of the interac

tion from the user point of view. 

I have addressed the above-mentioned research questions by conducting 

two different types of experimental studies. Most of the presented works in 

my thesis serve as the primary steps required for enhancing HRI using passive 

BCis. The highly interdisciplinary nature of BCI research is integrated into the 

field of HRI, for the first time in our lab, and the outcome of this thesis paves 

the way for future studies. In addition, the application of proposed EEG-based 

cognitive models in other domains is broad and may be employed outside the 

field of HRI. For instance, robot-assisted rehabilitation is another research do

main that is actively engaged in physical HRis and can benefit from the results 

of this thesis. 
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1.2 Thesis Outline 

In this section, I briefly describe how the contents of my research are organized 

throughout the chapters. Chapter 2 provides a brief background on HRI stud

ies as well as BCI technology. Different types of HRI, particularly remote and 

physical interactions, are defined in this section, and the application of passive 

BCI to human-robot teleoperation and cooperative manipulation are discussed. 

EEG mechanism of brain activity monitoring that is the focus of my research is 

explained briefly. EEG-based passive BCI technique and its difference from the 

conventional active BCis are described. Finally, the capabilities of passive BCis 

in capturing cognitive states are discussed. 

Chapter 3 provides an overview of translating EEG signals to desired cog

nitive states. First, the specifications of B-Alert systems, that are used for EEG 

recording, are presented. Then, the components of EEG signal processing in

cluding preprocessing (filtering and artifact removal), feature extraction and se

lection, and translation methods are explained. 

In chapter 4, I investigate the use of workload- and attention-related physi

ological measures to estimate operator performance and situation awareness in 

the context of teleoperation with a small team of robots. A user study is con

ducted based on a simulated scenario involving visual scanning and manual 

control tasks with varying levels of task-load. Brain activity and eye move

ments of the participants are monitored across the experimental tasks using 

electroencephalogram (EEG) and eye tracking sensors. The performances of the 

subjects are evaluated in terms of target detection and situation awareness (pri

mary metrics) as well as reaction time and false detection ( secondary metrics). 

Moreover, individual differences in two specific visual skills, visual search (VS) 
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and multi-object tracking (MOT), are considered as between-subject factors in 

the experimental design. 

In chapter 5, I investigate the capability of using a passive BCI to discrimi

nate between different types and levels of workload in the teleoperation. The 

EEG data of the simulated teleoperation task, presented in chapter 4, are used 

for this purpose. A set of psychophysiological measures including spectral 

power density, frontal asymmetry, and coherence are extracted from EEG sig

nals. The validity of EEG coherence measures, associated with psychomotor ef

ficiency, as the indicator of motor control difficulty is examined and confirmed 

statistically. Finally, a linear discriminant analysis is carried out to show how the 

EEG measures of psychomotor efficiency improve the discrimination between 

high visual and motor workload. 

In chapter 6, I investigate EEG monitoring as an objective measure to classify 

the user's preference of physical compliance in cooperative manipulation with 

robot arms. For this purpose, an experimental study is conducted including 

two types of manipulation (gross- and fine- manipulation) with two admittance 

levels (low- and high-damping). Performance and self-reported measures are 

analyzed to identify the proper admittance level for each task based on the per

ceived comfort. This information is used to form a binary classification problem 

(low- and high-workload) with spectral power density and coherence as the 

features extracted from EEG data. Using a subject-independent feature selec

tion approach, a subject-depended Linear Discriminant Analysis (LDA) is used 

to form EEG-based classification. Furthermore, a secondary experiment with 

a variable admittance scheme is carried out to demonstrate the implications of 

the proposed method for evaluating the effectiveness of variable admittance 

controllers. 
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In chapter 7, the difficulty of robot guidance by the subjects is quantified 

from interaction force/torque information during the arm motions. The exper

imental setup of chapter 6 is used for this purpose. A novel force smoothness 

measure is proposed in the frequency domain to indirectly estimate motor con

trol difficulty of subjects during guidance of the robot arm. The validity of the 

proposed smoothness measure is confirmed statistically, and a regularized re

gression model is constructed to map the EEG patterns to the proposed smooth

ness measure. 

Finally, chapter 8 presents the outcome of this research and discusses the 

research questions presented in section 1.1.2. Furthermore, the future directions 

for the implementation of passive BCI in HRI systems are outlined in section 

8.2. 



Background 

2.1 Human-Robot Interaction 

Traditionally, autonomous robots were designed for performing tasks quickly, 

repeatedly, and accurately for the applications requiring very little (if any) inter

action with humans. Nowadays, recent advances in the field of artificial intelli

gence and improved safety and dependability of robots offer the possibility of 

using robots in collaboration with humans, and in a variety of areas from search 

and surveillance missions [13] to cooperative manipulation in factories [18]. As 

a result, HRI has become an important field of research and gained an increas

ing amount of interest. HRI studies span all of the robot capabilities including 

perception, reasoning, learning, and execution. 

The forms of interaction in HRI can be separated into two general categories: 

Remote interaction in which the human and robot are not working in close 

proximity and usually are separated from each other spatially or even tem

porally such as teleoperation and telemanipulation. 

Physical interaction in which the human and robot are in proximate interac-
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tion and exchanging force to each other such as cooperative manipulation 

and using active exoskeletons. 

In my thesis, I investigate the use of passive BCis for the most common forms 

of HRI namely human-robot teleoperation as the remote, and human-robot cooper

ative manipulation as the physical interaction paradigm. Indeed, there are var

ious forms of HRI that are not investigated in my thesis but can benefit from 

passive BCis. For instance, social interaction, in which the human and robot 

communicate as companions, is an emerging area of research in HRI studies. 

Since social interaction with robots targets social, emotive, and mental aspects 

of interaction, passive BCis can be a valuable source of information to evaluate 

neuro-psychological states of the human during interaction [19]. 

2.1.1 Human-Robot Teleoperation 

Human interaction with remote mobile robots, such as aerial drones, is often 

referred to teleoperation. Depending on the level of autonomy, ranging from 

manual to fully autonomous, human operators may engage with controlling a 

small team of robots, or supervise a large team and intervene as necessary. The 

latter case is often known as supervisory control where team coordination is the 

main concern of the operator and it would be feasible for a single operator to 

work with up to 12 unmanned aerial vehicles [20, 21]. Supervisory control is 

the focus of many human factor studies which mostly investigate the relation

ship between the level of autonomy, interface design, and human performance. 

However, for low-level control tasks such as visual scanning or manual maneu

vering, which is the focus of this thesis, the size of the human-robot team is 

significantly smaller [22]. 
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A good example for such a teleoperation scenario is a recent European project 

named "SHERPA" (Smart collaboration between Humans and ground-aErial 

Robots for improving rescuing activities in Alpine environments) [23]. SHERPA 

focuses on the design and implementation of a human-robot collaborative frame

work suited for supporting human operators working in surveillance and res

cuing tasks. In particular, the alpine rescuing scenario is the main target of this 

project. In these surveillance tasks, a human operator is deeply involved in 

accomplishing task demands, even occasional low-level manual maneuvering, 

and thus is not only supervising the team coordination. 

This type of teleoperation is challenging since the natural human percep

tual processing is decoupled from the physical environment, and the success of 

teleoperation is highly depending on the operator's performance which is in

fluenced by workload, situational awareness, and individual differences [24]. 

Furthermore, robot motion dynamics and delay in the communication are the 

factors making manual control more challenging. Therefore, assessment tech

niques are required to identify the interaction effects on the operator and im

prove the design or adapting the system behavior. Indeed, passive BCI is a 

promising modality to provide the system/designer with continuous objective 

measures related to the operator cognitive state. 

2.1.2 Human-Robot Cooperative Manipulation 

Unlike traditional industrial robot arms which are designed to operate in an 

isolated fashion from human workers, co-bots (or collaborative robots) are in

tended to be used in direct physical interaction with human operators. Co-bots 

can be employed in a variety of applications such as effortless cooperative ma-
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nipulation (co-manipulation), robot learning by demonstration, and assistive 

robotics. In fact, the capability of physical interaction with a co-bot can improve 

the manipulation performance by integrating the repeatability and accuracy of 

the robot with the problem-solving skills of the human [18]. 

While lots of progress have been made in terms of developing compliant 

controllers and motion planning strategies for a compliant physical interaction, 

still the ability of current co-bots to interact with humans in a truly intuitive 

way is quite limited [17, 25]. In fact, the notions of safe and compliant interac

tion are not sufficient to ensure effective physical human-robot cooperation. The 

main challenge is to determine how to design interaction such that the robot can 

adapt to the user's intention and enhances perceived comfort [18]. Furthermore, 

individuals with different arm impedance characteristics require different com

pliance setups. Therefore, assessment techniques are necessary to understand 

the interaction effects on the user to improve the design accordingly. One ap

proach for obtaining continuous objective measures about the user's cognitive 

state is the use of passive BCI methods to evaluate brain responses to physical 

interactions with co-bots with different controllers/planners. 

2.2 Non-invasive Neuroimaging Techniques 

The acquisition of brain activities in the form of measurable physical phenom

ena is the principle component of a BCI research. Existing neuroimaging tech

niques can be differentiated based on various parameters including: the level 

of invasiveness, the degree of mobility, spatial, and temporal resolution. In this 

section, I briefly describe and compare the most common non-invasive meth

ods, then I will describe the recording mechanism of EEG which is the focus of 
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my studies. Figure 2.1 compares the characteristics of non-invasive BCI tech

niques used in the literature. 

High 

PET fMRI""§ 
fNIRS ~ .______,, ,4_ ____.______,, 

~/ / 

Low HighSpatial Resolution 

Figure 2.1. A comparison of electromagnetic (green) and hemodynamic (blue) brain 
imaging techniques based on the degree of immobility (z-axis), temporal (x-axis), and 
spatial resolution (y-axis). 

Magnetoencephalogram (MEG) is a neuroimaging technique relying on the 

measuring of magnetic fields produced by electrical currents occurring 

within the dendrites of neurons. This technique provides both high tem

poral and high spatial resolution. However, current MEGs are bulky and 

not portable. Using MEGs requires a shielded room against environmen

tal magnetic fields and the cost of these devices are relatively high. 

Functional Magnetic Resonance Imaging (£MRI) measures the hemodynamic 

activity of brain using magnetic pulses. Since higher rates of blood glucose 

and oxygen get released to active neural cells than inactive ones, tracing 

blood oxygenation can reflect neural activity. The £MIR technique quan

tifies a specific reaction of oxygenated hemoglobin cells by generating a 

powerful induced magnetic resonance pulse. This neuroimaging method 
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has a high spatial resolution but its temporal resolution is low. The current 

£MRI systems are not portable yet and also have a high acquisition cost. 

Positron Emission Tomography (PET) measures the hemodynamic activity 

of the brain by emitting radionuclide tracers. Similar to £MRI, PET reflects 

the changes in the oxygenation of hemoglobin cells. This method is not 

portable and has a high spatial resolution but a low temporal resolution. 

functional Near Infrared Spectrography (fNIRS) measures the hemodynamic 

activity of brain based on the attenuation differences of near-infrared (NIR) 

light that is observable between oxygenated and deoxygenated hemoglobin. 

As a result, this technique needs the placement of both light emitter and 

detector on the scalp which limits its spatial resolution. Similar to the other 

techniques relying on the brain's hemodynamic activity, fNIRS has a low 

temporal resolution. However, this system is portable and it can be used 

in conjunction with EEG to construct a hybrid recording system providing 

both hemodynamic and electromagnetic components of brain activity. 

Electroencephalogram (EEG) measures the fluctuations of electrical voltage 

on the surface of scalp skin caused by changes in ionic currents within 

the neurons. EEG voltages are relative meaning that they are always mea

sured with respect to a reference thus the absolute voltages of electric po

tentials are not measurable by EEG. EEG offers a high temporal resolution 

but has a low spatial resolution due to the volume conduction of brain tis

sues. This issue can be relatively resolved by employing blind source lo

calization algorithms like Independent Component Analysis (ICA). EEG 

is portable and the cost of acquisition is not high. 
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Since all the studies conducted in my thesis are based on EEG, in the next 

section, I explain a more detailed description about the recording mechanism 

of EEG. The specifications of the wireless EEG setups which are used in my 

research (B-Alert EEG systems) can be found in section 3.2.1. 

2.3 EEG Mechanism of Brain Activity Recording 

Technically, EEG monitoring captures the summation of inhibitory and excita

tory postsynaptic potentials at the dendrites of neurons which are oriented in a 

parallel configuration. Upon the activation of ion channels on the neuron mem

brane by the releases neurotransmitters, ions start flowing inside and outside of 

the neuron that changes the potential of the local membrane at the postsynaptic 

neuron. These potential changes generate an electrical field around the neuron. 

The generated electrical field by a single neuron is too weak for being detectable 

by EEG. However, synchronous firing of thousands or tens of thousands neu

rons becomes powerful enough to be measurable by EEG from the surface of 

scalp [26]. 

Although brain tissue, skull, and scalp have different conductivity, the gen

erated electrical field can travel up to the top layer of the scalp. However, a low 

impedance bridge should be formed between the skin of the scalp and EEG elec

trodes. This is why usually for EEG recording electroconductive gels are being 

placed beneath the electrodes. Admittedly, EEG monitoring has some limita

tions and cannot measure all neural events. For instance, generated field poten

tials fluctuating on the opposing sides of sulcus with similar amplitude might 

cancel out each other. Furthermore, deep brain activities such as the potentials 

of thalamus, hippocampus, and brainstem are not easily measurable with EEG. 
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The unit measurement of EEG signals is typically microvolts (µV) which is 

a relative electrical potential with respect to a reference electrode placed some

where else on the head such as the ear-lobes, nose, or mastoids (the bone behind 

the ears). The range of EEG raw voltages may also differ across subjects due to 

the factors such as skull shape and thickness, scalp cleanness and impedance, 

or cortical folding. Therefore, interpretation of raw signals is difficult and usu

ally, frequency or time-frequency analysis is used to identify the relationship be

tween EEG activity and different cognitive processes. For time domain analysis, 

like Event Related Potentials (ERPs), normalization with respect to a baseline is 

a common approach to address the problem of individual differences. 

2.4 EEG-based Brain-Computer Interfaces 

Since in this research I focus on the use of EEG as the BCI modality, throughout 

this dissertation, the term BCI will stand for EEG-based BCI. Based on how the 

BCI is being used for the interaction, BCI systems can be categorized as either 

active or passive. The aim of using an active BCI is to explicitly command and 

control a system through brain activity, whereas passive BCis implicitly provide 

the system with the user's covert aspects of cognition [8]. 

2.4.1 Active Brain-Computer Interfaces 

The original goal of developing active BCis is to provide a communication and 

control channel for people with severe disabilities, particularly people who are 

completely paralyzed. For example, in an active BCI system, one may control 

a cursor or select letters on a screen only through identified patterns of brain 
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functional activity. Generally, active BCis rely on modulating the response of a 

large population of neurons caused by either (i) the voluntary control of mind 

by training subjects over a period of time, or (ii) a time-locked external stim

uli that can activate a large population of neurons. The systems which work 

based on the former approach are called self-paced (or asynchronous) BCls, since 

the subject can modulate the input signals voluntarily at any time without be

ing synchronized to a stimulus. Typically, self-paced BCis rely on using some 

form of motor or cognitive imagery that can generate a robust and reliable EEG 

pattern after a training period [27]. 

The most common self-paced active BCI method is motor imagery [28]. Mo

tor imagery is a mental process in which a person tries to generate specific EEG 

patterns by simulating a given motor action in mind. Functional neuroimaging 

techniques have shown that there is a degree of similarity between imagined 

motor action and actual movement which is the basis of this type of active BCI. 

Sensorimotor stimulation, motor actions, and mental imagery result in changes 

in the level of neural synchrony within different regions of the cortex. Sup

pressed and elevated spectral power in certain frequency components (mostly 

in alpha and beta bands) are known as event-related desynchronization (ERD) 

and event-related synchronization (ERS), respectively. BCI systems developed 

based on the motor imagery principle aim to detect the user's intentions from 

short-lasting ERDs and ERSs. 

The second group of active BCis are stimulus-based (or synchronous) BCis 

which mainly rely on the detection of specific EEG responses after the subject 

exposes to a time-locked stimulus such as a flashing light [27]. Contrary to the 

self-paced, stimulus-based BCI uses "evoked" EEG activities rather than "in

duced" activities. Thus, no training is required for using stimulus-based BCis 
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and compared to self-paced BCIS, a higher classification accuracy can be ob

tained for novice subjects. 

The most prominent examples of stimulus-based active BCis are P300 speller 

and steady-state visual evoked potential (SSVEP). The SSVEP response arises 

over visual cortex in the response to a steadily flickering stimulus with a fre

quency above 6 Hz. The corresponding flashing target, in which the user is 

looking at, can be detected in the visual cortex by examining the spectral con

tent of the EEG signals. Both P300 and SSVEP have been adopted to be used 

in various human computer-machine interaction applications such as computer 

aided design [29, 30], robot motion control [31, 32], and phone interface [33, 34]. 

2.4.2 Passive Brain-Computer Interfaces 

Contrary to active BCis that aim to be used as a direct control input based on 

intentionally generated brain activities, passive BCis aims to understand the 

covert aspects of user's cognition without the purpose of voluntary control. 

Based on the definition, covert aspects of cognition refer to processes which 

occur within the user's mind and cannot be detected reliably using overt ob

servations [9]. There have been some efforts to estimate covert cognitive states 

from behavioral analysis [35], yet the reliability of these methods is limited (e.g., 

understanding cognitive fatigue from eye movements). This is mainly due to 

the fact that the user's cognition is inherently hard to access by overt measures. 

Since EEG can provide information associated with the processes of the hu

man brain, which is the source of all cognitive activities, it is a potentially valu

able source of measurement to estimate covert aspects of cognition. In the field 

of passive BCI, EEG signals have been investigated for interpretation and de-
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tection of various cognitive processes. From EEG point of view, these cog

nitive states can be roughly categorized into two groups. The first group in

cludes long-term latent cognitive states such as workload, arousal, and fatigue; 

whereas, the second group is related to short-term and time-bounded cognitive 

processes, such as error-related negativity, which is known as cognitive events 

[36]. 

The former group of cognitive states often can be observed within a long pe

riod of time (from seconds to minutes and hours) as the effect of the presented 

task. A broad spectrum of cognitive states related to this group can be identified 

using EEG signal processing and machine learning algorithms such as work

load, vigilance [37], drowsiness [38], fatigue [39], visual/auditory attention [40], 

and emotional states [41]. On the other hand, the cognitive events (the second 

group) mostly arise and then disappear in less than a second after the pres

ence of a stimulus. The most common examples of cognitive events are surprise 

[42] and perceived machine error [43]. These temporary cognitive events can 

be distinguished mostly by analyzing time-domain features like Event-Related 

Potentials (ERPs) obtained from EEG. 

The use of ERPs, such as the amplitudes of NlO0 and P300 components, has 

several limitations and cannot be used in HRI applications easily. This is due 

to the fact that ERP analysis requires introducing time-locked probe stimuli to 

elicit the potentials and then averaging of the single trials over time, which are 

not feasible in many HRI applications. Thus, in my thesis, I focus on the in

vestigation of passive BCI for neuroergonomics aspects of human-robot collab

oration where the task performance is the main concern. Neuroergonomics is 

a field of study that investigates the application of neuroscience to ergonomics 

with a focus on the relationships between human performance and brain func-
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tions [44]. For this reason, only the EEG indicators of mental workload and 

vigilance, and their relationship with HRI performance are investigated in this 

thesis. The definition of these two cognitive states are explained in the follow

mg: 

• Mental Workload: Several theories have been postulated to define mental 

workload, but still there is no exact definition due to the complexity of 

human cognitive processes. In general, mental workload can be defined 

as the relationship between the mental processing capability and task

demand [45]. Thus, it is correlated with various factors such as difficulty 

level, time pressure, operator's capacity, effort, and experience. EEG has 

become the most studied physiological measure to study workload in dif

ferent applications such as air traffic control [46] and simulated driving 

tasks [47]. Similarly, reliably estimating the level of workload in real-time 

is an essential step to utilize passive BCis in HRI systems. 

• Vigilance and Distraction: Vigilance also has different definitions, but the 

most commonly used definition refers to the state of sustained attention 

or consistent alertness. From neuroergonomics point of view, vigilance de

scribes the ability to sustain attention to a cognitively demanding task for 

a period of time [48]. There are various factors ranging from psychology to 

motivation that can affect vigilance. For instance, performing a task with 

a high financial reward engages the attentional resources stronger than a 

no-reward case and can result in a better performance. Distraction, on the 

other hand, refers to the inability of maintaining sustain attestation or di

recting attention toward task-irrelevant stimuli. Distraction can be either 

voluntary or involuntary and may result in performance degradation. 



BCI Methodology 

3.1 Introduction 

In this chapter, I briefly describe the EEG acquisition and signal processing 

method which are similar for both human-robot teleoperation and cooperative 

manipulation tasks of my thesis. 

Signal Processing 
Signal Acquisition 

Digitized 
signal 

Preprocessing 
Filtering, artifact 

removal, etc. 

Feature Extraction 
Time and frequency 

domain 

Translation 
Classification/regression 

Interaction Examples Interface Types 

Active (Self-paced) Neuroprosthesis 
Intentionally generated 

e.g., Sensorimotor imagery 

Active (Stimulus-based) P300 Keyboard
Feedback Time-locked stimuli 

e.g., P300 speller 

Passive 
Cognitive state monitoring 

Skill Assessment 

e.g., Workload 

Figure 3.1. The overall block diagram for signal processing in active and passive BCis. 
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Regardless of the interaction type, active and passive BCI systems share the 

same fundamental steps in the EEG signal processing and translation as illus

trated in Figure 3.1. After describing the EEG acquisition devices that are used 

in my thesis, the successive steps of EEG signal processing including prepro

cessing, feature extraction, and translation will be discussed. 

3.2 EEG Acquisition 

3.2.1 B-Alert EEG Systems 

Throughout my thesis, B-Alert wireless headsets (from Advanced Brain Moni

toring Inc., Carlsberg, CA, USA) are being used to acquire EEG from the scalp. 

Two different EEG montages including B-Alert XlO and X24 are used for the 

case of human-robot teleoperation and cooperative manipulation, respectively. 

The portability and flexibility of EEG straps allow mobility during recording 

which is essential for HRI applications that require human movement. B-Alert 

XlO and X24 montages record noninvasive EEG signals from 9 and 20 locations, 

respectively. These channels are determined according to 10/20 international 

EEG system and are shown in Figure 3.2. EEG signals are recorded with a sam

pling rate of 256 Hz, referenced with respect to linked electrodes placed on the 

mastoids, and then transmitted to a nearby computer via a Bluetooth link for 

further analysis. 

Prior to the main experiments of HRI studies, all the subjects have completed 

a set of neuro-cognitive assessment tests to create the individualized EEG pro

files required by the B-Alert workload and engagement metrics. The bench

marking session includes three distinct tasks for discriminating vigilance states 
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Figure 3.2. EEG acquisition unit. The locations of EEG electrodes on the scalp for (b) 
B-Alert XlO and (c) B-Alert X24. 

[37]: 

• 3-choice vigilance task (3CVT): This task is considered as the state of high

alertness and the obtained baseline from this task is used for discrimina

tion of high engagement class. 

• Visual Psychomotor Vigilance Task (VPVT): This task requires subject to re

spond to a visual stimulus every 2-sec and is considered as the state of 

low-engagement. 

• Auditory Psychomotor Vigilance Task (APVT): This task requires subject to 

respond to an auditory stimulus every 5-sec with closed eyes and is con

sidered as the state of distraction. 

In addition, the B-Alert workload classifier has been trained on the data of 

five working memory tests with variable difficulty including grid, forward digit 

span, mental arithmetic, backward digit span, and trails test. The workload 

classifier has a binary output (low- and high-workload). 
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3.3 Artifact Removal 

Raw EEG signals are usually contaminated with different artifacts and the very 

first step of EEG signal processing is to identify and exclude different types of 

artifacts from data. In general, EEG artifacts can be categorized into two groups 

depending on their source and nature: 

Internal (or physiological) artifacts: EEG sensors also record data from non

neural physiological sources such as muscle activities. Human eyes and 

their associated muscles are a major source of artifact during EEG record

mg. 

External (or environmental) artifacts: Different sources of electrical current 

and magnetic fields presented in a close proximity to EEG sensors can 

potentially introduce noise or artifacts into EEG recording. For instance, 

head movements in an electrical field can generate noise. A typical source 

of environmental artifact is power line noise which can be easily cleaned 

from the data by applying a notch-filter at the frequency of power lines 

(e.g., 60 Hz in the USA). 

Different techniques have been proposed to decontaminate raw signals by 

identifying and removing physiological and environmental artifacts. In this the

sis, two different approaches are used for B-Alert X-10 and X-24 montages, due 

to their difference in spatial resolution (the number of channels) which are de

scribed in the next section. 
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3.3.1 Artifact Removal for B-Alert X-10 

Due to the small number of EEG channels in B-Alert X-10, the use of spatial 

filtering methods is limited for artifact removal. Therefore, an automatic pro

cedure based on the temporal and spectral characteristics of the signals is used 

as implemented in B-Alert recording systems. First, the EEG signals are band

passed filtered (0.1-70 Hz and 20db/decade roll-off) and a 60-Hz notch filter is 

applied in order to remove power line artifacts. Spikes are identified as they 

introduce significant changes in the EEG amplitude over a short period of time 

and to remove their effects, signal values are interpolated. Excursions and am

plifier saturation are detected when EEG exceeds a pre-defined threshold and 

contaminated periods are replaced with zero values. A combination of high

frequency EMG (70 to 128 Hz) and low-frequency EMG (35 to 40 Hz) compo

nents are used to identify periods with excessive muscle activities and they are 

filtered from signals. To detect eye blinks, a linear discriminant analysis clas

sifier is trained on the wavelet coefficients of two bipolar sensor sites (Fz-POz 

and Cz-POz). When an eye-blink is identified, artifact components are removed 

from wavelet coefficients and a decontaminated signal is reconstructed accord

ingly. 

3.3.2 Artifact Removal for B-Alert X-24 

Since B-Alert X-24 provide a higher spatial resolution, a powerful spatial filter

ing algorithm, known as Independent Component Analysis (ICA) is used for 

artifact removal. Pre-processing is performed using the EEGLAB toolbox for 

MATLAB [49] and custom MATLAB scripts. EEG signals are first band-pass fil

tered using a two-way least-squares FIR filter in the range of 0.3 to 50 Hz (as im-
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plemented in the eegfilt.m script from EEGLAB toolbox). For each participant, 

ICA is applied to the filtered data using the extended InfoMax method as imple

mented in EEGLAB [50]. Independent components, predominantly driven by 

sources of artifact including eye-blinks, vertical and horizontal eye movements, 

and muscle activity, are visually identified based on IC topography, spectral 

curve, and time-course activity, and then removed from the EEG signals. 

3.4 Feature Extraction 

The cleaned continuous signals are then segmented into 2-seconds epochs for 

feature extraction. Various features have been used in the literature for EEG

base classification of different mental states. Generally, EEG features can be dis

tinguished in the time domain, frequency domain, and time-frequency domain 

[51]. 

The amplitude and latency of Event Related Potentials (ERPs) are the most 

common time domain features. However, it is difficult to detect ERPs from con

tinuous data and introducing probe stimuli into the task is required to elicit the 

potentials [52]. Furthermore, obtaining clean ERPs requires averaging over tens 

of trials which is not applicable in many real-world scenarios, particularly HRI 

applications of interest, in this thesis. Other time domain EEG features, such 

as Hjorth parameters [53], mostly capture statistical properties of EEG signals 

which are highly subject-dependent and non-stationary making then an inap

propriate selection for passive BCis. 

The most popular features in the context of cognitive state recognition from 

EEG are related to the frequency domain since oscillations appear to be the fun

damental neural mechanism that enables the synchronization of neural activ-
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ity within and across brain regions [51]. Band power is the most common fre

quency domain feature and different algorithms have been proposed to calcu

late band power, such as fast Fourier transform (FFT), short-time Fourier trans

form (STFT) or the estimation of spectral power density using Welch's method. 

In this thesis, the obtained periodograms are averaged across 6 frequency bands, 

to reduce the dimensionality of feature space, including theta [4-7 Hz], lower

alpha [8-10 Hz], higher-alpha [11-13 Hz], lower-beta [14-22 Hz], higher-beta [23-

35 Hz] and gamma [36-44 Hz]. 

Time-frequency methods for EEG feature extraction provide the capability of 

studying EEG patterns in both the time and frequency domains simultaneously. 

Discrete Wavelet Transform and Hilbert-Huang Spectrum are the most common 

time-frequency methods in EEG analysis [54]. These methods are very useful 

tools for analyzing short duration EEG data such as cognitive events. 

In addition to the abovementioned EEG features which only capture the 

activity of a single electrode, several methods have been used in the litera

ture to measure the functional connectivity between electrodes. Linear power

based connectivity (e.g., spectral coherence), mutual information methods and 

Granger causality are the most common functional connectivity methods [54]. 

In this thesis, spectral power density and coherence features are mainly used 

due to their robustness over time and low computational cost for real-time anal

ysis. 

3.5 Feature Selection 

A feature selection procedure is usually required to reduce the dimensional

ity of the feature space and avoid over-fitting issues. Various feature selection 
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methods are proposed for multi-channel EEG data that can generally be divided 

into two major categories including filter and wrapper methods [51]. The dis

tinction between these two feature selection approaches is their connection with 

the classification algorithm. Filter methods select the features without involv

ing any supervised learning algorithm and they determine the relevance of fea

tures based on the feature inherent properties such as distance, correlation, and 

consistency [55]. Filter methods offer more generality to be used across differ

ent classifiers and they are computationally less expensive than the wrapper 

methods which makes them suitable for very high-dimensional data. How

ever, filter-based approaches may not select the most relevant feature set for 

the learning algorithm of interest. Among various filter methods, Relief [56] 

and Min-Redundancy-Max-Relevance (MRMR) [57] are the most common al

gorithms used for EEG feature selection, particularly when the features are ex

tracted from high-density EEG electrodes (e.g., [58]). 

The wrapper methods, on the other hand, have a tendency to find relevant 

features subset for a particular target classification algorithm by incorporating 

the supervised learning for validating the generated feature subsets [59]. Some 

common wrapper algorithms are forward feature selection, backward feature 

elimination, and recursive feature elimination. Regarding EEG feature selec

tion, the wrapper methods are found to be outperformed than the filter-based 

approach in terms of accuracy, especially when a low-density EEG is used and 

the dimensionality of feature space is not an issue [60]. Hence, in this thesis, 

wrapper methods are utilized for feature selection stage of EEG signal process

mg. 
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3.6 Translation 

The last step in BCI signal processing is the translation algorithm which con

verts the extracted set of EEG features into a set of interpretable output signals. 

Generally, conventional classification or regression algorithms can be used as 

the translation step. 

A BCI classifier assigns class labels yEY to a p-dimensional feature vector x 

for each data epoch. The most simple case is a binary classifier which discrimi

nates between only two distinct classes. A binary classification problem can be 

converted to finding a boundary in the feature space that best separates the two 

labeled training data. Thus, various methods mainly differ in terms of how this 

boundary is computed based on training data. For the case of multiple classes, 

one may either use algorithms relying on combining multiple binary classifiers 

( e.g., voting or one versus all) or construct a single classifier which is inherently 

capable of discriminating multiple classes (e.g., k-Nearest Neighbors or Naive 

Bayes classifiers). 

Contrary to classification approach that translates the input EEG features 

into one of a finite number of classes, regression methods map each data epoch 

to a continuous scalar or vector output. There are various approaches to con

struct a BCI regressor, ranging from simple linear regression to nonlinear (e.g., 

neural networks) and probabilistic methods (e.g., Gaussian processes). 

Throughout this thesis, linear translation methods are mainly utilized, since 

they are simple to implement and fast enough to be used in online applications. 
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3.6.1 Linear Discriminant Analysis 

Linear Discriminant Analysis (LDA), also called Fisher's linear discriminant, 

is a popular and robust classification method for BCI studies [61]. Although 

LDA classifiers have been shown to produce good results for EEG-based clas

sifications, they are sensitive to noise and outliers due to the assumption of 

normality. Therefore, for using LDA classification approach, careful EEG data 

pre-processing, artifact removal, and feature extraction are very important. 

A binary LDA classifier divides the feature space into two half-spaces each 

of which represents a class label ( +1 or -1). The discriminant boundary is simply 

given by: 

(3.1) 

where x E IRf is the input feature vector; wand w 0 are hyperplane's normal vec

tor and its intercept, respectively, which should be determined based on training 

data. The label of a new given data is assigned by, 

(3.2) 

LD A assumes that the class conditional probability density functions, P(x Ic), 

are normal distributions with mean and covariance of (µ c,I:.c) for cE{l,2}. By 

this assumption, it can be shown that the optimal Bayes discriminant assigns 

a new point to the second class if the log-likelihood ratio is larger than some 

threshold t. This can be reduced to: 
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By assuming identical class covariances CE1 =!:2=!:), the normal to the dis

criminant hyperplane w can be obtained by: 

(3.4) 

This choice for w defines a boundary that maximizes the distance between pro

jected means, meanwhile minimizing the within-class variance of the projected 

data. There is no general choice for the intercept, but a good choice would be 

the middle of the projection of the two class means which is: 

(3.5) 

LDA can be generalized to be used for multi-class problems with an arbi

trary number of classes (C classes). Given a sample set of x1, ..., Xn and their 

corresponding label y1, ... , Yn, the multi-class LDA can be formulated as an opti

mization problem that seeks to find a set of hyperplanes w that maximizes the 

ratio of the between-class scattering, (3.8), to the within-class scattering covari

ance, (3.7): 
wTS W 

w = argmax T b (3.6) 
w Sww 

n 

Sw = I)xi - µyi) (xi - µyi? (3.7) 
i=l 

C 

Sb= L nk(µk - µ)(µk - µ? (3.8) 
k=l 

where µyi is the mean of the class related to i th sample; µ is the overall mean of 

samples; nk is the number of samples in the kth class. This optimization prob

lem leads to an eigenvalue problem given in (3.9). The optimization solution 
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indicates that (C-1) generalized eigenvectors corresponding to (C-1) largest 

eigenvalues can be used to map a data point to a new C-1 dimensional feature 

space. To classify the scaled data point, Euclidean distance to the mapped class 

means is often being used (centroid-based LDA). 

(3.9) 

3.6.1.1 Stepwise Linear Discriminant Analysis 

To reduce the dimensionality of feature space and avoid over-training, stepwise 

LDA (SWLDA) offers the selection of features with the highest independent 

discriminative information. SWLDA is a numerical approach that iteratively 

enters/removes features with significant/insignificant discrimination effect on 

the LDA classifier. Various statistic scores can be used for entering or removing 

new variables such as Wilks' lambda, unexplained variance, and Mahalanobis 

distance. The stepwise procedure starts with a model without any of the predic

tors. At each step, the predictor with the largest significant effect to enter (e.g., 

p-value less than 0.05) will be added to the model. At the predictor removal 

stage, the predictors are tested for being removed from the model, one at a time 

from the pool of selected predictors. The significant effect sizes are computed 

for each removal and the predictor with the smallest effect sizes will be removed 

from the model (e.g., p-value larger than 0.1). The procedure terminates once 

there was no more predictor that can satisfy the statistical criteria for entering 

and removing. 
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3.6.2 Linear Regression 

Linear regression assumes that the underlying relationship between the input 

feature vector and the output is linear. In the simplest case, the input is an n

dimensional feature vector and the output is a scalar value. Thus, the linear 

regression model is: 
f 

y = LWiXi+wo = wTx+wo (3.10) 
i=l 

where w is the weight vector [w1 ... w1f and Wo represents intercept. These co

efficients must be identified from training data. One common approach to find 

these parameters is the minimization of a Lp-norm error function as presented 

below, 

(3.11) 

For p=2, the error function (3.11) is Euclidean distance which defines or

dinary least squares regression and the solution can be obtained via Moore

Penrose pseudoinverse method (3.12). 

(3.12) 

where y is the vector of outputs from training data set; Xis the input matrix and 

its rows are the feature vectors of the training data points and it is assumed that 

(XTx) - 1 exists. Note that in (3.12), the offset coefficient w0 can be included in 

w by replacing x with [x; 1]T. 

Other L-norm error functions can also be used to form the regression anal

ysis. For instance, Li-norm defines Least Absolute Deviation (LAD) regression 

which is robust to very large outliers. 
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3.6.2.1 Regularized Linear Regression 

In order to moderate the curse of dimensionality in EEG data and reduce the 

over-fitting issue, regularization approaches can be intruded in the regression 

analysis. The idea is to simultaneously minimize the discrepancy between the 

output vector and the linear transformation, while preventing the coefficients 

wi from being too large. Since these two objectives compete, they should be 

combined as a single cost function. This can be achieved by forming a linear 

sum of the two objectives known as Elastic Net method [62]: 

(3.13) 

where 

(3.14) 

In (3.13), A is a non-negative scalar weight; a: ranges from Oto 1 to balance the 

penalty terms in (3.6.2.1) that interpolates between the L1 norm and the squared 

L2 norm of w. As a: approaches toward 0, the elastic net gets closer to ridge 

regression whereas an a: value of 1 represents lasso regression [63]. Usually, a 

numerical optimization method is required to solve this multi-objective opti

mization problem. 

Note that the ridge regression produces shrinkage of coefficients towards 

zero while it cannot zero out coefficients. Thus, all the features will be included 

in the model. In the lasso regression, on the other hand, both coefficient shrink

age and selection are done simultaneously. Therefore, usually in the lasso re

gression, some of the features will end up with zero weights and can be removed 

from the model. 
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3.7 Intra- and Inter-Subject Evaluation 

An evaluation technique is required to validate the classification/regression 

model by assessing how the predictive model will generalize to an independent 

testing data set. In fact, the goal of model verification is to evaluate the perfor

mance of the predictive model and identify problems like over-fitting. For this 

purpose, it is common to split the data set into training and testing data sets. 

If the predictive model requires the tuning of some parameters, the training 

dataset itself can be divided into training and validation data sets to find opti

mal parameters. Since the outcome might be sensitive to how the data is split, 

usually K-fold cross-validation strategy is being used in which the dataset is 

split into K approximately equal-sized sub-sets. Then, K - 1 of sets are used for 

training (and validation if needed) and one set is used for testing. The overall 

error rate then is calculated by averaging the resulting K individual errors. 

Since in BCI studies, datasets are extracted from different human subjects, 

usually, two model evaluation approaches (intra- and inter-subject) can be em

ployed. In the intra-subject approach, the model is trained and tested on the 

data from only one participant. However, in the inter-subject evaluation, a 

leave-one-subject-out approach is being used in which the model is trained on 

data from all the subjects except the one who is assigned for testing. 

Typically, an inter-subject evaluation yields to a lower accuracy than intra

subject due to the presence of individual differences. There are at least two ma

jor individual differences contributing to such performance degradation. First, 

individual differences in brain anatomy and misalignment of EEG sensor loca

tions. Second, functional differences in how participants perceive and perform 

the task which influence the cortical activities involved in the task. 



Operator Performance Estimation in 

Human-Robot Teleoperation 

4.1 Introduction 

Mobile robots are becoming more involved in the variety of teleoperation tasks 

such as surveillance of large areas, search and rescue and military missions 

[2]. However, fully autonomous systems are still vulnerable in unconstrained 

environments where unanticipated events and uncertainties are unavoidable. 

As a result, human-robot teamwork is often required in time-critical and risk

sensitive missions. Depending on the level of autonomy and the nature of the 

task, one human operator may even be able to cooperate with multiple robots 

simultaneously [66]. For instance, in supervisory control where team coordina

tion is the main task of the operator, it would be feasible for a single operator to 

cooperate with up to 12 unmanned aerial vehicles [20, 21]. However, for low

level control tasks such as visual scanning or manual maneuvering, which is the 

The contents of this chapter is based on our previous publications [64) © IEEE-2018 and [65) © 

ASME-2016 with permission. 
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focus of this study, the size of the human-robot team is significantly smaller to 

attenuate the cognitive burden on the operator [22]. 

To consistently sustain vigilance, an operator needs to maintain a high-level 

of Situation Awareness (SA) while dividing his /her attention among team mem

bers. The most important factors contributing to the loss of SA are mental work

load, level of expertise and multitasking (management of attention) [67]. For in

stance, performing multiple tasks with a limited level of autonomy may increase 

the mental workload to the extent that it exceeds operator mental capabilities 

and ultimately leads to the loss of SA and performance degradation. To pre

dict and avoid such situations, a coherent human-aware framework is required 

to enhance human performance by adapting the system behaviors, modifying 

the task allocations or changing robots' initiative level, in order to maintain the 

operator performance within an acceptable range. 

The main challenge in the design of such adaptive frameworks is the lack of 

direct and real-time evaluations of performance factors. For instance, reaction 

time and the accuracy of the target detection are the most popular metrics to 

evaluate the operator performance in a visual search task. However, calculat

ing these metrics require prior knowledge about the exact location of the tar

gets which are not available in real teleoperation scenarios. In other words, the 

performance metrics are hidden variables that need to be estimated from some 

observable measurements. 

To address this issue, I propose a cognitive model to estimate the operator's 

performance and situation awareness from their physiological measurements 

and also taking into account their individual differences in cognitive abilities. 

For this purpose, I have considered cognitive features extracted from two phys

iological modalities: brain activity and eye movements. By studying the rela-
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tionship between these cognitive measures and the operator's performance and 

situation awareness, I have developed a model to estimate his/her performance 

in real-time. In the next section, I provide a background on physiological moni

toring in human-robot interaction and summarize the main contributions of this 

work. 

4.2 Background 

Recent advances in the non-invasive sensing technologies have provided portable 

and wearable solutions to record and process physiological data in out-of-lab 

settings. As a result, these systems have received much attention in recent years 

to estimate different cognitive states such as mental workload, engagement [37], 

satisfaction [68], distraction, and fatigue [69]. 

For instance, Bekele et al. [70] developed an adaptive framework to mod

ify the behavior of a social robot through monitoring physiological responses. 

Esfahani and Sundararajan [ 68] proposed an approach to detect human satisfac

tion level in human-robot interaction. Largest Lyapunov exponents and alpha

asymmetry in the frontal cortex were the main features of that study which were 

extracted from brain activity of the subjects. Wright et al. [71] studied the rela

tionship between eye movement features and subjective measures of workload 

and SA in a collaborative task with a team of mobile robots. They observed pos

itive correlations between eye fixation count and self-reported workload and SA 

in manual control of robots. Novak et al. [72] utilized physiological signals in

cluding electroencephalography, autonomic nervous system responses and eye 

tracking in the physical interaction with a robotic arm to estimate human work

load and effort. Similar modalities are used to classify task difficulty in software 
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development to avoid programmers from introducing bugs in their codes [73]. 

Physiological data has also been studied to estimate human performance 

in variety of domains such as driving [74, 75], aviation [76, 77], rehabilitation 

[78, 79], and surgical training [80, 81, 82]. In most of these applications, mental 

workload has been extensively investigated as the main cognitive factor that in

fluences human performance. In these cases, adaptive automation techniques 

are used to keep operator workload within an acceptable level [83]. Although 

mental workload-based adaptive frameworks have been found to enhance the 

performance of human-machine interaction, they face several challenges that 

limit their successful implementation [14]. Some of these limitations are sum

marized as follow: 

First, individual differences in cognitive abilities significantly influence the 

human performance in multi-tasking environments. Depending on the nature 

of a task, different cognitive skills such as attentional control, spatial ability, 

working memory capacity and gaming experience have been shown to affect 

the performance in supervisory control of multiple robots [84, 13]. In complex 

visual demanding tasks, action-video-gamers have been found to outperform 

infrequent/non-gamers. They have demonstrated enhanced spatial resolution 

in visual processing [85], faster reaction time [86] and improved attention allo

cation [87]. Therefore, a reliable performance estimation model should properly 

include the individual differences most relevant to each performance metric. 

Second, mental workload estimated from the brain activity, particularly EEG, 

is task-specific [14, 15]. An EEG-based classifier can determine the mental work

load very well when used for the task on which the classifier was trained, but 

may fail if used for similar tasks not included in the training data. This is partic

ularly important in the case of teleoperation, where the physical separation be-
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tween the operator and the physical environment increases the variability and 

uncertainty in the task type and make it impractical to train a classifier on all 

possible scenarios. Yet, there is no study to demonstrate to what extent the stan

dard EEG-based workload classifiers can be applied for performance prediction 

in complex human-machine systems. 

Third, increasing the level of mental workload typically leads to perfor

mance degradation, however based on the nature of a task, performance and 

workload might be dissociated [88]. Therefore, workload-based adaptation meth

ods are more effective in the applications associated with high-risk or long du

ration tasks where operators are subjected to high levels of workload and safety 

is the main concern. It has been suggested that measures of both mental work

load and SA are vital for elevating the performance of complex human-machine 

systems as they complement each other [11]. 

The purpose of the present study is to examine the relationship between 

physiological measures, operator performance and SA in a tele-exploration task 

with a small group of robotic drones. Compared to prior works which are 

mostly limited to the workload analysis, in this study we aim to address the 

above mentioned problems through: (1) Developing a more comprehensive per

formance prediction model by including cognitive measures extracted from two 

different modalities (eye movement and brain activity) as well as the effect of 

individual differences in my assessment analysis. The cognitive features are se

lected to capture information about the mental workload and both the overt and 

covert aspect of attention. (2) We also examine the effects of individual differ

ences on the physiological measures and show how the identified factors can 

be used to individualize the performance estimation models. (3) Furthermore, 

we investigate the generalizability of EEG indices of workload and distraction 
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obtained from standard neuro-cognitive assessment tests, to be used in opera

tional environments. 

In general, the outcome of this study is expected to advance knowledge 

on the real-time prediction of the operator's performance and his/her level of 

situation awareness in teleoperations. The developed performance prediction 

model in this work can be utilized in future studies to define and develop an 

intelligent layer between human operators and robotic agents, where the es

timated performance metrics play critical roles in the adaption of the system 

behavior and enhancing task performance. 

4.3 Materials and Methods 

An interactive physics-based simulation environment is developed to study the 

cognition of human operators in interacting with a small team of robots (Figure 

4.1). Eye movements and brain activity, recorded in terms of EEG signals, are the 

two physiological modalities used to determine human cognitive states. An eye 

tracker can provide physiological data in terms of gaze location that is usually 

an indicator of the overt aspect of attention, while EEG signals reflect the neural 

activity of the brain which can be considered as the covert aspect of attention. 

Therefore, by combining these two modalities we took the advantage of both 

overt and covert aspects of attention in my cognitive analysis. The details of the 

experimental setup and conducted user study are provided in this section. 
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IJAV1(Manual) UAV2(Aotonomout) 

Figure 4.1. Experimental Setup: (a) Graphical user interface and (b) data recording and 
control interfaces. 

4.3.1 Participants 

22 subjects (16 males and 6 females) were recruited from University at Buffalo. 

Participants' ages ranged from 23 to 37 years (M = 26.8, SD = 3.7) and they 

had normal or corrected to normal vision. None of the participants had prior 

experience with manual control of robotic drones, however, they were frequent 

computer users. 

4.3.2 Teleoperation Simulator 

In order to conduct experiments in a controlled environment, a simulator is de

veloped based on the V-REP framework [89]. V-REP is an open-source robot 

simulation framework that enables users to create and visualize detailed and 

realistic 3D virtual environment. V-REP manages the simulated objects based 

on a distributed control architecture, which provides users with the possibility 

of controlling objects of the virtual scene from remote client nodes. These ca

pabilities made the V-REP an appropriate framework to simulate a multi-robot 

systems interacting with a single or multiple human operators. The block dia

gram of the software modules is shown in Figure 4.2. 

In this study, a customized version of the built-in drone model in V-REP 
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Figure 4.2. Block diagram of the software framework used in teleoperation simulator. 

is used as the robotic agent. Two vision sensors are attached to the drone's 

main body to provide users with RGB video streams from the top-down and 

front field of views. The angle of view for vision sensors is set to 45°. Drone 

dynamics and corresponding low-level controllers are also implemented in the 

simulation environment such that each drone can fly in either stabilized manual 

or autonomous mode by tracking point-to-point trajectories. 

Furthermore, a graphical user interface (GUI), as shown in Figure 4.la, is 

developed to enable users to interact with the drones for the tele-exploration 

task of this study. For each drone, this GUI provides users with a message box, 

rough map, and video stream switchable between the front and top-down cam

eras. A commercial 4-axes joystick is also used as the command interface and 

navigation tool for the manual control. 
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4.3.3 Data Collection 

4.3.3.1 Brain Activity 

The B-Alert XlO wireless headset is utilized to capture the brain activity of 

the subjects for the human-robot teleoperation experiment. Real-time cognitive 

states including the level of mental workload and distraction are then extracted 

from artifact-free EEG data for each 1-second epoch. Each subject performed 

a set of neuro-cognitive assessments to individualize the EEG classifiers which 

has been discussed in Section 3.2.1. 

4.3.3.2 Eye Movement 

The Eye Tribe eye tracker (The EyeTribe, Copenhagen, Denmark) is used to 

record eye movements at a sampling rate of 30 Hz. This is a non-contact tracking 

system that captures user's binocular gaze information via an infrared camera. 

The Eye Tribe is placed below the users' monitor and calibrated for each indi

vidual participant prior to the experimental study. Eye movement features are 

extracted from estimated gaze location on the computer display as well as pupil 

dilation. 

4.3.3.3 Tests of Individual Differences 

Visual Search (VS) and Multiple Object Tracking (MOT) tests are used to cap

ture individual differences in visual skills. These two skills have shown to be 

related to the performance of video gamers in terms of target detection, situation 

awareness and reaction time [87]. In this specific application, VS is used as an 

indication of how fast and accurate targets can be detected, whereas MOT rep

resents the number of objects that an individual can track simultaneously. The 
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results of these quantitative assessments are used to categorize subjects' skill 

levels into low and high groups. This information is then used in the statistical 

analysis and also personalizing the performance prediction models. 

4.3.4 Experimental Procedure 

After briefing the participants about the experimental procedure, individual 

differences in visual skills are assessed. EEG baseline of cognitive states is 

also recorded by conducting a neuro-cognitive test. Finally, participants are 

instructed to perform a tele-exploration task in which their brain activity, eye 

movements, and performance are measured. Followings are the description of 

the experiments for recording VS, MOT and EEG baselines. 

4.3.4.1 Visual Search 

The VS test conducted in this study is adopted from the easy display VS exper

iment designed by Castel et al. [90]. Figure 4.3 illustrates the sequence of a VS 

trial. 

1000 (ms) 

RT (ms) 

Figure 4.3. Trial sequence of the Visual Search paradigm. 
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Participants are asked to determine the presence or absence of a target letter 

("T") by pressing keyboard buttons "p" for presence and "a" for absence. At the 

beginning of each trial, a cross shape is illustrated in the center of the display as 

the fixation point for 500 ms. In each trial, the target letter and a set of distractors 

are randomly located on the screen with 50% probability for the presence of the 

target letter. A total number of 200 trials are recorded from each participant. 

These trials are randomly selected from four different sizes of 8, 12, 16 and 20 

letters, each of which repeated 50 times. Upon receiving a response key from the 

participant, the trial is ended and both the reaction time and response key are 

recorded. Participants are asked to react as quickly and accurately as possible. 

A publicly-available MATLAB code [91] based on PsychToolbox [92] is modified 

and used to measure participants' VS skill. 

4.3.4.2 Multiple Object Tracking 

MOT test offers an experimental approach to evaluate the number of moving 

objects that a person can track simultaneously [93, 94]. Contrary to the VS task 

that requires discrete shifts of attention over time, MOT task depends upon con

current allocation of attention to several moving objects. For example, driving 

requires allocation of attention to multiple moving objects, such as other vehi

cles and pedestrians. Likewise, in the case of interaction with multiple drones, 

the level of operator's MOT skill can potentially affect his/her performance and 

situation awareness. 

Figure 4.4 demonstrates the sequences of a sample MOT trial that is con

ducted in this study. At the beginning of each trial, a set of 12 identical circles 

appear on the screen and move in random directions. After 4 seconds, a random 

subset of these circles is temporally highlighted to identify the target objects. Af-
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Figure 4.4. Trial sequence of Multiple Object Tracking paradigm. Red circles in the third 
screen represent the target objects which the participants were asked to keep track of 
them. 

ter 4 seconds of temporary highlights, the target objects turn back to the normal 

color and become visually indistinguishable from the others. Participants are 

asked to track the moving targets even after the highlights are removed. After 

6 seconds of tracking, circles stop and the participants are asked to identify all 

the target circles. This experiment is conducted with 5 sets of 2 to 6 targets. Ten 

trials are repeated per each set that results in a total of 50 trials. The number of 

correctly identified targets is averaged over all the trials and is used as the MOT 

score. 

4.3.4.3 Teleoperation Experiment 

Participants receive training and then practice on the simulator's elements and 

the required tasks. They are also asked to perform a short practice trial to gain 

adequate experience in controlling the drones by joystick and accomplish all the 

task objectives independently. In the main experiment, participants perform an 
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aerial exploration using two robotic drones to detect and identify specific geo

metrical objects among distractors (Figure 4.5d), which ar randomly distributed 

over the search area (Figure 4.5b ). The experiment is approximately 20 minutes 

long during which participants monitor two drones; one always in autonomous 

mode, and the other one requires manual control after a while. 

[!] 

Si8e View 

Figure 4.5. Simulated tele-exploration task: (a) top view of search area, (b) Random 
distributions of targets and distractors over the search area, (c) side view of the search 
area, (d) Target shapes (cube and torus) and 6 distractors. 

As shown in Figure 4.6, the experimental scenario consists of two levels of 

Task-Type, each of them includes two levels of Task-Load resulting in a facto-
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I Task-Type 1 ,..I____T__a__s__k__s__.....,I Task-Type 2 I 

VS-VS 

Low Task-Load 

LVS-VS HVS-VS GMC-VS FMC-VS 

1st Drone : Autonomous 1st Drone : Manual 
2nd Drone : Autonomous 2nd Drone : Autonomous 

Figure 4.6. Factorial design of the experiment. 

rial design. The experiment begins with the simultaneous visual scanning of 

the camera feeds of the two drones (VS). In this level of Task-Type, both drones 

autonomously track predefined trajectories and the participant is asked to visu

ally scan the captured videos from top-down cameras and record the location of 

observed targets by pressing a button on the joystick. Two levels of Task-Load 

including low (LVS-VS) and high (HVS-VS) visual load are included in the ex

periment. The higher visual task load is achieved by increasing the speed of the 

drones and accordingly faster video streams to process by the operator. 

The second level of Task-Type is composed of simultaneous manual control 

and visual scanning tasks (MC-VS). Instantly after VS-VS task, the first drone 

sends a message and asks to be switched to the manual mode while the sec

ond drone continues the exploration in the autonomous mode. In the manual 

mode, users have access to the drone's front camera to navigate easier. There 

are also two levels of Task-Loads in manual maneuvering, that are gross and 

fine manual control. In the Gross Manual Control (GMC), subjects are asked 

to navigate the first drone along a provided path on the map (see the path in 

Figure 4.5a) and simultaneously detect targets on the second drone's camera 

(GMC-VS). This maneuvering is conducted in the presence of no obstacle, thus 

it is considered as low level difficulty. Contrary to GMC-VS, the second level of 



53 

Task-Load requires fine manual control of the first drone along with visual scan

ning of the second drone (FMC-VS). This task is called fine manual control since 

obstacle avoidance and fine motion control are needed to enter and explore the 

inside of two abandoned buildings (see Figure 4.5a and c). 

4.4 Data Analysis 

4.4.1 Eye Tracking Metrics 

Eye tracking metrics are mainly defined in an overall or AOI-based (Area Of 

Interest) fashions . AOis are regions of the display or visual stimuli that contain 

objects of interest and are usually defined based on the semantic information of 

the display. In this study, the GUI is divided into 7 AOis as shown in Figure 4.7. 

These AOis include the message boxes, maps and camera views of the drones. 
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Figure 4.7. Operator GUI and defined AOis along with a heatmap of gaze locations 
corresponding to a training session 

To identify periods of gaze fixations from noisy data of eye movements, a 



54 

publicly available software [95] relying on a dispersion-threshold identification 

algorithm [96] is used. This method identifies fixations as groups of consecutive 

points within a particular dispersion, or maximum separation in a sliding win

dow of 11 samples (corresponding to about 360 ms). For each trial, a threshold 

of 7.5% of the maximum variance is used to identify saccades corresponding to 

peaks in signal variance. Then, the fixation detection criterion is defined as the 

period of time between two successive saccades with a minimum duration of 

120 ms as suggested in [96]. The optimal choices of thresholds for variance and 

minimum fixation duration are obtained through visual inspection on a random 

subset of the recorded data. Each fixation point is then compared with the pre

defined AOis to identify glances made at each of the AOis. Holmqvist et al. 

[97] have gathered a comprehensive review of different eye tracking measures 

among which three metrics associated with underlying cognitive activities are 

adopted in this study. 

• Fixation Rate (FR) is the number of fixations occurred within one second 

time windows. The interpretation of this metric varies based on the task 

type and associated cognitive functions. Usability studies have shown that 

in general, FR is related to semantic informativeness and search difficulty 

[98]. 

• Glance Ratio (GR) represents the percent of time glances are within an area 

of interest. In this study, it is defined as the percentage of the glances 

within AOis associated with the first drone (1, 3 and 5) to the ones as

sociated with the second drone (2, 4 and 6). Typically, glance duration 

correlates with the level of attention to an AOI [97]. 

• Pupil Size (PS) or dilation is one of the relatively continuous measurements 
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that is provided by eye tracker systems. The pupil size is idiosyncratic 

and varies across subjects. To address this issue, we convert the raw PS 

values to z-scores for each individual. Moreover, to minimize the effect of 

luminance variation on PS, the scene light is maintained relatively at the 

same level throughout the experiment. 

4.4.2 EEG Metrics 

EEG absolute and relative power spectral density (PSD) for bipolar electrodes 

listed in Table 4.1 are computed using Fast-Fourier transform applied to 1-sec 

epoch data with 50% overlapping Kaiser windowing. For each epoch, two cog

nitive measures including Mental Workload (MW) and Distraction level (DS) are 

extracted from EEG features. The B-Alert software is used to acquire EEG sig

nals and quantify the aforementioned EEG metrics. Following is a brief descrip

tion of the procedure and main features used by the B-Alert software to extract 

these metrics. Additional details on signal processing and classification meth

ods can be found in [37]. 

Table 4.1. EEG features used for classification of mental workload and distraction level. 

1-4 Hz 5-7 Hz 8-13 Hz 14-24 Hz 25-40 Hz 
Absolute and relative PSD variables for MW classifier 

C3C4 X X X X 

CzPOz X X 

F3Cz X X X 

F3C4 X X X 

FzC3 X X X 

FzPOz X X X X 

Absolute and relative PSD variables for DS classifier 
FzPOz X X 

CzPOz X X X X X 

Mental workload is quantified based on a linear Discriminant Function Anal-
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ysis (DFA) trained on a dataset of EEG signals recorded from a group of partic

ipants who performed a set of working memory benchmark tasks (grid, for

ward digit span, mental arithmetic, backward digit span, and trails) with dif

ferent levels of difficulty. The data of the EEG baseline experiment are used to 

transform EEG spectral powers to z-scores to be used in the mental workload 

classifier. Regarding distraction, a quadratic DFA is used by the B-Alert. The 

coefficients of this model are individualized for each participant according to 

the results of baseline tasks described in Section 3.2.1. The corresponding PSD 

features used by the workload and distraction classifiers are listed in Table 4.1. 

4.4.3 Categorization of VS and MOT Skill 

Participants are divided into two groups of low and high skill with respect to 

their VS scores. For each participant, the average score of recorded reaction 

times is used to assign group membership. Participants with reaction times less 

than one standard deviation below the mean (M = 1.68, SD= .23) are categorized 

as high and the rest as low skill level. Similarly, participants are categorized 

into high and low MOT skills. The average percentage of correctly identified 

moving targets is used to define the skill level of each participant. One standard 

deviation above the mean (M = .84, SD= .07) is considered as the threshold to 

group participants into two levels of MOT skill. Figure 4.8 illustrates the group 

distribution of VS and MOT skills. 

4.4.4 Task Performance Metrics 

Steinfeld et al. [99] have studied common operator performance metrics for 

task-oriented human-robot interaction and suggested that performance met-
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Figure 4.8. The group distribution of VS and MOT skills. Dashed lines indicate the 
threshold values. 

rics should provide information about the operator's attention/awareness and 

workload. Based on this criteria, we define four different metrics to assess tele

exploration performance of each individual operator as listed in Table 4.2. 

Table 4.2. List of task performance metrics 

Metrics Definition 

Target Detection (TD) Percentage of correctly identified targets 

False Detection (FD) Number of distractor misidentified as target 

Time between the appearance of a target in a
Reaction time (RT) 

camera view to its detection by operator 

Cumulative time period that new information 
Level 1- Situation 

is displayed but no glance has been made on
Awareness (SA) 

relevant AOI, divided by the total task time 

Reaction times and hit rates (measured in terms of target detection) are indi

rect indicators of cognitive workload and have been widely used in human fac

tor studies [100, 101] and therefore, are adopted in this study as the "workload

related performance metrics". The second group of performance metrics are 

false detection and situation awareness that are considered as "attention-related 

metrics". 
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Situation awareness is defined by Endsley as "the perception of the elements 

in the environment within a volume of time and space, the comprehension of 

their meaning, and the projection of their status in the near future" [67]. Ends

ley's model defines three level of SA including the perception of the elements in 

the environment (level-1), comprehension of the current situation (level-2) and 

projection of the future status (level-3). In the target detection task, the percep

tion and comprehension elements of SA correspond to spatiotemporal visual 

attention and identification of the targets from distractor objects, respectively. 

Traditionally, SA is measured at the end of the experiment using subjec

tive methods such as SAGAT (Situation Awareness Global Assessment Tech

nique) and SART (Situation Awareness Rating Technique) questionnaires [102]. 

Another approach is to employ explicit techniques throughout the experiment 

like SPAM (Situation Present Assessment Method) [103]. Neither of these tech

niques can be used for real-time SA assessment. For this reason, eye movement 

data are used as the best alternative to estimate SA in real-time. 

Eye tracker systems can provide the fixation points to which a user pays at

tention without moving his/her eyes (overt attention). In other words, it can 

capture the perceptual aspects of SA (level-1) in visual demanding tasks [104]. 

These features are often combined with the environmental information to pro

vide a more reliable estimate of SA. For instance, percentage of time fixating on 

relevant AOis is used as prediction of overall SA [105]. 

A similar approach is utilized in this study to measure level-1 SA. Infor

mation of eye tracking data and virtual scene are combined to mathematically 

define this measure in a time window with a length Tw as, 

i = 1: n (4.1) 
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where Tz oss is the cumulative duration of time periods (t,..ti), in which new vi

sual information is presented in the GUI but the operator fails to capture (by 

not making glances on the relevant AOis). To identify whether a participant 

responded to new visual information by making eye fixations on it, a time

threshold is defined for each video stream by (2), 

2h tan a: x=-- (4.2) 
s 

wheres and hare the drone speed and altitude, respectively, and a: denotes the 

angle of view of the top-down camera. In fact, x represents the amount of time 

that a target is observable in the camera's view. It should be noted that the 

proposed SA metric contains information about the drones motions and hence 

differs from the eye movement features described in section IV.A. To better un

derstand the underlying mechanism for measuring the SA, a sample case is pre

sented in Figure 4.9. 
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Figure 4.9. A sample case to illustrate SA measurement. 
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Suppose that X1 and x2 are the time-threshold related to the first and second 

drones, respectively. The bottom graph illustrates the glance state that can be 

directed toward the first (D1) or second drone (D2) or neither of them (none). 

Based on the glance state, a timer measures the elapsed time form the instant 

that the glance is switched and if the elapsed time reaches its threshold the as

sociated !'1ti will be computed. Finally, SA metric can be computed using (1). 

4.5 Results of Statistical Analysis 

The purpose of the statistical analysis provided in this section is threefold: 

(i) To investigate the main effects of changing Task-Type and increasing Task

Load on the cognitive features and performance metrics (test of within

subject factors). The results are used to identify significant effects on the 

cognitive features and also validate the difficulty manipulation incorpo

rated in the experimental design and. 

(ii) To study the influence of individual differences on the performance met

rics and their interactions with cognitive features. 

(iii) To construct a linear model to predict the performance and situation aware

ness (hidden states) from cognitive features (observable states) by taking 

into account characterized individual differences. 

For this purpose, task performance, eye movement, and EEG metrics are 

separately subjected to a series of 2 x 2 x 2 x 2 (VS x MOT x Task-Type x Task

Load) multivariate analysis of variance (MANOVA) with VS and MOT groups 

as between-subject factors, whereas Task-Type and Task-Load are assigned as 
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within-subject factors. When significant results are identified, multiple univari

ate ANOVAs are conducted for each dependent variable as a follow-up proce

dure to interpret the multivariate effect. 

To protect against Type-I error inflation due to conducting multiple univari

ate tests, Bonferroni adjustment of the alpha value (a: / number of dependent 

variables) is imposed. This adjustment leads to a: =.0125, .0167 and .025 for per

formance, eye features and EEG features, respectively. In case of a significant 

two-way interaction, test of simple main effects is conducted to examine the 

differences between each levels of independent factors. 

4.5.1 Main Effects of Within-subject Factors 

MANOVA reveals statistically significant main effects of Task-Type and Task

Load on the performance metrics, eye-tracker features as well as EEG features. 

A significant Task-Type x Task-Load interaction is also observed in the perfor

mance and eye-tracker metrics but not EEG features. MOT x Task-Load inter

action is also found significant for eye-tracker metrics. The detailed statistical 

analysis of the significant main effects performed by the MANOVA and the fol

low up ANOVA analysis are listed in Table.4.3. 

Figure 4.10a shows the mean and standard deviation of performance metrics 

in each of the the two Task-Types and Task-Loads. Statistical analysis indicates 

that changing the Task-Type from visual search to manual control and increas

ing Task-Load degrade the performance in terms of target detection (TD) and 

situation awareness (SA) consistently. For reaction time (RT) a two-way inter

action of Task-Type x Task-Load is found significant. Follow-up tests of simple 

main effects for this interaction demonstrate that increasing Task-Load in the 
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Table 4.3. Significant Main Effect of MANOVA and follow up ANOVA analysis. 

Main MANOVA Follow up ANOVA 
Effect Group F* P-value 112 Factor F** P-value 112 

TD 14.7 0.001 0.45 
Performance 10.3 <0.001 0.73 RT 34.3 <0.001 0.65 

SA 24.2 <0.001 0.57 
Task GR 16.5 0.001 0.48 
Type Eye 42.2 <0.001 0.89 FR 11.1 0.004 0.38 

PS 130.0 <0.001 0.88 
MW 37.8 <0.001 0.68

Brain 19 <0.001 0.69 DS 21.5 <0.001 0.55 
TD 9.6 0.006 0.35

Performance 7.9 0.001 0.68
Task SA 36.8 <0.001 0.67 
Load Eye 5.3 0.01 0.5 GR 10.9 0.001 0.47 

Brain 5.18 0.017 0.38 DS 10.4 0.005 0.37 

Type Performance 6.2 0.004 0.62 RT 19.8 <0.001 0.53 
X GR 12.2 0.001 0.5

Eye 16.2 <0.001 0.75Load PS 23.9 <0.001 0.57 
MOTx 

Eye 3.3 0.049 0.38 PS 8.3 0.01 0.32Load 
*MANOVA Analysis: Performance F(4,15), Eye F(3,16), EEG F(2, l 7) 
**ANOVAAnalysis: F(l ,18) 

visual scanning (VS-VS) results in a faster RT, however, an opposite behavior 

is observed for manual control (MC-VS) task. No significant observation is ob

tained for false detection (FD). 

Figure 4.10b illustrates the results regarding the eye-tracking features. Uni

variate tests of within-subject factors reveal significant main effects of Task-Type 

on fixation rate (FR), glance ratio (GR) and pupil size (PS) and a significant main 

effect of Task-Load on GR. These results indicate that by switching from visual 

scanning to manual control FR decreases, whereas GR and PS increase. Task

Type x Task-Load interactions are revealed for GR and PS. Tests of simple main 

effects for these interactions indicate that increasing Task-Load in MC-VS task 

led to higher PS and GR, whereas increasing Task load in the VS-VS task results 

in a smaller pupil size and no significant change in GR. 
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Figure 4.10. Mean and standard deviations of (a) performance, (b) eye movement, and 
(c) EEG metrics. Significant simple main effects are indicated by*. 

Finally, the follow up ANOVAs for these features reveal a significant main 

effect of Task-Type on EEG indices of mental workload (MW) and distraction 

(DS) as well as a significant main effect of Task-Load on DS. Tests of simple main 
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effects reveal that switching from visual scanning to manual control causes an 

increase in MW and a decrease in DS. However, increasing the Task-Load within 

the Task-Types leads to no significant change in the EEG features. Figure 4.10c 

provide a comparison between the EEG indices of workload and distraction 

recorded during the two Task-Types and Task-Loads. 

4.5.2 Main Effects of Between-subject Factors 

Univariate tests of between-subject factors reveal significant main effects of Vi

sual Search (VS) skill on target detection (F(l, 18) =7.4, p =.012, YJ~ =.3) and MOT 

skill on situation awareness (F(l, 18) =8.12, p =.011, YJ~ =.31). Participants with 

high VS skills outperform others in target detection. As shown in Figure 4.lla, 

increasing the task load has no effect on their target detection performance, 

however, it affects the performance of the remaining subjects in low VS group 

significantly. Interestingly, for the situation awareness (SA), MOT score is the 

dominant individual difference among the subjects. As shown in Figure 4.llb, 

subjects with high MOT scores demonstrate a higher situation awareness. 
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Figure 4.11. The effect of individual differences in VS and MOT skill on (a) target de
tection and (b) situation awareness. 

Moreover, an MOT x Task-Load interaction (F(l, 18) = 8.3, p = .01, YJ~ = .32) 
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is revealed that significantly affects PS. Tests of simple main effects show that 

increasing Task-Load only increase the pupil sizes of participants with low MOT 

and has no effect on the ones with high MOT scores. 

4.5.3 Results of Regression Analysis 

In addition to the MANOVAs, separate stepwise multiple linear regressions are 

conducted to model and identify significant correlations between cognitive fea

tures and operator performance and situation awareness. The results are sum

marized in Table 4.4. The statistical significance of each of the models can be 

realized through the adjusted coefficient of determination R2. By comparing 

this value for each of the regression models, it can be seen that situation aware

ness and target detection can be described very well with only three regressors 

out of which one is an individual difference metric. 

Table 4.4. Results of the regression analysis. 

Performance Significance Variable Weight P-value 

GR -0.53 <0.001 
F*=44.3, R2 =0.75

TD PS -0.54 0.001
P-value <0.001 

Task Type x VS 0.38 0.001 
GR -0.59 <0.001 

F*= 77.5, R2 = 0.85
SA PS -0.29 0.004 

P-value <0.001 
MOT 0.27 <0.001 

F**= 44.3, R2 =0.59 GR 0.69 <0.001 
RT 

P-value <0.001 MW 0.29 0.006 
F**= 44.3, R2 = 0.2 FR 0.34 0.019 

FD 
P-value <0.001 DS 0.33 0.02 

*F(3,40), **F(2,41) 

The results of stepwise regression analysis shows that PS has a negative re

lationship with TD and SA; FR is negatively related to FD; MW has a negative 

correlation with RT. Moreover, GR is found to be the dominant predictor of op

erator performance, as it is strongly related to variations in TD, RT and SA. DS 
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is also found as a significant predictor for FD such that an increased number of 

wrongly detected targets is associated with high DS. Furthermore, the individ

ual differences in terms of VS and MOT skills are positively correlated with TD 

and SA, respectively. 

4.6 Discussion 

Let's recall that the performance metrics are categorized into two groups: workload

related (Target Detection and Reaction Time), and attention/awareness-based 

(Situation Awareness and False Detection). Among these factors, RT and FD 

are considered as the secondary measures since they can't capture the inabil-

ity of subjects in processing the incoming information [106]. For instance, in

creasing the load in the visual scanning task improves the reaction time (see 

Figure 4.10c). This is due to higher visual load which is imposed by increasing 

the drones' speed and consequently providing participants with a shorter time 

window to process video streams and make decisions. Thus, participants miss 

more targets (lower TD) while the identified ones are detected faster (lower RT). 

A similar trend is observed in FD. The number of incorrectly detected targets is 

reduced in tasks with higher workload but it doesn't imply a better performance 

as SA is significantly decreased. 

With respect to the primary metrics, significant performance degradation 

in target detection and situation awareness is observed as the task becomes 

cognitively more challenging (switching to manual control or increasing the 

task load). This is well-documented in the human factor literature [13] that 

higher mental workload will cause performance degradation and loss of situa

tion awareness. Although these two observations are often accompanied, they 
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are two distinct concepts that are intricately related such that one affects and is 

affected by the other [1]. They both are influenced by many of the same human 

(e.g., limited working memory, individual differences) and system variables 

(task type and difficulty). A conceptual relationship between mental workload 

and situation awareness (shown in Figure 4.12.) is provided by Vidulich and 

Tsang [1] which is used to discuss the outcome of the statistical analysis. 

Attentional Strategic
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Task Type : . Working MemoryPerception +M --~ &Load --I emory 

w 
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Workload 

Figure 4.12. Conceptual framework illustrating the relationship between workload, 
attention and performance [1]. 

The cognitive model of Figure 4.12 considers two main factors, the 'Men

tal Workload' and the 'Strategic Management of Attentional Resources', as the 

sources of the performance degradation at higher task loads. Further, the supply 

of attentional resources is modulated by 'individual differences'. These three 

factors are highlighted in Figure 4.12 and the physiological monitoring are used 

to extract overt and covert cognitive features from the working memory (blue) 
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and strategic management of the attentional resources (red) of the framework. 

In the rest of this section, we will discuss the results of statistical analysis ob

served on these factors. 

4.6.1 Workload-related Features 

Transitioning from visual scanning to manual control, workload-related fea

tures (EEG workload, fixation rate and pupil size) are significantly changed 

because of higher attention demand required for performing manual control 

compared to visual scanning. However, increasing Task-Load within each level 

of these Task-Types doesn't affect EEG workload (MW) and fixation rate (FR). 

Mental workload (MW), extracted from EEG activities, is an indication of 

overall working memory load and includes different aspects (e.g., visual, audi

tory, cognitive, motor, etc.). Therefore, it may not be sensitive enough to detect 

Task-Load variations within the same Task-Type. As a result, relying on EEG 

as a stand-alone modality to measure operator states may need identification of 

task-specific EEG patterns. Task dependency of EEG features to estimate mental 

workload has been observed and pointed out by the other researchers as well 

[14, 15]. 

Pupil size (PS) is generally an indication of visual workload [107] which is 

significantly changed at different levels of task load and type. The average pupil 

size is increased by transitioning from visual to motor task as well as by increas

ing task load in the motor task from gross to fine manual control which indicates 

increased workload. Surprisingly, a higher visual load in the visual scanning 

task (VS-VS Task-Type) causes a significant decrease in PS. This discrepancy 

can be an effect of the frequency of targets and the duration of which they are 



69 

presented as discussed by Privitera et al. [108]. In this experiment, higher vi

sual task load is associated with a faster video streams and accordingly shorter 

presence of targets and distractors in the associated AOis which has a negative 

effect on the PS size. 

4.6.2 Attentional Features 

In this study, there are two cognitive features, glance ratio (GR) and distraction 

(DS), that capture the ability of a subject in using his/her atentional and cogni

tive resources. DS is significantly decreased in the manual task type but there 

is no significant effect when the load is increased within each Task-Type. How

ever, GR is significantly increased in the presence of higher motor control load 

(switching from VS-VS to GMC-VS and then to FMC-VS). 

Glance based metrics, such as GR on specific AOis provide information about 

the overt aspect of users attention. Typically, GR increases when there is diffi

culty in extracting visual information, or some elements of the scene require 

higher attention [104]. In other words, high GR values can be interpreted as at

tentional biases in information gathering from specific AOis and subsequently 

the loss of SA [98]. In this experiment, the motion dynamics of drones causes 

manual control task (MC-VS) to be more time consuming than visual scanning 

(VS-VS), therefore, subjects' attention is more biased toward the first drone and 

accordingly higher GR values. This trend is also observed by increasing motor 

control load in MC-VS task (from GMC-VS to FMC-VS). 

The EEG index of distraction (DS) measures the involuntary switching of 

attention as a basis of attentional distraction. Statistical analysis reveal a sig

nificant decrease of DS from visual scanning to manual control task. This is in 
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agreement with the previous studies indicating that distraction is mediated by 

working memory load [109]. 

4.6.3 Performance Prediction 

We observe that the measures of individual differences, obtained from Visual 

Search (VS) and Multiple Object Tracking (MOT) test, have distinct effects on the 

performance measures. Participants with high VS scores outperform in target 

detection. On the other hand, the situation awareness feature is not affected by 

VS but MOT score such that individuals with higher MOT scores demonstrate 

higher SA throughout the experiment. Although the tele-exploration task of this 

study is more analogous to VS paradigm than MOT, participants' performance 

in terms of maintaining SA is affected by their skills in MOT. In fact, the VS 

score can properly reflect the speed of visual processing and discrete shift of 

attention, whereas MOT can measure the ability of dividing attention between 

different tasks in multi-tasking environments. 

Individual differences in VS and MOT are also found to be significant vari

ables in performance prediction. Task-Type x VS is revealed as a predictor of 

target detection and MOT as a predictor of situation awareness indicating how 

individual differences can be effectively used to individualize regression mod

els to predict performance based on physiological data. 

The overall results of performance prediction based on regression analysis 

indicate that metrics measuring covert aspects of attention, such as EEG indices 

of mental workload (MW) and distraction (DS), mainly contribute to the predic

tion of secondary performance metrics that are reaction time and false detection. 
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4.7 Conclusion 

In this chapter, a multi-modal physiological monitoring approach, including 

EEG and eye tracking, is used to estimate the performance and situation aware

ness of human operator in tele-exploration with a small team of robotic drones. 

Unlike previous works which are mostly limited to the workload analysis, the 

proposed approach considers individual differences as well as attention-based 

features too. 

EEG features are task and subject specific and therefor EEG workload classi

fiers need to be trained on data of each specific tasks which may not be practical 

in multi-tasking domains. Using a standard working memory test, I demon

strate that even without including the task specific information in the EEG anal

ysis, EEG features measuring the covert aspect of attentions are suitable for 

estimating the secondary performance metrics (reaction time and false detec

tion). We also demonstrate that the primary performance metrics are well pre

dicted by eye tracking features representing the overt aspect of attention. Our 

final contribution is to identify that the individual differences in multiple ob

ject tracking and visual search have significant effect in prediction of situation 

awareness and target detection, respectively. In fact, by removing the individual 

differences from the regression analysis, I observe that the adjusted coefficient 

of determination, R2, decreases from 0.75 to 0.67 in the case of target detection 

and from 0.85 to 0.78 in the case of situation awareness. This result can also be 

extended to other domains such as driving that include both visual scanning 

and motor control tasks. 

The future works should further investigate the individualization of the per

formance prediction model based on the identified individual factors. More-
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over, the prediction of secondary performance metrics can benefit from includ

ing EEG features that provides the modulations of attentions and visual work

load. Nonlinear and probabilistic models can also be investigated as an alterna

tive for multiple linear regression analysis. 

It is also crucial to note that the experiment is conducted with a minimum 

possible team of robotic agents to reduce the complexity of the interaction. Fu

ture work should also take the effect of the number of robots into considera

tion. Moreover, this study was only focused on the statistical analysis of the 

main effects and correlations. Future work should use the presented road-map, 

to develop a probabilistic approach to estimate the operator's performance in 

real-time using the suggested physiological features. 



Visual and Motor Workload 

Classification in Human-Robot 

Teleoperation 

5.1 Introduction 

The statistical analysis of chapter 4 revealed that the EEG-based mental work

load obtained from B-Alert system was not sensitive enough to detect increased 

difficulty within each of the task-types and it only identified an increased work

load between the task-type (from visual search to manual control). The reason 

is the fact that the B-Alert workload classifier is trained on a set of standard 

working memory tests including grid, forward/backward digit span, mental 

arithmetic, and trails. The task dependency of EEG features to estimate mental 

workload has been observed before by other researchers as well [14, 15]. This 

indicates that enhancing human-robot teleoperation with passive BCis requires 

the development of an EEG-based workload classifiers which relies on the more 
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informative features related to visual scanning and manual control task of tele

operation. 

Furthermore, the majority of existing EEG-based workload classifiers do not 

distinguish between the types of the demand that a specific task places upon 

the operator's mental resources. In fact, various attentional and executive re

sources have been recognized to be associated with different types of workload 

(e.g. cognitive, visual, auditory and motor workload). Thus, by determining the 

type of mental demand (workload) a more effective assistance can be provided 

to the operator. For instance, human-robot teleoperation may include different 

task types such as visual scanning/perception and manual control associated 

with visual and motor control, respectively. Thus, an optimal adaptation tech

nique may seek to attenuate the rate of visual information acquisition when the 

operator experiences a high visual workload. Whereas, it should adjust the level 

of haptic assistance in the presence of high motor workload associated with the 

difficulty of manual navigation task. These motivated me to investigate the de

velopment of a workload classifier that can detect variations in workload not 

only between and within the teleoperation tasks but also with the capability of 

discriminating type of task demand. 

It should be mentioned that satisfactory workload classification results are 

often obtained by extracting a large number of features and employing data

driven models to select the most informative subset that results in the highest 

classification rate [14, 110]. Hence, the selected significant features are often spe

cific to the training task and may fail to properly classify the mental workload in 

similar but not identical situations [14]. Similarly, the selected features are usu

ally subject dependent, highlighting the lack of generalizability of data-driven 

approaches for training workload classifiers [110]. 
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To address the above-mentioned problems, we have proposed a hypothesis

driven approach to identify a set of general (subject-independent) EEG mea

sures for classifying the level and type of mental workload in human-robot tele

operation. For this purpose, the EEG data set obtained from the teleoperation 

task presented in chapter 4 is used in this chapter. Two different sets of EEG 

features are extracted from 6 channels for analysis. 

The first subset of cognitive measures is selected from state-of-the-art in EEG 

workload monitoring including the most prominent features of working mem

ory load, which mostly rely on the spectral power density, as well as frontal 

power asymmetry that represents mental engagement. 

The second subset of features considers cortical connectivity information in 

the form of EEG coherence analysis. These measures are related to psychomotor 

efficiency and have been previously used for skill assessment in kinesiological 

studies. Our hypothesis, which is the main contribution of this chapter, is that 

the measures of psychomotor efficiency in form of EEG coherence will be af

fected by increasing manual navigation difficulty and can be used as an indica

tor of the motor workload in teleoperation. Finally, a linear discriminant analy

sis is performed to demonstrate the significance of the proposed EEG measures 

of psychomotor efficiency in determining the level and type of workload. 

5.2 Background and Hypotheses 

The spectral power of oscillatory activity within particular frequency bands is 

the most common neural measure for identifying specific patterns in continu

ous EEG signals.The most prominent influences of excessive cognitive load are 

observed as an increase in frontal theta (4-7 Hz) and a decrease in parietal al-
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pha (8-13 Hz) [111]. Borghini et. al [69] reviewed several studies that have 

reported such changes in the EEG spectral power in different cognitive tasks 

involving visual search, working memory, focused attention or multi-tasking. 

An increase in theta synchrony has also been observed in the parietal region as 

workload increases when users performed a multi-attribute task [112]. Further

more, EEG power analysis at the fronto-central region has revealed that alpha 

attenuation is associated with multi-modal sensory integration [112]. Therefore, 

in this study, changes in the theta and alpha power at the frontal and parietal 

region are studied as the difficulty of visual scanning and manual maneuvering 

tasks are altered in the teleoperation. 

In addition to the mental workload, EEG indices of task engagement have 

been found to be influenced by task demand, particularly within the same type 

of task [37, 113]. Although task engagement is a multidimensional concept 

that incorporates different aspects (e.g. cognition, motivation, and emotion), 

in the context of cognitive activity it is defined as "effortful striving towards 

task goals" [114]. This dimension of engagement is particularly important due 

to its relation to task performance as motivation to successfully accomplish task 

goals. In fact, mental workload denotes the level of working memory load, inte

gration of information and problem-solving, whereas task engagement is more 

related to the level of vigilance and alertness. 

Among EEG measures of spectral power, frontal asymmetry in the theta and 

alpha-band are found to be sensitive to the engagement level [115, 116, 117]. 

In the case of present study, we expected that increasing task-load within and 

between the visual scanning and motor control tasks affects subjects' approach 

motivation followed by changes in the frontal asymmetry. 

Although EEG spectral power reflects the local oscillatory characteristics of 
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neural activity in the region of interest, examination of inter-regional functional 

connectivity can provide further information about the relationship between 

task demands and cortical activity. However, there are only a few studies that 

have examined the relationship between cortical connectivity and cognitive

motor task difficulty. Rietschel et al. [118] investigated the cognitive-motor 

task difficulty as a function of changes in the cortical connectivity when subjects 

played a Tetris game with a varying task demand. They showed that connectiv

ity measures in the form of spectral coherences between frontal midline region 

(Fz) and other cortical regions have strong correlations with the motor control 

difficulty. 

Functional connectivity between Fz and other cortical regions (particularly 

temporal lobes) are extensively studied for motor skill assessment in sports, par

ticularly when precision aiming movements are required such as dart-throwing 

[119], golf putting [120], and marksmanship [121]. The psycho-physiological 

aspects of motor control indicate that experts demonstrate more efficient motor

related neural behavior known as "psychomotor efficiency". In fact, skilled 

motor performance has been found to be correlated with the reduction of con

nectivity between Fz and the other cortical regions as an essential element of 

movement coordination in theta, low-alpha (8-10 Hz), and high-alpha (10-13 

Hz) [122]. 

The psychomotor efficiency of superior motor performance suggests that in

creasing motor-task difficulty in teleoperation may impose significant effects on 

the associated cortical connectivity. Although psychomotor efficiency hypothe

sis has been examined in a variety of sport related studies, to our knowledge it 

has not been investigated for workload analysis where a precise motor control 

is required. Therefore, we hypothesize that increasing motor workload would 
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increase functional connectivity between the Fz and left and right sensorimo

tor areas. As a result, such measures can be used as an indicator of the motor 

workload in human-robot teleoperation. 

5.3 Data Analysis 

The EEG data set obtained from the human-robot teleoperation task, presented 

in chapter 4, is used in this chapter for analysis. Only one of the female subjects 

is excluded from the analysis in this chapter due to the presence of high EEG 

artifacts resulting in a total of 21 subjects. 

5.3.1 EEG Spectral Power Density 

Spectral power densities were calculated by applying Welch's method on the 

2-seconds Hamming windowed epochs of decontaminated EEG with 50% over

lap. Spectral power densities were averaged in theta (3-7 Hz) and alpha (8-

13 Hz) band for both the Fz (for frontal activity) and POz (for parietal activ

ity). In addition to the absolute spectral power density, the F3 (left-frontal) 

power was subtracted from F4 (right-frontal) power and then divided by their 

summation to obtain a frontal asymmetry score namely (F4-F3). A logarithmic 

transformation was applied to the spectral powers to normalize their distribu

tions.Absolute spectral power densities were transformed into z-scores for each 

individual to remove the influence of individual differences in the statistical 

analysis. 



79 

5.3.2 EEG Coherence 

EEG coherence was used to measure inter-regional connectivity of the brain re

gions. The coherence between electrode pairs indicates the inter-regional cor

tical networking in the frequency domain and ranges from O to 1. A high co

herence implies extensive communication between the two regions of the brain, 

whereas a low coherence corresponds to less connectivity and higher regional 

independency. 

Previous studies on psychomotor efficiency revealed a significant difference 

between the functional brain connectivity of skilled and novice subjects, par

ticularly the coherence of Fz channel with other cortical regions [123, 118, 121, 

122]. Similarly, in this study, two electrode pairs including C3BFz and C4BFz 

were considered as the inter-regional connectivity measures associated with 

psychomotor efficiency hypothesis due to the prominent involvement of left 

and right sensorimotor cortex in the motor planning and execution. Welch's 

method was used to estimate EEG coherence, with the same parameters used 

to estimate spectral powers. Coherence of two different frequency bands in

cluding low-alpha (8-10 Hz) and high-alpha (10-13 Hz) are calculated by av

eraging the coherence values over the frequency of the corresponding bands. 

Alpha coherence was subdivided into low- and high-band according to the lit

erature of using EEG coherence for psychomotor efficiency in sports [121]. In 

fact, high-alpha is usually suppressed by semantic memory information pro

cessing, whereas low-alpha is associated with the traditional notion of alpha 

suppression reflecting the alertness and expectancy [124]. The extracted EEG 

measures are listed in Table 5.1. 
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Table 5.1. List of Extracted EEG Measures. 

Type Location Frequency Band 

Spectral 
Power 

Fz (Frontal) 

POz (Parietal) 

Theta and Alpha 

Theta and Alpha 

F4-F3 (Frontal Asymmetry) Theta and Alpha 

Coherence 
C3+--+Fz 

C4+--+Fz 

Low- and High-Alpha 

Low- and High-Alpha 

5.3.3 Statistical Analysis 

As depicted in Figure 5.1, the effects of task-type and task-load on the operator 

performance are examined in section 4.5.1 to verify the difficulty manipulation 

in the experimental design. Then, the effects of increased workload on the se

lected EEG measures are analyzed to examine the aforementioned hypotheses 

in section 5.2. These hypotheses seek to identify the effects of changing work

load on the EEG measures including (1) Fz and POz theta and alpha power, (2) 

engagement (frontal asymmetry), and (3) psychomotor efficiency indexed by 

C3BFz and C4BFz coherences. 

Task performances and extracted EEG measures were subjected to sepa

rate 2 x 2 [Task-Type (VS and MC) x Task-Load (High and Low)] repeated

measure multivariate analysis of variances (MANOVAs). As the follow-up test 

to MANOVA, multiple univariate ANOVAs were conducted on each individual 

metric for a better interpretation of the multivariate effects. To protect analyses 

from Type-I error when conducting multiple univariate tests, Bonferroni adjust

ment was used for the alpha value (a: / number of dependent variables). If a 

two-way interaction was evident, tests of simple main effects were conducted 

to examine the differences between the Task-Load levels at each level of the 

Task-Type. 
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I) Validation of the Experiment 

II) Hypothesis Testing III) Discriminant Analysis 

• Spectral Power Density 
(Absolute SPD and Frontal 

Stepwise LDA 

Asymmetry) 
Canonical Discriminant 

Function 

Statistical 'Anal sis Inter-Subject 

IMANOVAI Classification 

Figure 5.1. Block diagram of the data analysis procedure. 

5.3.4 Discriminant Analysis 

In addition to the analyses of variance, a Stepwise Linear Discriminant Analysis 

(SWLDA) was conducted to determine a subset of the EEG measures with the 

highest discriminant power for the classification of operator workload. SWLDA 

is a numerical approach that iteratively enters/removes features with signifi

cant/insignificant discrimination effect and has been explained before in section 

3.6.1.1. In [125], a comparison between five classifiers demonstrated the com

petitive feature selection and classification performance of SWLDA method for 

EEG data. The Mahalanobis distance was used for SWLDA to enter or remove 

features, with a threshold of 0.05 on p-value for entering and 0.1 for removing a 

measure. 

An inter-subject cross-validation procedure was used for the evaluation of 

an LDA classifier trained on the selected measures. For inter-subject evaluation, 

we used the leave-one-subject-out cross-validation (21-fold) in which the model 
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was trained on the data of all the participants except the one who was assigned 

for testing. 

5.4 Results and Discussion 

This section presents and discusses the results of the statistical analysis. Section 

5.4.1 describes the significant main effects observed in the spectral power mea

sures. Sections 5.4.2 and 5.4.3 contain the main contributions of this work. My 

main hypothesis on psychomotor efficiency is tested and discussed in section 

5.4.2, and its contribution to workload classification is studied in section 5.4.3. 

5.4.1 Spectral Power Density 

Multivariate statistical analysis revealed significant main effects of Task-Type 

and Task-Type x Task-Load interaction on the spectral power measures in both 

theta and alpha band. The main effect of Task-Load on the spectral powers was 

found non-significant. Follow-up univariate ANOVAs were conducted based 

on a Bonferroni corrected a: level of .0167. 

The results of the statistical analysis are summarized in Table 5.2. The mean 

and standard deviation of spectral power measures are illustrated in Figure 5.2. 

In the rest of this chapter, I will use the notation C(jreq) for referring to the 

average power of frequency band 'freq' at channel location 'C'. 

The main effect of Task-Type on frontal (Fz) power was only significant in 

the alpha band. Fz(alpha) significantly decreased by switching from VS task 

into MC. Tests of simple main effects also indicated that Fz(alpha) decreased 

with increasing motor workload in the MC task. These main effect observations 
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Table 5.2. Main effects for spectral power measures. 

Main MANOVA Follow-up ANOV A 
Effect Band F(3,18) p-value Factor F(l ,20) p-value 

POz 12.1 .002 
Theta 70.4 <.001 

F4-F3 147.2 <.001 

Type Fz 23 .8 <.001 

Alpha 15.4 <.001 POz 24.4 <.001 

F4-F3 36.55 <.001 

Type Theta 24.4 <.001 F4-F3 80.5 <.001 
X 

Alpha 8.6 .001 F4-F3 27.8 <.001Load 
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Figure 5.2. Z-scores of EEG spectral power for (Fz), (POz) and frontal asymmetry (F4-
F3) in the theta (a) and alpha band (b). 

are consistent with our expectation as the decrease in alpha power is commonly 

associated with higher cognitive activity. In this study, introducing the manual 
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control (MC) to the exploration task resulted in a decrease in both Fz(alpha) and 

POz(alpha) (Figure 5.2b). Alpha attenuation was also observed by increasing 

Task-Load within the MC levels. 

Statistical analysis for parietal (POz) power yielded a main effect of Task

Type for both the theta and alpha band. The POz power was significantly higher 

in the VS than the MC task for these bands. Parietal theta has been found pre

viously to be correlated with memory recognition when subjects match visual 

probes with memory contents to detect target shapes [112, 126]. In this study, 

decrease in the POz(theta) suggests a reduction in the visual aspects of working 

memory load when switching from VS to MC task. 

The analysis for frontal asymmetry (F4-F3) in theta and alpha band revealed 

a strong main effect of Task-Type. The mean F4-F3 asymmetry was larger in the 

MC than the VS task. In addition to the main effects, a significant Task-Type 

x Task-Load interaction was observed for F4-F3. Test of simple main effects 

for the means demonstrated that F4-F3 increased by the higher visual workload 

in the VS task, however, it decreased by increasing motor workload in the MC 

task. 

Highly significant differences which were obtained for frontal asymmetry in

dicates the importance of considering engagement (here, indexed by the frontal 

asymmetry) besides the measures of working memory load in the workload 

analysis. In fact, EEG indices of mental workload can mainly indicate the level 

of neural activity involving in working memory load, integration of informa

tion and problem-solving, whereas mental engagement reflects information

gathering, visual processing and attention allocation. 

In the current study, the significant Task-Type x Task-Load interaction indi

cates that the F4-F3 asymmetry behavior is task-dependent meaning that by in-
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creasing task-demand in visual scanning (LVS to HVS), F4-F3 increased, whereas 

increasing motor control load (GMC to FMC) resulted in a decrease in the F4-

F3 asymmetry. Most probably, the increased difficulty of the VS task via faster 

video stream had a negative effect on the subjects' engagement level, whereas 

the increased motor control load in the fine navigation (FMC) inside the build

ings made subjects more engaged. Furthermore, the mean F4-F3 asymmetry 

index is significantly affected by introducing motor control task. 

5.4.2 EEG Measures of Psychomotor Efficiency (Coherence) 

The coherences between the desired pairs of electrodes (C3BFz and C4BFz) 

are shown in Figure 5.3 and the results of statistical analysis are listed in Table 

5.3. MANOVAs revealed significant main effects of Task-Type on the coherence 

measures as well as significant Task-Type x Task-Load interaction for the two 

bands. Follow-up univariate ANOVAs were conducted for each factor using a 

Bonferroni corrected l\'. level of .025. 

*** *** **** r--7
0.8 .----, r7 .----, *.----, .----, ***.----, .----, .----, 

0.7 

<I) 0.6 
u 
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(a) C3+--+Fz C4+--+Fz (b) C3+--+Fz C4+--+Fz 

Figure 5.3. Results of EEG coherence between premotor cortex (Fz) and left (C3) and 
right (C4) motor cortex in the (a) L-alpha and (b) H-alpha. 
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Table 5.3. Significant main effects for coherence metrics. 

Main MANOVA Follow-up ANOV A 
Effect Band F(2,19) p-value Factor F(l ,20) p-value 

Type 

L-Alpha 

H-Alpha 

33.6 

30.2 

<.001 

<.001 

C3-Fz 

C4-Fz 

C3-Fz 

C4-Fz 

6.52 

70.6 

13.2 

63.1 

.02 

<.001 

.002 

<.001 

Type 
X 

L-Alpha 16.2 <.001 
C3-Fz 

C4-Fz 

13.2 

6.77 

.002 

.017 
Load H-Alpha 14.3 <.001 C3-Fz 15.1 .001 

Significant main effects of Task-Type on C3BFz coherence were observed 

in low- and high-alpha. This coherence was higher in the MC task and the 

effect size increased from the low- to high-alpha band. These results show that 

introducing the motor task affected the C3BFz coherence, particularly in the 

high-alpha band. Furthermore, significant Task-Type x Task-Load interaction 

effects on C3BFz were obtained for both of the bands. 

Tests of simple main effects revealed an increase in the C3BFz coherence by 

increasing motor workload (GMC to FMC), whereas no change was observed 

between the VS task levels. This increase in the coherence suggests a degraded 

cortical efficiency based on the psychomotor efficiency hypothesis that can be 

used as an indicator of higher motor control load. In fact, by increasing mo

tor workload from gross to fine manual control, participants needed to allocate 

more attentional resources for motor control in order to generate finer motions 

inside the buildings to avoid collisions. Higher concentration on the motion 

dynamics of the drone required more cognitive processing as indexed by in

creased C3BFz coherence. Moreover, elevated C3BFz coherence by changing 

Task-Type (from VS to MC) reflects the effect of introduced motor control to the 

teleoperation task. 
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Similar to the C3+-+Fz coherence, MANOVA revealed a significant main ef

fect of Task-Type on the C4+-+Fz coherence in the low- and high-alpha band in

dicating that C4+-+Fz coherence was higher in the MC task. This main effect was 

much stronger than C3+-+Fz making it more suitable for identifying the type of 

task-demand. Moreover, a significant Task-Type x Task-Load interaction effect 

was revealed in the low-alpha band. Test of simple main effects indicated that 

C4+-+Fz low-alpha coherence decreased by increasing difficulty in the MC task 

(GMC to FMC), whereas there was no significant change of this measure within 

the VS task levels. 

As a result, by introducing the manual controlling into the teleoperation 

task, an increased C4+-+Fz coherence was observed. Although there was not 

a strong difference for this measure within the levels of MC task, its significant 

increase between the VS and MC task can be used to discriminate between the 

type of task-demand. 

It was hypothesized that EEG coherence measures associated with psychomo

tor efficiency, indexed by C3+-+Fz and C4+-+Fz alpha-band coherences, will sig

nificantly affected by motor control difficulty. Thus, they can improve the detec

tion of high motor load and accordingly the discrimination between the types 

of task-demands. Psychomotor efficiency hypothesis indicates that less com

munications between Fz and the other cortical regions imply less interference 

of irrelevant processes with movement coordination mechanisms. Thus, high 

motor performance is usually accompanied with lower Fz coherences as it has 

been characterized by skilled performance of expert sportsman [122, 121]. The 

results of statistical analysis support our hypothesis as the introduction of man

ual control from VS to MC significantly increased C3+-+Fz and C4+-+Fz coher

ences. However, increasing the difficulty of manual maneuvering by switching 
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from GMC to FMC mostly affected C3B Fz coherence. This suggests that psy

chomotor efficiency is not always represented by a uniform decrease in the Fz 

coherences with all the regions, but rather depends to the task demands. This is 

consistent with previous studies examining surgical motor skill learning [127] 

and adaptation to a motor control challenge [128], where only the Fz coherence 

with the left-temporal decreased and no significant change was observed for the 

coherence with the right-temporal region. 

5.4.3 Linear discriminant analysis 

The linear discriminant analysis yielded statistically significant results (Wilks,,\ = 

.09, p < .001). The stepwise procedure resulted in the selection of 6 dominant 

EEG features, listed in Table 5.4, based on which, the total correct discriminant 

rate between the four separate groups (LVS, HVS, GMC and FMC) was 91.7%. 

The individual discriminant rates for each group was 85.7% for LVS, 81.0% for 

HVS, 100.0% for GMC, and 100.0% for FMC. 

Table 5.4. The list of most significant features. 

Type Location (Band) 

Spectral Power Fz (Alpha) , Fz (Theta) , POz (Theta) 
Frontal Asymmetry F4-F3 (Theta) 

Coherence C3+--+Fz (H-Alpha) , C4+--+Fz (H-Alpha) 

Three canonical discriminant functions, CDF-1, CDF-2, and CDF-3, were 

found to discriminate between the four groups. CDF-1 could explain 83.8% 

of the variance; CDF-2 could explain 12.1 % of the variance and CDF-3 could 

only explain 4.1 % of the variance. The distribution of the canonical scores of the 

four groups is illustrated in Figure 5.4 with respect to the first and second CDFs. 
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Note that Figure 5.4 shows the separability of the four classes based on the first 

two CDFs and is not related to the cross-validation results. 
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Figure 5.4. Separability of first two Canonical Discriminant Functions of selected EEG 
features. 

Moreover, a leave-one-subject-out method was used for cross-validation. 

Two different sets of EEG features with equal numbers of features were used 

to demonstrate how the coherence measures of psychomotor efficiency affects 

the discrimination results. 

The first set of features included only the six spectral power features (the 

first three rows of Table 5.1), whereas the second set was consisted of the six se

lected features via SWLDA (listed in Table 5.4) which contained two coherence 

measures (high-alpha C3BFz and C4BFz). Cross-validated results are demon

strated in the form of confusion matrices to compare the above-mentioned fea

ture sets. This compression is shown in Table 5.5. 

The values inside the parenthesis correspond to LDA results where psy

chomotor efficiency is included in the feature set. This set yielded a total dis-
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Table 5.5. Confusion matrices of LDA with leave-one-out cross-validation for two dif
ferent sets of EEG features. 

Predicted Class 
"' "' LVS HVS GMC FMC 
~ 

0 LVS 81.0 (85 .7) 9.5 (9.5) 9.5 (4.7) 0.0 (0.0) 

~ HVS- 9.5 (9.5) 71.5 (76.2) 0.0 (0.0) 19.0 (14.3) 

E-- GMC 0.0 (0.0) 0.0 (0.0) 95.2 (100.0) 4.8 (0.0) 

FMC 0.0 (0.0) 14.3 (0.0) 0.0 (0.0) 85 .7 (100.0) 

crimination of 90.5%, whereas the feature set without phychomotor efficiency 

features (outside parenthesis) led to a total discriminant rates of 83.3%. 

The LDA results indicate that the overall discrimination rate is improved by 

taking into account the EEG coherence measures of psychomotor efficiency. This 

improvement is achieved mostly by reducing the confusions between the visual 

and motor control tasks. This is more pronounced for the class with high motor 

control load (FMC) as its correct classification rate and confusion with the other 

classes has been improved considerably. Without considering the Fz coherences, 

GMC is confused with FMC in 4.8% and FMC is confused with HVS in 14.3% of 

times, while these confusions are completely eliminated by considering the Fz 

coherences. 

Moreover, the capability of distinguishing between different high workload 

states is essential for development of an effective adaptive aiding technique, that 

can initiate a proper type of assistance according to task-demands. For instance, 

the motion speed of the drone in autonomous mode can be decreased when the 

operator experiences high visual load (HVS), whereas haptic assistance can be 

initiated during high manual controlling load (FMC). However, the confusion 

matrices imply the existence of some critical features which are common in both 

HVS and FMC task. Although the nature of these two tasks is different (one vi-
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sual scanning and the other one motor control), they both required high atten

tion compared to the other tasks. Therefore, the confusion in the classification 

can be justified by this common factor and the results suggest that considering 

EEG coherence measures (high-alpha C3BFz and C4BFz) can overcome this 

issue to a considerable extent by providing more information regarding motor 

control aspects of the task particularly in the fine manipulation. 

Moreover, the confusion matrices imply the existence of some critical fea

tures that are common in both HVS and FMC tasks. Although the nature of 

these two tasks is different ( one visual scanning and the other one motor con

trol), they both required high attentional demand compared to the other tasks. 

Therefore, the confusion in the classification can potentially be explained by 

this common cognitive factor. Also, the LDA results suggest that considering 

EEG coherence measures (high-alpha C3BFz and C4BFz) can overcome this 

issue to a considerable extent by providing more information regarding mo

tor control aspects of the task particularly in the fine manipulation. Although, 

the inclusion of these features dose not completely resolve this issue, it provide 

significant practical advantageous. In general, the capability of distinguishing 

between different high workload states is essential for development of an ef

fective adaptive aiding technique, that can initiate a proper type of assistance 

according to task-demands. In our case, reducing the confusion between HVS 

and FMC tasks helps the system to provide the proper assistance (e.g. reducing 

the drone's speed in case of HVS and providing haptic assistance for FMC) at 

instances that subjects experience a high workload. 

It should be noted that in the present study, the effect of individual differ

ences in the expertise level is not investigated. We postulated our hypothesis 

by associating motor control difficulty to psychomotor efficiency on the basis of 
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performance-workload negative relationship. However, the psychomotor effi

ciency hypothesis has been primarily proposed to distinguish the neural aspects 

of experts' superior motor performance versus novices. Thus, most probably ex

perts will demonstrate a significantly different levels of coherence with respect 

to novices since the motor planning and execution become automatized in ex

perts by excessive training [129]. Therefore, personalization of trained models 

according to the expertise level would benefit the accuracy of workload classi

fiers constructed based on the proposed coherence measures. 

5.5 Conclusion 

This chapter of this thesis presented the assessment of visual and motor work

load in human-robot teleoperation based on a small set of EEG measures. Un

like previous studies which are mostly focused on classifying workload as a sin

gle metric, we investigated the discrimination between different types of task

demand to enhance the system's awareness of the operator's cognitive state. It 

was hypothesized that EEG measures of psychomotor efficiency can be used 

as the indicator of motor control difficulty and improves the distinction be

tween high visual and motor workload. For this purpose, EEG signals were 

recorded from six locations of the scalp, while subjects performed a simulated 

tele-exploration in which the visual scanning and manual controlling difficulty 

was altered across the tasks. EEG coherence of Fz with C3 and C4 location 

were considered as the measures of psychomotor efficiency. In addition, a set 

of conventional spectral power density measures including Fz (frontal), POz 

(parietal), and frontal asymmetry (F4-F3) were extracted for workload analysis. 

Statistical analysis supported our hypothesis and revealed significant in-
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creases in the coherence measures as manual controlling introduced to the task 

(VS to MC), as well as when the motor control difficulty was increased (GMC to 

FMC). The effectiveness of utilizing the proposed coherence measures for visual 

and motor workload classification was examined through a linear discriminant 

analysis. Results indicate that considering the EEG measures of psychomotor 

efficiency could improve the discrimination between high workload conditions 

(HVS and FMC). This can be used in the development of adaptive aiding tech

niques that can provide a relevant effective assistance based on the workload 

type. 

Although the current study was focused on the teleoperation scenario, the 

hypothesis-driven approach and subject-independent nature of this study fa

cilitates the extension of the outcomes of this study to other human machine 

interaction applications involving cognitive and motor control dimensions. 

The presented study only focused on the statistical analysis and identifica

tion of reliable EEG features for the detection and discrimination between visual 

and motor workload. In the future, we aim to use the result of current study to 

develop a real-time workload model to be used in an adaptive aiding system 

in our teleoperation framework. Moreover, the performance of such systems 

can be further improved by defining continuous measures of workload instead 

of binary classification methods like the LDA analysis of this chapter. For in

stance, the smoothness of interaction forces with haptic interfaces is considered 

as a continuous measure of motor control difficulty in [130] and its correlation 

with EEG is used to develop a continuous estimator of manipulation difficulty. 

Similar approach can be adopted in future studies. 

Finally, it should be noted that in our experiment we did not consider the 

effects of number of tasks and human-human communications. Each of these 
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factors can potentially introduced new cognitive demands (e.g., auditory work

load) that need to be investigated in future studies. The findings of this chapter 

is submitted for publication in [131]. 



Classifying User Preferences of 

Physical Compliance in 

Human-Robot Cooperative 

Manipulation 

6.1 Introduction 

Physical human-robot cooperation is a rapidly growing field that focuses on the 

integration of the implicit knowledge of the human operator with the repeata

bility and accuracy of robots. Working alongside a human operator, the quality 

of performance will no longer be measured just by the precision and accuracy 

but rather the ability of the robot to adapt its behaviour according to the task 

characteristics. 

To obtain a compliant physical interaction, impedance/admittance control 

methods [132] are widely used in human-robot cooperation. These controllers 
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mimic the behavior of a spring-mass-damper system in the Cartesian space. In 

such compliant interactions, it is crucial to properly select the controller param

eters (such as stiffness and damping). Indeed, the proper parameter selection 

should ensure both (i) the stability of the controller and (ii) effectiveness of the 

interaction, in the sense that it must compromise between physical effort and 

motion accuracy to guarantee the perceived comfort by the user [133]. 

Although the stability analysis of physical interaction is essential to ensure 

the safety of the interaction, it is not the only requirement to achieve a coherent 

physical human-robot interaction (pHRI). In fact, it has been shown that a vari

able controller that modulates its parameters according to the task requirements 

and human intention outperforms a constant impedance/admittance scheme. 

For instance, a low-damping admittance control can facilitate co-manipulation 

in terms of human physical effort, however, it may degrade the accuracy of fine 

positioning [134]. This is mainly due to the fact that humans tend to increase 

arm stiffness in fine manipulation [135] while the bandwidth of the robot is 

limited. This makes a low-damping controller over-responsive to input forces. 

As a result, an intuitive interaction requires a lower virtual damping when fast 

movement without any particular accuracy (gross manipulation) is of interest. 

On the other hand, a higher virtual damping for performing fine manipulations 

is desirable. 

In this regard, several strategies have been proposed to adjust the parame

ters of compliant impedance or admittance controllers [17, 136, 137]. Regardless 

of the adaptation strategy, the task performance is usually the only factor which 

is used to assess the effectiveness of the interaction, whereas the perceived com

fort level of the human is either ignored or limited to subjective measures such 

as questionnaires. Therefore, objective assessment methods are required for un-
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derstanding interaction effects on the users to improve the design of the adap

tation strategy accordingly. 

This chapter presents the validity of EEG signal processing as an objective 

measure to assess physical human-robot cooperations in terms of perceived 

comfort. In particular, the classification of workload level is investigated in 

cooperative manipulation (co-manipulation) with different dynamics of an ad

mittance controller. Co-manipulation is a common application of admittance 

control where the robot must freely move under the forces applied by the user. 

In simple co-manipulations in which human is the leader, the virtual stiffness is 

usually set to zero while virtual damping and inertia parameter can be altered. 

In this regard, estimating the perceived level of comfort level by subjects via an 

EEG-based cognitive model can be used either (i) as an offline assessment tool 

to evaluate the effectiveness of a controller for physical interaction, or (ii) in a 

real-time manner to maintain the operator workload within the desired range 

by adjusting the controller parameters. 

In my experimental study, the task-load of the co-manipulation is altered 

by changing the virtual damping in two gross and fine co-manipulation tasks. 

Statistical analysis for the subjective assessment of the perceived difficulty re

veals the task-dependency of a suitable admittance setup. This is also supported 

by behavioral assessments based on the performance metrics. Our experimen

tal design leads to a task-independent binary classification problem (regarding 

manipulation type) since the low- and high-workload condition involved both 

the fine and gross co-manipulation tasks. Spectral power density and coher

ence features are extracted from EEG signals and a linear classifier is used to 

examine how accurate the EEG features can distinguish between the low- and 

high-workload condition. 
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In addition, a secondary experiment is conducted by combining the fine and 

gross co-manipulation to demonstrate how the classifiers trained on the data of 

the primary experiment can be used to explore co-manipulation with a variable 

admittance controller. Experimental results indicate that EEG classifiers can 

provide designers with not only the overall mental state of the users but also 

useful temporal information. This demonstrates the validity of the proposed 

EEG classifiers as an objective measure for physical human-robot cooperation 

applications. 

To my knowledge, no existing study has examined the effects of compliant 

controllers on EEG patterns in cooperation tasks by taking into account both the 

fine and gross manipulation. A reliable workload classifier will enable design

ers to assess and compare different variable admittance/impedance techniques 

when continuous subjective and performance measures are difficult to obtain. 

Furthermore, robot-assisted motor learning is another research domain that 

the results of this study can be utilized to assess interaction designs. Recently, 

several studies aimed to use EEG signals to adapt robot assistance in rehabil

itation such that an optimal level of workload can be maintained and motor

learning rate maximized [3, 138, 139, 140, 141]. For instance, George et al. [140] 

used haptic assistance in a path-following task based on an EEG workload in

dex. Although the workload index of their study identified the mental arith

metic load rather than motor control difficulty, an overall improved perfor

mance was obtained for 8 subjects by combining haptics and EEG monitoring. 
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6.2 Related Works 

Admittance control [132] is widely used to control robotic arms with highly 

geared and non-backdrivable actuators. In co-manipulation with an admittance 

controlled robot, the lower-bound of the virtual damping and inertia are lim

ited to the stable region of the controller. Stability analysis, however, is chal

lenging due to the lack of information about human arm dynamics (particu

larity the stiffness component) which is nonlinear as well as time and config

uration dependent [142]. Passivity framework [143] offers absolute stability 

without requiring knowledge from the environment, however, control gains 

obtained from passivity are over-conservative and significantly increase the hu

man physical effort. Various methods have been proposed to relax the con

straints of the passivity approach by considering partial knowledge of the en

vironmental impedance, such as bounded environmental impedance [144] and 

human arm modeling [145, 146]. These studies have shown that according to 

the task characteristics and human behavior smaller control gains can be used 

to decrease physical effort and motivated the development of variable admit

tance/impedance controllers. 

To obtain a variable control scheme, different techniques have been pro

posed to adjust compliance dynamics based on the robot kinematics (e.g., end

effector velocity [147, 17]) and contact information (e.g., the rate of changes in 

the applied forces [148, 149]). However, the development of such adaptive al

gorithms is heavily based on the designer's intuitions and may not guarantee a 

proper compliant interaction that can enhance the operator workload and ulti

mately his/her performance. 

Various methods can be used to assess physical interaction from a qualita-
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tive or quantitative point of view. One assessment method is the use of subjec

tive measures via questionnaires. However, these methods are not continuous 

measures and cannot be obtained in real-time since interruption of the task is 

required. Moreover, participants' self-reports may be affected by a posteriori 

rationalization and the desire to satisfy implicit objectives of the researcher [6]. 

Another approach is the use of performance metrics such as the number of er

rors, reaction time, or completion time. However, task performance may not be 

easy to obtain directly when complex motions without a pre-defined path are 

required. 

Recently, neuroergonomic methods such as electrodermal and EEG data anal

ysis have shown promise to assess physical human-robot interactions using 

real-time quantitative data. For instance, Kulic and Croft [150] analyzed phys

iological responses when participants were passively (no physical interaction) 

observing different motions of a robot manipulator. Participants showed sig

nificantly lower skin conductance (less anxiety) with safe motion planners than 

fast and unsafe robot motions. Dehais et. al [151] investigated physiological 

responses of 12 subjects during interaction with a mobile robot in an object 

hand-over task. Ocular and physiological data including skin conductance and 

deltoid muscle activity were used to discriminate between human response to 

three motion planners with different levels of safety and physical comfort. No

vak et. al [3] used a set of physiological responses to estimate human workload 

in physical interaction with a gravity and friction compensated robot arm. The 

responses of 10 subjects were recorded while they were asked to play a vir

tual game with different levels of mental arithmetic and temporal difficulty. All 

physiological modalities could estimate workload significantly better than ran

dom. Moreover, no significant difference between physiological modalities was 
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revealed regarding accuracy, and combining multiple modalities did not im

prove accuracy. Although a compliant physical interaction was involved in their 

study, the effect of robot controller dynamics on the physiological responses and 

perceived workload were not taken into account. 

EEG has become one of the mostly studied physiological indicators of work

load due to its high temporal resolution and recent advances in portable and 

wearable sensors. However, workload classification from EEG monitoring has 

been found task-specific [14]. As a result, satisfactory results are mostly ob

tained by classifiers trained and tested with EEG features from the same type 

of task. This is due to the fact that different cognitive functions need differ

ent neural structures and processing strategies that produce different neural 

activity patterns. Therefore, to minimize the variability of workload classifica

tion between the gross and fine manipulation, the experimental design consists 

both manipulation types with low- and high-workload. This improves the re

liability and generalizability of workload classifiers by selecting EEG features 

which are common between the two manipulation types. Indeed, real-world 

co-manipulation scenarios such as cooperative assembly involve both fine and 

gross movements. 

6.3 Materials and Methods 

6.3.1 Experimental Setup 

Figure 6.l (a) illustrates the experimental setup of this study. A 6-DoF lightweight 

robot arm (SCHUNK PowerBall LWA 4P) was used for co-manipulation and a 

6-axis force/torque sensor was attached to its end-effector since an admittance 
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controller requires the force/torque measurements between the user and robot 

at the interaction point. A computer monitor was placed in front of the sub

jects to provide visual information related to the visuomotor tasks and the end

effector position in the X-Y plane. For this study, B-Alert X24 wireless headset 

was used to acquire non-invasive EEG signals. 

User Display 

Figure 6.1. Experimental setup and the locations of EEG electrodes on the scalp. 

6.3.2 Admittance Control 

An admittance controller was implemented on the robot to provide compliant 

interaction such that users can lead the robot motions in Cartesian space with 

null stiffness. Figure 6.2 shows the block diagram of the controller which is 

consisted of two feedback loops: the external feedback loop for controlling the 

robot admittance and the internal joint-based feedback loop to control the veloc

ity of the joints. In the external feedback loop, the force between users and robot 

end-effector is measured to compute the desired velocity of the end-effector by 

taking into account the controller admittance, Yc, that establishes a first-order 
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relationship between measured force and desired end-effector velocity as, 

(6.1) 

where vc E IR6 is the desired Cartesian velocity of the end-effector; fh E IR6 is 

6the interaction force and torque vector; Md, Cd E IR6 x are the admittance gains 

representing the desired inertia and damping of the system that the controller 

imposes to the end-effector motions. vc is then transformed into the desired 

1joint space velocities (qc) based on the inverse Jacobian matrix J- ( q) by, 

(6.2) 

The internal loop attempts to track the desired joint velocities via a closed

loop feedback controller, j D (motion controller), by exerting torques to the robot 

joints with an intrinsic impedance of j zr. A local proportional-integral (Pl) con

troller in each joint can guarantee the tracking of desired joint velocities since 

a PI velocity controller is equivalent to a proportional-derivative (PD) position 

controller. 

---------: 

Vh ! 

j 
§ 

Robot Mechanism 
fh i

~---1sensor -----~-----------+-

Figure 6.2. The block diagram of the admittance controller. 
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6.3.3 Participants 

18 subjects (11 males and 7 females) were recruited via advertisement in the 

campuses of University at Buffalo to participate in the experimental studies ap

proved by the Institutional Review Board. Participants' ages ranged from 23 to 

35 years (M = 27.3, SD= 3.5). None of the participants had experienced human

robot co-manipulation with robot arms and they had normal or corrected to 

normal vision. Participation in this study was voluntary without compensation. 

6.3.4 Primary Experiment 

To investigate the effect of admittance level and task-type on the co-manipulation 

performance, all the participants were asked to perform 4 different conditions 

as the combination of two Manipulation-Type (gross and fine) and two levels 

of Virtual-Damping (low and high). Figure 6.3 depicts each of the experimental 

scenarios. An arm movement can be realized as an either gross or fine move

ment based on the level of sensorimotor processing required for the movement 

[152]. Usually, the movement smoothness or "jerkiness" [153] for this two cat

egories of movements is significantly different from each other. Note that only 

virtual damping was altered in this study since it has been identified as the 

most dominant parameter that affects the physical interaction with compliant 

controllers [154]. 

For the gross co-manipulation, participants were asked to guide the end

effector position by turning around two virtual circles displayed on the user's 

monitor. A sphere cursor was displayed on the monitor as the position feedback 

of the end-effector. Participants were instructed to generate a path similar to the 

shape of a rotated "8" without particular positioning accuracy or a given path. 
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Figure 6.3. Primary Experiment: gross and fine co-manipulation with low- and high
damping setups. Dashed-lines represent sample desired paths. All the participants 
performed this experiment. 

The primary performance metric of gross co-manipulation was defined as the 

number of complete turns around the virtual circles in 90 seconds experimental 

period. 

In the case of fine co-manipulation, participants were asked to guide the end

effector precisely between the boundaries of two concentric star-shaped paths 

(similar to a maze) as illustrated in Figure 6.3. Star tracing task is a well-known 

fine motor task that has been previously used particularly for motor skill assess

ment [155]. The primary error metric of the fine co-manipulation was defined 

as the total number of times that an individual crosses the virtual boundaries 

within 90 seconds experimental period. Higher intersections represented lower 

performance in this case. 

To compensate the weight of users' arms and increase the interaction safety, 

no vertical movement of the end-effector was allowed by setting the desired 

velocity in the Z-direction to zero. For each condition of the experiment, Md 



106 

and Cd were considered as diagonal matrices. The virtual mass of admittance 

controller was set to Diag( [3,3,3,0.l,0.l,0.l]), and the virtual damping was set 

to Diag( [80, 80, 80, 10, 10, 10]) and Diag( [20, 20, 20, 6, 6, 6]) for the high- and low

damping, respectively. 

6.3.5 Secondary Experiment 

To further explore the performance of the EEG classifiers trained on the data 

of the primary experiment, a secondary experiment was designed as a combi

nation of the fine and gross manipulation. Figure 6.4 shows the task scenario 

for this experiment. The left and right side of the screen corresponded to gross 

and fine co-manipulation part, respectively. 10 of the subjects (6 males and 4 

females) participated in the secondary experiment where they were asked to 

continuously guide the end-effector position by passing over the virtual circles 

(gross) and then passing a vertical zig-zag maze while avoiding collisions with 

boundaries (fine). 

Similar to the primary experiment, no vertical movement of end-effector 

was allowed. This experiment was performed by the participants with 3 dif

ferent admittance setups including (i) constant low-damping, (ii) constant high

damping, and (iii) variable-damping. Matrix Cd for low- and high-damping se

tups was similar to the primary experiment. For variable-damping, a hyperbolic 

tangent function was used to gradually switch between low- and high-damping 

as a function of the end-effector position in the X coordinate. Damping altered 

from the low to high setting for moving from the gross to the fine region and 

vice versa. 
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6.3.6 Experimental Procedure 

After briefing participants on the objectives of the experiment, they received 

training and then practiced on the experimental setup to make sure that they 

had gained adequate mastery to accomplish the tasks independently. In the 

training session, the basic concept of robot guidance with admittance control 

was introduced. Then, the fine and gross co-manipulation tasks and their pri

mary performance metrics were described. 

A sample video recorded from an operator performing the co-manipulation 

tasks was used in the training session. Then, participants performed a practice 

session with the low- and high-damping setup and experienced co-manipulation 

in free space. A 2-minutes practice session was offered for each damping con

dition to familiarize the subjects with the behavior of the admittance controller. 

-----------------------.. 
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Figure 6.4. Secondary Experiment: Only one of the participants performed this ex
periment. The experimental scenario can be divided into gross (left) and fine (right) 
co-manipulation regions. 
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Extra practice time was provided, in case a participant requested for more prac

tice. 

In order to balance the learning effects of the main experiment, the order of 

task conditions was permuted randomly for each subject. In the primary exper

iment, the order of tasks was permuted, so that the first and last two tasks were 

a same manipulation type. This constraint was applied to ease the subjective 

comparison between the low- and high-damping for each manipulation type. 

In the secondary experiment, simple randomization was applied on the damp

ing conditions. Upon the ending of each condition, participants were asked 

to complete a NASA TLX questionnaire [45] as a subjective workload assess

ment. The NASA TLX included six task-load dimensions: Mental Demand, 

Physical Demand, Temporal Demand, Performance, Effort, and Frustration (see 

Appendix-A). 

6.3.7 EEG Data Processing and Feature Extraction 

EEG signals were recorded with a sampling rate of 256 Hz and 16 bits/sample 

resolution. Pre-processing was performed using the EEGLAB toolbox for MAT

LAB [49]. EEG signals were band-pass filtered using a two-way least-squares 

FIR filter in the range of 0.3 to 50 Hz. Independent Component Analysis (ICA) 

was used for artifact removal using the extended InfoMax method as imple

mented in the EEGLAB. Independent components predominantly driven by 

sources of artifact (eye-blinks, eye-movements, and muscle activity) were visu

ally identified based on IC topography, spectral curve, and time-course activity, 

and then were removed from the recorded signals. The !CA-pruned continuous 

data were then segmented into 2-seconds epochs for feature extraction. 
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6.3.7.1 Spectral Power Density 

From the filtered and decontaminated EEG signals, spectral power densities 

were extracted from each 2-seconds epoch using Welch's estimator. Each epoch 

was divided into 8 Hamming windowed segments with 50% overlap to im

prove the estimation quality. Figure 6.5 demonstrates the topographic mapping 

of EEG spectral power and corresponding periodogram curves at five channels 

(Fz, Cz, C3, C4, POz) for one of the subjects (S3). The obtained periodograms 

were averaged to estimate spectral power density in 1-Hz bins and then av

eraged across 6 frequency bands including theta [4-7 Hz], lower-alpha [8-10 

Hz], higher-alpha [11-13 Hz], lower-beta [14-22 Hz], higher-beta [23-35 Hz] and 

gamma [36-44 Hz]. As a result, a feature vector of 120 elements (Nch x NJ where 

Nch = 20 and NJ= 6 are the number of channels and bands, respectively) were 

extracted from spectral power analysis for each epoch. 

High Virtual Damping Low 

22.0 22.0 40.0Hz 

~ G@ 
s [~(-~: +t~~\~ 

a_ 5 10 15 20 25 30 35 40 Cl. 5 10 15 20 25 30 35 40 

Frequency (Hz) Frequency (Hz) 

Figure 6.5. The mean scalp maps of spectral power density between the experimental 
conditions for one of the subjects (S3). 
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6.3.7.2 Functional Connectivity 

Spectral Coherence was used to estimate functional connectivity between chan

nel pairs to measure linear dependency between two time series in the fre

quency domain. Spectral coherence quantifies the level of synchrony between 

two signals at a specific frequency and ranges from 0 to 1. A high coherence im

plies extensive communication between the two regions of the brain, whereas a 

low coherence corresponds to less connectivity indicating higher regional inde

pendency. 

Welch's method was used to estimate EEG coherence, with the same param

eters used to estimate spectral power. Coherence values were also averaged 

across the 6 aforementioned frequency bands. All the combination of channel 

pairs in 6 bands will lead to a total number of 1140 features for each epoch 

( Nchx( f c1i- l ) x N1). However, in this study, only the coherences of EEG chan

nels with (Fz) were taken into account. As a result, a feature vector of 114 ele

ments ( ( N ch - 1) x N1) was obtained from coherence analysis for each 2-seconds 

epoch. Figure 6.6 illustrates the coherences between electrode pairs for a sample 

subject at the 6 aforementioned frequency bands. 

Functional connectivity between the frontal midline (Fz) and motor, tempo

ral, parietal and occipital regions are extensively studied in neuropsychology 

when movement related tasks are of interest. These connectivities have corre

lations with motor planning, somatosensory and visuomotor integration pro

cesses [122]. 
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Figure 6.6. The mean coherence measures over the experimental conditions for subject 
3 at the 6 bands of interest. Darker colors denote higher coherences. 

6.3.8 Feature Selection and Classification 

A total number of 234 features was extracted from each 2-seconds epoch by 

combining EEG spectral power density and coherence features. To label the 

extracted epochs of each experimental scenario, a binary classification approach 

with two classes of low- (C1) and high-workload condition (C2) was defined. 

Low-damping gross manipulation and high-damping fine manipulation were 

labeled as the low-workload, whereas the two other conditions were labeled 

as the high-workload class as shown in Figure 6.3. This labeling criterion was 

supported by the results of performance and subjective assessment which are 

presented in Section 6.4.1 and 6.4.2. 

A Stepwise Linear Discriminant Analysis (SWLDA) was utilized for reduc

ing the dimensionality of feature space to avoid over-training by selecting fea

tures that offer the highest independent discriminative information (see section 

3.6.1.1 for more details). The Mahalanobis distance was used for SWLDA to en

ter or remove features, with a threshold of 0.01 on p-value for entering and 0.1 

for removing a variable. 
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Primary Experiment 

EEG raw data (sampled at 256 Hz) 

Preprocessing 

Filtering (Band-pass filter 0.3 to 50 Hz) 

Artifact Removal (ICA) 

Feature Extraction 

Spectral Power Density & Coherence 
(Welch 's method with 50% overlapped 
Hamming window and 2-sec epochs) 

Feature Selection (Subject-Independent) 

Z-scoring and Feature Ranking (SWLDA) 

Classification and Evaluation 

LDA classifiers (subject-dependent) 

4-fold cross-validation 

~-----------------------------

Secondary Experiment 

EEG raw data (sampled at 256 Hz) 

Preprocessing 

Filtering (Band-pass filter 0.3 to 50 Hz) 

Artifact Removal (ICA) 

Feature Extraction 

Spectral Power Density & Coherence 
(Welch 's method with 50% overlapped 
Hamming window and 2-sec epochs) 

Workload Score Prediction 

LDA score 

!Z-score 

Statistical Analysis of Workload 

MANOVA 
(Main effects of damping and task zone) 

~-----------------------------
Figure 6.7. Flowchart of the EEG data processing pipeline. 

Since the model used for the discriminant analysis assumes features form a 

multivariate normal distribution, a logarithmic transformation was applied to 

the spectral power and Fisher's Z-transformation on the coherence to normalize 

their distributions. Extracted features from all the participants were merged to 

find the most dominant subject-independent features that can discriminate be

tween the two classes. As a result, a total number of 3240 samples (180 epoch per 

subject) was used for this purpose. To remove the influence of individual differ

ences in the feature selection, features were transformed into z-scores based on 

the distribution of each individual. The overall EEG signal processing pipeline 

of this chapter is shown in Figure 6.7. 
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Figure 6.8. (a) The tracked paths by one of the subjects in the 4 experimental conditions. 
(b) and (c) show the bar plots for the performance metrics of the gross and fine co
manipulation. The darker color of bar plots in each manipulation-type indicates higher 
damping. (d) represents the average magnitude of interaction forces. Error bars on the 
graphs represent one standard deviation and* markers denote the significant difference 
of pairwise comparisons at 0.05 level. 

6.4 Results 

6.4.1 Behavioral Assessment 

Behavioral data were analyzed primarily to examine the experimental design 

and difficulty manipulation. To acquire insight into the experimental scenarios 

and provide a visual comparison between them, the trajectories tracked by a sin

gle subject is depicted in Figure 6.S(a). The number of complete turns was con

sidered as the performance of the gross co-manipulation, whereas, the number 

of intersections with boundaries was defined as the error metric of the fine co

manipulation. Two separate metrics were defined to identify the performance 

of the subjects in each co-manipulation task since the nature and objective of the 

tasks were different. Moreover, these metrics were used to examine the effect of 

damping level on the performance within each task-type rather than between 
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them. 

Paired-sample t-tests were performed to compare participants' performance 

within each co-manipulation scenario. Significant differences are reported based 

on their t-statistic and degree-of-freedom, t(df), as well as the corresponding p

value. The mean performances for each interaction condition are shown in Fig

ure 6.8(b) and (c). For the gross co-manipulation, the number of complete turns 

around the virtual circles was considered as the primary performance metric. 

Statistical analysis revealed a significantly lower number of turns in the high

damping condition than low-damping (t(17)= - 4.7, p<.001). In the fine co

manipulation, the number of intersections between tracked trajectory by the 

users and defined boundaries was used as the primary performance measure. 

Contrary to the gross manipulation, paired-sample t-test revealed a significantly 

higher performance with high-damping than the low-damping condition in the 

fine co-manipulation (t(17)= - 4.16, p<.001). 

The relatively large variation in the performance metrics across the sub

jects are mostly due to the individual differences in physical strength and arm 

impedance characteristics. Subjects with higher strength could apply larger 

forces and perform faster particularly in the gross co-manipulation while a large 

arm impedance (especially the arm stiffness) may influence the level of interac

tion stability in the fine co-manipulation. 

In addition to the primary performance measures, admittance/impedance 

controllers are also evaluated based on their effectiveness in reducing the phys

ical effort in human-robot interaction which is often measured in terms of inter

action force [17]. Thus, the average magnitude of interaction forces in the X-Y 

plane (t r=f:1 11/h(ti) 11 where fh is the force vector in X-Y plane) was computed 

to further explore the interaction in terms of physical effort. The mean forces of 
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the 4 co-manipulation conditions are presented in Figure 6.8(d). 

A 2 by 2 [Manipulation-Type (gross and fine) x Virtual-Damping (low and 

high)] repeated measures analysis of variance (ANOVA) was used for statisti

cal analysis. Significant main effects are reported based on their F-statistic and 

degree-of-freedoms, F(hypothesis df, error df), as well as the corresponding p

value and effect size (17~)- ANOVA for the average force revealed a main effect 

for Manipulation-Type (F(l, 17)=223.9, p< .001, 17~ = .93), indicating that the 

magnitude of interaction force for gross was higher than fine co-manipulation. 

A main effect was also revealed for Virtual-Damping (F(l, 17)=144.1, p< .001, 

17~ = .89). Test of simple main effects indicated that by decreasing Virtual

Damping, interaction forces decreased in both gross and fine co-manipulation 

(p <.001). A significant Manipulation-Type x Virtual-Damping interaction was 

also observed (F(l, 17)=50.5, p< .001, 17~ = .75). 

6.4.2 Subjective Assessment 

The total workload score, ranging from Oto 100, was calculated using a weighted 

combination of the six dimensions of NASA TLX. Weights of the six dimen

sions were calculated following a set of 15 paired comparisons between the 6 

workload dimensions as described in [45]. Figure 6.9 illustrates the results of 

perceived workload by the participants for each experimental scenario. A 2 

by 2 repeated measures ANOVA revealed a main effect for Manipulation-Type 

(F(l, 17)=31.3, p< .001, 17~ = .65), indicating that the perceived workload for the 

fine was higher than gross co-manipulation. A significant interaction between 

Manipulation-Type and Virtual-Damping (F(l, 17)=55.5, p< .001, 17~ = .76) con

firmed the task-dependency of suitable damping for co-manipulation tasks us-
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ing admittance control. Test of simple main effects revealed that by decreasing 

Virtual-Damping in gross co-manipulation the perceived workload decreased 

(p < .001), while a completely opposite result was obtained for the fine co

manipulation (p < .001). 
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Figure 6.9. Results of subjective workload assessment. (a-f) illustrate the six task-load 
dimensions of NASA-TLX questionnaire. (g) represents the combined weighted per
ceived workload. 

6.4.3 Feature Selection and Classification Results 

The stepwise linear discriminant analysis yielded a significant result (Wilk' s A = 

.71, p < .001). Wilk's A indicates the significance of the discriminant functions 

and ranges from 0 to 1. The primary feature set obtained from SWLDA in

cluded 33 EEG features. To avoid over-fitting issue in classification procedure, 

the train/ test performances of LDA classifiers were computed by iteratively re

moving features based on their statistical effect sizes (t-values) in the SWLDA. 

The results of this stage of feature selection is shown in Figure 6.lO(a). Based 

on the train/test performance curve, a final set of 17 EEG features including 13 

spectral powers and 4 coherences was selected for the workload classification 

(Figure 6.lO(b)). 
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The average correct classification rate after 4-fold cross-validation was used 

to assess the performance of LDA classifier for each individual. The results 

are shown in the bar plots of Figure 6.lO(c) and the average classification per

formance across all the subjects was around 84.2%. The results confirm that 

classifiers trained on the selected set of EEG features can successfully differen

tiate between the two low- and high-workload conditions for the fine and gross 

co-manipulation tasks. 
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Figure 6.10. (a) Train/ Test performance plot. The vertical dashed-line shows the se
lected number of features. (b) Finale selected set of EEG features. Each topographic 
map corresponds to a certain frequency-band. Obtained t-statistics were used to define 
the dominance of each feature based on a color map for spectral power and line thick
ness for coherence. (c) Classification accuracy for each subject. The last bar plot shows 
the average accuracy over the participants. 
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6.4.4 Results of The Secondary Experiment 

To further evaluate the workload classifier on a more general co-manipulation 

task, a secondary experiment including both of the manipulation types was con

sidered. The goal of this experiment was to demonstrate how the information 

of EEG classifiers trained on the results of the primary experiment can be used 

to analyze more complex co-manipulation scenarios. For this purpose, 10 of the 

recruited subjects (S1 to S10 in Figure 6.lO(c)) performed the experiment shown 

in Figure 6.4 and their EEG data were recorded for workload analysis with 2-

seconds epochs. The individualized LDA coefficients from Section 6.4.3, which 

were trained on the data of the primary experiment, are used for the workload 

prediction of this experiment. 

The first row of Figure 6.11 represents the results of workload classifica

tion for one of the subjects (S3) in the three admittance setups with high-, low

and variable-damping. According to the spatial characteristics of the predicted 

workload classes, three different zones including gross, fine, and the transition 

zone were specified for statistical analysis as depicted in Figure 6.ll (c). For 

each subject, the predicted LDA scores are normalized into z-scores and then 

averaged within each defined zone for the three damping conditions to be used 

for the statistical analysis. Figure 6.ll(d) and (e) illustrate the mean predicted 

workload scores for the different damping conditions and task zones across the 

subjects, respectively. 

To examine the main effects of different damping conditions and task zones 

on the EEG-based predicted workload, a 3 x 3 [Damping (High, Low, and Vari

able) x Zone (Gross,Transition, and Fine)] repeated-measures ANOVA was per

formed. As the follow-up tests, multiple pairwise comparisons were conducted 
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Figure 6.11. The results of EEG-based workload analysis for the secondary experiment. 
The first row shows the results of EEG-based workload classification for a representa
tive subject (S3) with (a) high-damping, (b) low-damping, and (c) variable-damping. 
The bar plots of second row indicate the average results over the 10 subjects for (d,e) 
predicted workload scores, (f) interaction forces, and (g) subjective task-load score 
based on NASA TLX. 

for a better interpretation of the significant main effects. Furthermore, Bonfer

roni adjustment of confidence intervals was used for pairwise comparisons to 

protect the analysis from Type-I error when conducting multiple tests. 

The results revealed the main effects of both Damping (F(2, 8)=54.4, p<.001) 

and Zone (f (2, 8)=7.2, p<.02) on the workload with a non-significant Damping 

x Zone interaction. According to the results of the primary experiment, I ex

pected to observe a lower EEG-based workload in the case of variable-damping. 

Pairwise comparisons revealed that the workload in the variable-damping was 

only lower than the low-damping (p<.001) as depicted in Figure 6.ll (d). How

ever, no statistically significant difference between the variable-damping and 
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high-damping was observed. This can be due to the fact that the time spent in 

the fine zone was much more than the gross zone, particularly for the varibale

damping which had low-damping in the gross and high-damping in the fine 

zone (the average co-manipulation duration of the gross and fine zone were 

6.7±1.6 and 20.5±5.1 seconds, respectively). This can be realized from the data 

point concentration in Figure 6.ll (c) as well. As a result, the short duration 

of the gross zone did not allow the subjects to completely adapted to the new 

dynamics with a low damping before going back to the fine zone with a high 

damping. The overall results suggest that if a constant damping is required, 

high-damping setups are more suitable than a low-damping, particularly if the 

task involves fine co-manipulations. 

To further explore the effect of damping on the physical effort and subjective 

task-load, separated repeated-measures ANOVAs were applied on the average 

interaction forces and the overall workload score obtained from NASA TLX 

questionnaire. Bonferroni correction was used to protect the analysis from Type

I error caused by multiple comparisons. The results are shown in the bar plots 

of Figure 6.ll(f). As expected, the statistical results revealed a significant main 

effect of damping on the interaction forces (f (2, 8)=77.4, p< .001). Pairwise 

comparisons indicated that the mean interaction force in the high-damping was 

higher than the variable-damping (p < .001), and in the variable-damping, it was 

higher than the low-damping (p < .001). These results indicate that although for 

the EEG-based workload prediction no significant difference between the high

and variable-damping was observed, physical effort in the variable-damping 

was improved significantly. This was consistent with the perceived task-load of 

the subjects obtained from NASA TLX which is depicted in Figure 6.ll (g). 

Interestingly, in terms of the task zones, an increased workload was ob-
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served in the transition between the gross and fine zone as shown in Figure 

6.ll (e). In fact, the mean workload in the transition and fine zone were higher 

than the gross zone (p < .01 and p<.05, respectively). This is mainly due to the 

increased attention that was required when switching between the gross and 

fine co-manipulation and accordingly large changes in the motion velocity. This 

suggests that in the design of variable admittance controllers, careful consider

ations should be made to avoid increased workload when type of manipulation 

is subjected to changes and motion over-shooting is likely to occur due to the 

sudden changes of velocity. 

6.5 Discussion 

The behavioral and subjective assessment revealed that an appropriate admit

tance setup (virtual damping) is task-dependent. Although decreasing virtual 

damping resulted in lower interaction forces in both fine and gross manipu

lation, a higher damping in the fine co-manipulation revealed superior per

formances. In terms of the relationship between workload and performance, 

typically excessive increase in the task difficulty /workload leads to marked 

degradation in the task performance making the performance as an indirect 

estimation of workload. This was consistent with the subjective assessment 

that revealed a significant interaction between the two experimental factors 

(Manipulation-Type and Virtual-Damping). According to the results of the be

havioral and subjective assessment, a binary classification problem was defined. 

Low-damping gross manipulation and high-damping fine manipulation were 

considered as low-workload condition ( class-1 ), and the two other tasks were la

beled as high-workload condition (class-2). This resulted in a task-independent 
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binary classification in terms of manipulation type since each of the classes con

tained both co-manipulation types. 

In the context of workload estimation (especially cognitive-workload), many 

studies have examined the relationship between task-load and EEG spectral 

power measures. In the studies that involved visual search, working mem

ory, focused attention or multi-tasking, the most prominent influence of an in

creased workload was observed in prefrontal theta and parietal alpha power 

(see review [69]). However, only left-parietal (P3) alpha power appeared in the 

selected feature set of this study. This is mainly due to the different attentional 

and executive resources that are required for motor control tasks [15]. As a re

sult, this study mostly involved cerebral cortical activations specific to sensory

motor rather than cognitive demands, as identified with C3 higher-alpha power 

in Figure 6.lO(b). 

The stepwise linear discriminant analysis ended-up with a set of 17 fea

tures mostly in the high-frequency bands (beta and gamma). Cortical activ

ity in gamma and higher-beta band are associated with localized sensory in

tegration and correlate with sensory processing demand [156]. Right tempo

ral, parietal and occipital activity in these bands are indicative of visuospatial 

processing and they usually increase with motor task difficulty [157]. Interest

ingly, Rietschel et. al observed a similar activation and connectivity patterns in 

a study that cognitive-motor task difficulty was manipulated in a Tetris game 

[158]. Given high degree of sensory integration during co-manipulation tasks, 

particularly visuospatial processing, beta and gamma activity as a function of 

motor control difficulty seems reasonable. 

Among the selected features, Fz coherence with left-temporal (T3) region 

has a strong relationship with "psychomotor efficiency" hypothesis in psycho-
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physiology. This hypothesis states that the skilled performance of experts, par

ticularly in sports, is the outcome of efficient networking between brain regions 

[122, 121]. In fact, non-essential inter-regional interactions between the motor 

planning and other regions of the brain are required to be suppressed for a 

higher performance. Among these inter-regional interactions, Fz-T3 communi

cation is strongly associated with verbal-analytical processes (instructional self

talk) and is essential for early stages of motor learning, whereas it will be atten

uated when the movements become highly learned. Most likely these indices 

can be an indication of difficulty in a physical human-robot interaction when it 

is not intuitive/well-designed. 

In terms of the classification, the obtained classification accuracies were rela

tively high (with linear classifiers an average of > 84%) and significantly higher 

than chance (50%). This indicates that EEG monitoring can be a promising 

technique to assess users' state during physical interactions. There are at least 

two factors contributing to the observed variations in the classification rates be

tween subjects: (i) Individual differences in the level of expertise; not all the 

data epochs of an experimental condition represent the overall workload level. 

(ii) Individual differences in brain anatomy and functional differences in how 

participants perform the task. 

The secondary experiment was conducted by combining fine and gross ma

nipulation tasks to demonstrate how the classification results of the primary 

experiment can be used to explore co-manipulations with variable admittance 

or impedance control strategies. Although a simple rule was used to form the 

variable-damping strategy with a smooth switching between low- and high

damping, the lower average workload in the variable-damping demonstrated 

its effectiveness. In case of constant damping, the high-damping approach was 
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shown to be more suitable than low-damping if the co-manipulation involves 

fine positioning. Moreover, temporal workload information captured by the 

EEG classifier could provide us with the possibility of workload analysis in dif

ferent parts of the task. For instance, an increased workload was observed at the 

transition from gross to fine manipulation as well as altering controller dynam

ics. Indeed, such temporal information of the users' states can help designers to 

improve the quality of physical human-robot interactions. 

6.6 Conclusion 

In this chapter, an experimental study is presented to investigate the valid

ity of EEG-based workload classification as a continuous measure for physical 

human-robot cooperation. For this purpose, the effect of controller dynamics on 

EEG signals and perceived workload were examined in a co-manipulation task 

with admittance control. Two types of manipulation consisted of gross and fine 

movements with low and high virtual damping were performed by the subjects. 

Performance and subjective measures revealed that a suitable damping level 

depends on the type of manipulation. Although interaction forces decreased 

by lower virtual damping in the fine co-manipulation, task performance and 

accordingly perceived workload degraded with low damping. 

The experimental design of this study resulted in a task-independent binary 

classification problem in the sense that both low- and high-workload conditions 

contained the fine and gross co-manipulation. The relationships of the selected 

features with visuospatial processing and psychomotor efficiency support the 

validity of the feature selection procedure. The high accuracy rate of classifica

tion results for each individual indicates the reliability of EEG signals to assess 
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user's state during physical human-robot cooperation. 

Furthermore, a secondary experiment is conducted by combining fine and 

gross manipulation and performed EEG-based workload analysis for constant 

and variable damping controllers. We demonstrated how the obtained classi

fiers from the primary experiment can be used as a continuous objective mea

sure for workload analysis in more general scenarios. We showed that a vari

able controller can enhance operator workload, however, careful considerations 

should be made when transitions between different dynamics are required. 

The results of this study would enable designers to assess the effectiveness 

of different variable compliance methods in terms of perceived comfort by the 

users. Moreover, real-time implementation of these classifiers can be used as 

an input to adaptive interaction techniques for decision making. For example, 

motor-learning rate can be enhanced by using real-time motor workload classi

fiers for adapting system behavior in learning of motor skills. 

In this chapter, only the interaction force in terms of the average magnitude 

of forces over each task is investigated. However, the quality of physical interac

tion can be further investigated by analyzing different smoothness measures in 

the time and frequency domain. For example, instead of the binary classification 

of workload a continuous force/motion smoothness measure can be considered 

as an indirect measure of motor control difficulty for regression analysis [130]. 

Studying the learning effect and human adaptation to different co-manipulation 

dynamics are another possible future directions that can be investigated and 

compared with EEG patterns. Moreover, the current study has focused on co

manipulation tasks involving limited degrees of freedom (DoF). In the future, 

different adaptation techniques can be compared by using EEG-based workload 

analysis in 6-DoF human-robot cooperation. Moreover, the generalizability of 
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the obtained results in other human-robot cooperation applications can be stud

ied in future. The findings of this chapter is submitted for publication in [159]. 



Estimation of Motor Control 

Difficulty in Precise Cooperative 

Manipulation 

7.1 Introduction 

There are various human-robot co-manipulation scenarios that involve a fine 

and precise co-manipulation. These scenarios range from industrial setting to 

active arm exoskeletons and robot-assisted surgery [160]. In the case of indus

trial co-manipulation, such as collaborative assembly, gluing, or welding [161], 

the robot arms are used as a tool to help human operator kinesthetically to ac

curately position the grasped object. In the case of rehabilitation, admittance 

control has become one of the main types of controllers that offers the possi

bility of active rehabilitation. Indeed, most of the activities of daily living (e.g., 

tooth brushing) require accurately positioning of exoskeletons [162]. 

The contents of this chapter is based on our previous publications [130) © IEEE-201 8 with permis
sion. 
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Compared to the gross motions, a fine co-manipulation requires a higher 

level of sensorimotor processing resulting in a higher cognitive load. This can be 

clearly interpreted from the subjective assessment of chapter 6 via NASA TLX 

questionnaire, where the average perceived difficulty of the fine co-manipulation 

was approximately 15/100 points larger than the gross one as shown in Figure 

6.9. Moreover, the performance analysis revealed that the accuracy of fine co

manipulation is significantly affected by admittance level, where an unsuitable 

damping caused a higher rate of motion errors. Sensitivity and the importance 

of fine co-manipulation accuracy motivated us to focus more closely on the fine 

co-manipulation and analyze the relationship between EEG activity and motor 

control difficulty. For this purpose, I investigate the possibility of quantifying 

motor control difficulty from the smoothness of interaction forces as a continu

ous indicator of motor control difficulty. In contrast to the binary classification 

of chapter 7, in this chapter, I seek to construct an EEG-based regression model 

that can provide a continuous output regarding human motor control difficulty 

during robot precise guidance. Such a cognitive model can potentially be used 

as a real-time adaptation index to adjust task difficulty in robot assistance in 

motor learning and rehabilitation. 

A movement is considered to be smooth when it occurs in a continuous 

manner without any disturbances or interruptions. In the context of human

robot co-manipulation, interaction smoothness is the key characteristic of a sta

ble and well-designed interaction [163]. Moreover, from the user point of view, 

a smooth interaction can ensure a reduced interaction effort, meanwhile im

prove the task performance [164]. Interaction smoothness can be defined in 

terms of either interaction forces or end-effector displacements. Evaluation of 

interaction smoothness requires a precise mathematical and numerical method. 
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Various methods have been proposed in the literature for the quantification of 

displacement smoothness as reviewed in [153]. The family of minimum jerk 

measures (e.g., [165]), the number of peaks in the speed profile (e.g., [166]), 

and single peaked bell-shaped speed profile (e.g., [167]) are the most common 

traditional approaches to investigate the movement smoothness. The above

mentioned measures have been widely studied in the context of neural devel

opment, motor learning, and motor recovery after a stroke. However, these 

measures have mainly focused on discrete movements, such as point-to-point 

reaching or circle drawing motions [153]. Moreover, some of these measures 

(e.g., minimum jerk principle) are limited to be used for displacement data and 

cannot be used to quantify the smoothness of interaction forces. 

To address this issue, more recently, a smoothness measure in the frequency 

domain has been proposed called "spectral arc length" that relies on the changes 

in the Fourier spectrum to quantify smoothness [168]. Although this measure 

has the capability to be used in more complex forms of movements, in the con

text of co-manipulation, individual differences in arm and task characteristics 

significantly affect this measure. To address this problem, I propose a novel 

approach to quantify the interaction smoothness in the frequency domain in 

human-robot co-manipulation. The proposed approach has the capability of 

personalization of smoothness measurement based on the arm and motor con

trol characteristics of human subjects during physical interaction with the robot. 

7.2 Material and Methods 

The experimental setup for human-robot co-manipulation, presented in chapter 

6, is used in this chapter for data recording. A star-tracking task, identical to 
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the fine co-manipulation presented in chapter 6, was performed by 12 subjects 

(7 males and 5 female). The damping conditions were similar to the primary 

experiment of chapter 6, while the task duration for each damping condition 

was extended to 180 seconds. Experimental procedures including training and 

practice session as well as task description were also similar to the primary ex

periment of chapter 6. 

7.3 Data Analysis 

7.3.1 EEG Feature Extraction 

EEG features are extracted from artifact-free EEG signals after ICA analysis. 

Due to the sensitivity of regression analysis to the curse of dimensionality, only 

spectral power density are used as the EEG features in this chapter. A Hamming 

window with 50% overlap was used to extract power using Welch's method 

from 2-second epochs. Spectrograms are averaged over 6 frequency bands in

cluding: theta (4-7 Hz), lower-alpha (8-10 Hz), higher-alpha (11-13 Hz), lower

beta (14-22 Hz), higher-beta (23-35 Hz) and gamma (36-44 Hz). 

7.3.2 Quantification of Motor Control Difficulty 

The direct and continuous measurement of motor control difficulty is not easily 

achievable, therefore, an indirect measure is used to estimate and quantify the 

level of motor control difficulty. A dimensionless index in the frequency domain 

is proposed to distinguish between the low frequency input components of the 

intended human motions and the unintended high frequency oscillations of the 

robot due to the controller instability. In other words, it is assumed that the 
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bandwidth of the human arm motions in voluntary controls is relatively low 

[169] while robot motions caused by admittance instability mostly appear in the 

frequency bands higher than human voluntary control. 

Frequency domain analysis of pHRI in terms of end-effector position [170] 

and interaction force [171] have been investigated in previous studies to develop 

haptic stability observers for detecting and suppressing unstable oscillations of 

haptic devices. Dimeas and Aspragathos [171] demonstrated that spectral anal

ysis based on the position data is mostly valid for back-drivable haptic devices, 

whereas, spectral analysis of interaction forces is more appropriate for an ad

mittance controlled robot. This is because an admittance controller acts as a low 

pass filter and attenuate high frequency components of the control force inputs. 

Inspired by [170, 171], we used frequency domain analysis of force data 

to quantify instable behaviors as an indirect measure of motor control diffi

culty. We used the Fast Fourier Transform (FFT) of interaction forces to ex

tract the magnitude P1(w) of the frequency components w. Force data were 

down-sampled to 128 Hz and then segmented to 2-seconds data epoch (aligned 

with EEG signals). A Hamming window with 50% overlap was applied on each 

segment. Periodograms were averaged to estimate spectral power and results 

were normalized according to the overall window power. The index used for 

the quantification of motor control difficulty was defined as (7.1), 

'°'w~ P1(w)I _ L,w- Wc (7.1)
R - '°'Wm p ( )

L,w=wo f W 

where w0 is the smallest non-zero frequency component of the FFT; Wm is the 

maximum frequency component of interest for summation which must be less 

than Nyquist frequency; We is the cross-over frequency to distinguish between 
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intended and unintended motions which is between wo and Wm. The index 

(h) ranges from O to 1 and a larger value indicates lower interaction stability 

and higher difficulty in motor control accordingly. To minimize the effect of 

sensor noise on the h, the value of Wm must be chosen around the maximum 

bandwidth of the robot motions. The selection of W e, however, is not trivial since 

an optimal value is task-specific and varies between individuals with different 

arm impedance and skill levels. 

7.3.3 Regression Analysis 

EEG measures (120 spectral power) were obtained from each 2-sec epoch. To 

avoid over-fitting and construct a robust regression model, Elastic Net regular

ization method described in section 3.6.2.1 is utilized in this chapter. The EEG 

measures are predictor variables and the motor difficulty index (IR) is the re

sponse variable. A logarithmic transformation is applied on the spectral power 

density measures [172] to normalize the spectral powers. To stabilize intra

individual variance and minimize the effect of individual differences in EEG 

power, predictor variables were transformed into z-scores based on the distri

bution of each subject. In addition, the mean value of IR indices is mapped to 

zero for each subject. 

The overall signal processing procedure for training and evaluation of the 

elastic net regression is shown in Figure 7.1. A leave-one-subject-out (inter

subject) cross-validation approach is used to evaluate the performance of the 

constructed regression model for estimating motor control difficulty and dis

tinguish between the two manipulation conditions. For this purpose, at each 

cross-validation fold, the model is trained on data from all the subjects except 
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Training Data Set Testing Data Set 
(I I-subjects) (I-subject) 

+ i i
Model selection with 

Final Model Evaluation
10-fold Cross- ---+ ---+ 

( aopt , Aopt) (RMSE)
Validation: (ai , ii..;) 

Figure 7.1. Flowchart of the EEG data processing pipeline. 

the one who is assigned for testing. A 10-folds cross-validation approach is used 

in the training to find the elastic net's optimal parameters via a grid search. With 

reference to the relation (3.13), the tuning parameters of elastic net are a: and A. 

A linearly spaced range of a: values (a:= [0.1:0.1:0.9]) is chosen, then for each a:, 

the optimal A is found based on a 10-folds cross-validation, where the spars

est model with an average accuracy within one standard deviation of the best 

model is selected (see Figure 7.2). 
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Figure 7.2. Selection of the optimal A for a sample case. Given l\'.=0.5, the green circle 
along the dashed line represent the A with minimal cross-validation error (LambdaMin
MSE). The blue circle along the dashed line indicate the the A within one standard 
deviation (LambdalSE) that corresponds to the best sparse model. This procedure is 
repeated for a range of l\'. E [O 1] for model selection. 

7.4 Results 

7.4.1 Frequency Analysis of Interaction Forces 

The averaged spectral power extracted from FFT for the two co-manipulation 

conditions are shown in Figure 7.3. Since the averaged interaction force was 

higher in the high-damping, a vertical shift is present between the two spectral 

powers in Figure 7.3a. To acquire a better insight for comparison, the FFT mag

nitude of frequency components for the low-damping are scaled based on the 

ratio of DC magnitudes (P1(0)) between the two conditions. The result is shown 

in Figure 7.3b and the presence of high frequency components in the interaction 

forces with the low-damping is clear. 

Based on the results of averaged spectral powers, an Wm value of 10 Hz was 



- -

135 

,:::;- 30 r--===---------~-- ~- - ~- ~- -- -_-_-_-___::;, 30,:::;-
~ --High-Damping ~ %_ -- Low-Damping z 

0J 10 · oi 10 
.--0 .--0 

0 0 

<ii <ii
:!: -10 :!: -10 
0 0 
a.. a.. 
0) 0) 
0 0 

__J __J 

-30 ~----~~-~~~--~ -30 ~----~~~~~~--~ 
100 101 100 101 

Frequency (Hz) Frequency (Hz)
(a) (b) 
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Figure 7.4. Spectral powers in the first row represent the individual differences in terms 
of interaction forces and motor control in high- and low-damping conditions. Second 
row shows the F-statistic values obtained from ANOVA on the distributions of IR for 
different W e values. Vertical Blue lines on the graphs denote the selected W e for each of 
the subjects. 

chosen to calculate the difficulty index h- However, an optimal We was found to 

be subject-dependent and variations in We affected the IR distribution for each 

subject, significantly. This is mainly due to the individual differences in terms of 

arm impedance and motor control characteristics. For instance, the differences 

between subject 8 and 11 in terms of interaction forces in the frequency domain 

are shown in the first row of Figure 7.4. 
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To address this issue, a statistical approach is proposed to find an individ

ualized W e. For each subject, the index h is calculated for a range of W e from 

0.5 to 4 Hz with a 0.25 Hz step size. Then, at each W e, the degree of difference 

between the h distribution of high- and low-damping are estimated using F

statistics obtained from analysis of variance (ANOVA). The frequency at which 

F-statistic reached its maximum is considered as the optimum W e . As an exam

ple, the F-statistic curves for subject 8 and 11 and their maximums are shown 

in the second row of Figure 7.4. The results of the proposed procedure for the 

subjects are listed in Table 7.1. Note that this approach requires the existence 

of a significant difference between the low- and high-damping which is already 

considered in the experimental design and verified based on the behavioral and 

subjective assessment. 

Table 7.1. Results of individualized cross-frequency (we)-

Subject # 1 2 3 4 5 6 7 8 9 10 11 12 Avg. 

Wc(Hz) 2 2.75 1.5 2 3 2.5 2.5 3.5 2 2 3 1.5 2.35 

Although calculating h using a personalized W e can provide a better esti

mate of motor control difficulty, this imposed individual differences in the IR 

distribution such that a subject with larger W e had smaller values of h and 

shifted distribution toward zero. In other words, individualized W e values are 

suitable for within-subjects analysis, however, for our between-subjects regres

sion analysis which combined the h indices of all the subjects, consistent re

sponses were required. To address this issue, the averaged W e index (2.35 Hz) 

was used to calculate h for all the subjects. Interestingly, this frequency is con

sistent with the results of studies investigating tremor identification in patients 

[173, 174]. 
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According to the performance and subjective assessment, we expected higher 

h values for the LD than HD condition. A paired-sample t-test was performed 

on the averaged h indices of the subjects for comparison purposes. Statistical 

analysis revealed a strong difference (t(ll)= -15.1, p<le - 7) indicating that IR 

was higher in the low-damping than high-damping. This confirms the validity 

of the proposed index for the quantification of motor control difficulty. 

7.4.2 Results of Regression Analysis 

For each subject, the difficulty index (h) is estimated from EEG data recorded 

during the co-manipulation, by constructing a linear elastic net model trained 

on the rest of the subjects. Figure 7.5 illustrates the results of model evaluation 

for each subject and the corresponding Root Mean Square Errors (RSMEs) are 

listed in Table 7.2. Despite the existing differences between actual and estimated 

h indices from brain activity, the linear model demonstrates an overall reli

able performance, especially in the discrimination between low and high motor 

workload conditions. As it can be observed in most of the cases, the estimated 

indices are under/over-estimated for the low/high-damping, respectively. In 

other words, the estimations are shrinkage toward zero. The reason is the regu

larization of regressor that penalizes the large feature coefficients and drops the 

features with lower significance. Thus, there is a trade-off between the accuracy 

of estimation and over-fitting issue that can be considered in the model selection 

stage. 

Table 7.2. Root mean square error of estimated IR indices from EEG epochs. 

Subject# 1 2 3 4 5 6 7 8 9 10 11 12 Avg. 

RMSE (le-2) 5.9 5.8 6.1 7.1 7.2 4.5 4.8 4.3 5.0 4.9 5.0 4.2 5.4 
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Figure 7.5. Results of regression prediction for all the subjects. Red and green box-plots 
denote high- and low-damping, respectively. The left two box-plots represent the actual 
distributions of the difficulty index, whereas, the right plots show the predictions from 
EEG measures. 

7.5 Conclusion 

In this chapter, I investigated the estimation of motor control difficulty from 

passive BCI in a human-robot precise co-manipulation task. Participants per

formed a fine manipulation task in which controller intrinsic dynamics is used 

to manipulate motor control difficulty ( decreasing the damping and making the 

precise guidance more challenging). 

Based on the frequency domain analysis of the interaction force, an index 

is defined to distinguish between the low frequency human voluntary force in

puts and unintended high frequency motions of the robot due to the improper 

admittance. This index is used as an indirect measure of motor control difficulty 

and validated through statistical analysis and comparison with performance 

and subjective assessments. An optimal selection of the parameters for the pro-
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posed index (wm and We) requires knowledge about the robot dynamics as well 

as human arm impedance and motor control characteristics. The effects of in

dividual differences on the spectral power of interaction forces are discussed 

and a statistical approach is proposed to find an individualized W e. Although 

the average of W e is used for the between-subjects analysis of this study, such 

personalization can be used for within-subject analysis and designs. 

A regularize linear regression model ( elastic net) is used to estimate the ex

tracted h indices from EEG spectral powers. Evaluation of this cognitive model 

is performed via a leave-one-subject-out (or inter-subject) approach. The lin

ear regression model demonstrated an overall reliable estimation performance, 

however, the quality of estimation varied between subjects. There are at least 

two factors contributing to these variations. First, functional differences in how 

participants perform the motor control task which influences their cortical ac

tivity. This issue can be potentially overcame by personalization of the cognitive 

model for each subject based on a set of benchmark experiments (similar to what 

has been done in [175]). Second, individual differences in terms of motor con

trol characteristics as observed in the calculation of W e can be considered in the 

personalization of the cognitive model. 



Conclusion 

8.1 Summary of Work 

Through this thesis, I explored the use of passive BCis to understand human 

covert aspects of cognitive states during interaction with robots. In particular, I 

investigated neuroergonomics aspects of human-robot interaction (HRI), where 

the task performance, cognitive load, and attention are the main concerns. I fo

cused on the application of passive BCis to two types of HRI systems including 

remote and physical interaction. To achieve this, I developed and conducted 

user studies with two experimental setups, one for a remote teleoperation task 

and the other one for physical cooperation with a robot arm. The summary of 

my works as well as discussions on the research questions (see 1.1.2) are pre

sented in this chapter. 

8.1.1 Human-Robot Teleoperation 

Chapter 4 and 5 presented the results of a user study in which subjects per

formed a simulated tele-exploration task with two remote robotic drones. The 
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simulator provided the capability of manually controlling drone motions, while 

the drones' camera streams were used to detect target shapes among a set of 

distractors. The experimental scenario consisted of visual scanning and man

ual controlling tasks with varying levels of task-load. The difficulty of visual 

scanning was adjusted by altering the drones' speed and accordingly the rate 

of video streams, whereas, the difficulty of manual controlling increased from 

outdoor to indoor navigation. 

Prior to the main experiment, two visual test including Visual Search (VS) 

and Multi-Object Tracking (MOT) were performed to identify individual dif

ferences in two distinct skills related to selective attention and divided atten

tion, respectively. Subjects' responses, EEG activity, and eye movements were 

monitored across the experimental tasks to answer the research questions. The 

performances of the subjects were calculated in terms of primary performance 

metrics (target detection and situation awareness) and secondary performance 

metrics (reaction time and false detection). Through these experimental materi

als and methods, I sought to seek insight into the first research question: 

RQl: Can covert cognitive states, estimated from EEG measures, predict the 

operator performance in teleoperation? and how do EEG measures differ from 

information obtained from physiological modalities that capture overt aspects of 

operator behavior such as eye trackers? 

In chapter 4, the correlations of physiological measures (EEG and eye tracking 

metrics) with the task performance and situation awareness were analyzed us

ing a multiple regression analysis. The results suggested that EEG-based mea

sures (mental workload and distraction) which are related to the covert aspects 

of operator state were better suited to estimate the secondary performance met-
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rics. In fact, mental workload and distraction were correlated with reaction time 

and false detection, respectively. Despite the fact that these measures are ob

tained from classifiers trained on a standard set of psychological working mem

ory and attention tests, they are still informative in our complex multi-staking 

teleoperation environment. On the other hand, glance based measures that rep

resent the overt aspect of attention were mainly revealed as the best predictors 

of the primary performance metrics. This was mainly due to the nature of our 

teleoperation tasks where a high glance ratio can be interpreted as attentional 

biases in information gathering from specific AOis (e.g., difficulty with one of 

the drones). 

Moreover, the main effects of individual differences in visual skills on op

erator performance and situation awareness were investigated in chapter 4 to 

answer the second research question: 

RQ2: What is the effect of individual differences on the estimation of operator per

formance from neuro-physiological modalities? and how can the individualization 

of cognitive models improve performance estimation? 

The results indicated that the individual differences in MOT and VS skill have 

significant effects on situation awareness and target detection, respectively. Sub

jects with high VS scores outperformed in terms of target detection rate, whereas, 

the situation awareness was not affected by VS but MOT score such that indi

viduals with high MOT scores had a better situation awareness. This suggests 

that the VS score (selective attention skill) could properly capture the speed of 

visual processing and discrete shift of attention, whereas MOT score (divided 

attention skill) can measure the ability of maintaining situation awareness and 

not missing new information in multi-tasking environments. Moreover, these 
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skills revealed to be significant variables in the performance prediction. These 

individual skills can be considered as categorical variables in predictive models, 

improving the prediction of operator performance. 

Previous studies suggest that EEG measures are task-specific and the best 

results are often obtained by training and testing EEG classifiers on the same 

type of task. This matter is investigated in chapter 4 and through the following 

research question: 

RQ3: To what extent can an EEG-based workload classifiers, trained on standard 

psychological tests, be applied to performance estimation in complex teleoperation 

scenarios? 

Although EEG measures of mental workload and distraction were found to be 

correlated with the operator secondary performance metrics, analysis of vari

ance for significant main effects revealed that the classified workload index 

only increased by switching from visual scanning to manual controlling. The 

increased task-load within each of these tasks had no significant effect on this 

workload index. This was due to the fact that the workload index of chapter 4 

was obtained from an EEG-based classifier trained on a set of neuro-cognitive 

assessments (grid, forward digit span, mental arithmetic, backward digit span, 

and trails) and mostly captured working memory load. Thus, it may not be 

sensitive enough to detect task-load variations within our teleoperation tasks. 

This suggested that relying on EEG as a stand-alone modality to measure op

erator cognitive states may need identification of task-specific EEG patterns and 

form the main motivation of chapter 5 through the following research question: 

RQ4: Can EEG patterns discriminate between different types of task-load in

volved in human-robot teleoperation? 
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Various brain's attentional and executive resources have been recognized to 

be associated with different types of workload ( e.g. cognitive, visual, auditory 

and motor workload). As a result, determining the type of mental demand can 

be employed in a more effective assistance to the operator in critical situations. 

To answer RQ4, a hypothesis-driven approach was proposed to identify a set of 

general (subject-independent) EEG features to discriminate between visual and 

motor control load in our teleoperation scenario. 

Two different sets of EEG measures from a small set of EEG channels were 

considered for analysis. The first subset was selected from the most dominant 

EEG-based workload monitoring observed in the literature (frontal and parietal 

spectral powers) as well as engagement level (frontal power asymmetry). The 

second subset was associated with psychomotor efficiency indexed by cortical 

connectivity in the form of EEG coherence. We hypothesized that EEG mea

sures of psychomotor efficiency can be used as the indicator of motor control 

difficulty and improves the distinction between high visual and motor work

load. Psychomotor efficiency has been previously used for skill assessment in 

kinesiological studies indicating that skilled motor performances are correlated 

with the reduction of connectivity between Fz and the other cortical regions. 

Statistical analysis of variance supported our hypothesis and showed an in

creased EEG coherence as the manual controlling was introduced into the tele

operation as well as when the motor control difficulty was increased by switch

ing to indoor navigation. Finally, a step-wise linear discriminant analysis was 

performed to demonstrate the significance of the proposed EEG measures and 

psychomotor efficiency in determining the level and type of workload. The to

tal correct discriminant rate between the four task conditions (LVS, HVS, GMC 

and FMC) was 91.7% obtained from a leave-one-subject-out cross-validation. 
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In particular, we showed that considering the EEG measures of psychomotor 

efficiency could improve the discrimination between the two high-load cases 

(high visual and high motor control load) by reducing the confusions between 

the visual and motor control tasks. Without considering the measures of psy

chomotor efficiency, gross-manual was confused with fine-manual in 4.8%, and 

fine-manual was confused with high visual-load in 14.3% of times. These confu

sions were completely eliminated by considering the measures of psychomotor 

efficiency. 

8.1.2 Human-Robot Cooperative Manipulation 

Chapter 6 and 7 of this thesis presented the results of user studies, in which 

human subjects physically interacted with a robot arm to accomplished coop

erative manipulation tasks. An admittance control scheme was implemented 

on the robot to provide a compliant interaction. The admittance controller al

lowed users to guide the robot end-effector in Cartesian space by measuring 

interaction forces and mimicking the robot dynamics as a mass-damper system 

(null stiffness). A considerable amount of studies have investigated the design 

and stability of various variable admittance controllers to be used in a variety of 

applications from industrial human-robot collaboration to robotic rehabilitation 

and exoskeletons. However, most of these studies have assessed the controller 

performance by relying on subjective or task performance analysis. 

Indeed, a cognitive model that continuously reveals the covert aspects of 

operator state during physical interaction would further benefit designers for 

assessment purposes. Furthermore, an online implementation of such cognitive 

model can be used as an additional modality for human-centered adaptation. 
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These motivated us to explore the use of passive BCis in physical HRis based 

on the following research question: 

RQS: Can the user's preference of physical compliance be estimated from EEG 

activity during cooperative manipulation with robot arms? 

Chapter 6 focused on this research question. For this purpose, two types of co

manipulation including the gross (fast and inaccurate) and fine (slow and pre

cise) manipulation were performed by the subject. The admittance dynamics 

was altered by changing the virtual damping (low and high) and the subjective 

responses, interaction forces, displacements, and EEG signals were recorded for 

analysis. Performance and subjective measures showed that a proper damp

ing is task-specific. Although interaction forces decreased by a lower damp

ing in the fine co-manipulation, task performance and accordingly perceived 

workload degraded with the low damping. This resulted in a task-independent 

binary classification problem, in the sense that both low- and high-workload 

conditions contained both fine and gross co-manipulation. This combination of 

task-types intentionally minimized the effect of task characteristics in the clas

sifier training which made our cognitive model generalizable across different 

manipulation tasks. 

EEG spectral power and coherence were extracted as the classification fea

tures. A step-wise linear discriminant analysis used for a subject-independent 

feature selection, then the selected features are used to form subject-specific lin

ear classifiers. The relationships of the selected features with visuospatial pro

cessing and psychomotor efficiency supported the validity of feature selection 

approach. A 5-fold cross-validation approach was also used to evaluate the 

performance of the linear classifier across subjects that resulted in an average 
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accuracy of 84%. The classification results suggest the reliability of EEG signals 

to assess user's preference of physical compliance during an interaction. 

Furthermore, as an evaluation study, a secondary experiment was designed 

by combining fine and gross movements. Human subjects performed this ex

periment with 3 controllers including constant-low, constant-high, and variable 

damping controller. For each subject, the EEG-based classifier trained on the 

data of the primary experiment was used to assess the main effects of con

troller and task-region on cognitive load. Through a set of statistical analysis, we 

showed how the proposed approach provides designers with continuous objec

tive measures of operator cognitive state. For instance, it revealed that sudden 

changes in the controller dynamics (here damping) may impose cognitive load 

during an interaction. 

In human-robot cooperative manipulation, the interaction forces recorded 

from the force/torque sensor can provide further information regarding the sta

bility and smoothness of the interaction. This was the basis of the last research 

question which is as follows and explored in chapter 7: 

RQ6: Can the difficulty of robot guidance be quantified from interaction forces 

and used to construct an EEG-based cognitive model? 

For this purpose, a precise star-tracking co-manipulation was performed by the 

subjects. The results of chapter 6 and the intrinsic dynamics of the controller 

were used to manipulate the motor control difficulty of the star-tracking task. 

For each data epoch (2-seconds), a novel dimensionless index was proposed 

in the frequency domain to quantify motor control difficulty from force data. 

The proposed index distinguished the low-frequency human voluntary force 

inputs from unintended high-frequency interaction forces caused by unstable 
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robot movements. This required to select two parameters, one representing 

the maximum interaction frequency threshold (wm), and the other denoting the 

cross-over frequency to distinguish between intended and unintended motions 

(we)- The selection of Wm was depending on the robot actuation bandwidth, 

while W e was a subject-specific. A statistical search method was performed to 

find the optimal W e for each subject. Interestingly, the average We was around 

2.3 Hz, consistent with the previous observations that have studied human hand 

tremor. 

Finally, a regularized linear regression method (elastic net) was used to map 

EEG spectral powers (input) to the difficulty index (output) at each epoch. For 

the model evaluation a leave-one-subject-out approach was utilized and the 

model parameters were selected via a 10-fold cross-validation within training 

data. Despite the leave-one-subject-out validation which is not considering in

dividual differences, the elastic net model demonstrated an overall reliable esti

mation performance with an average root mean square error less than ±10% of 

the actual difficulty index range. 

8.2 Opinion 

Although continuous EEG signals are highly sensitive to the user's mental state 

and suffer from a low signal-to-noise ratio, the results indicate that the passive 

BCis are viable sources of information regarding operator cognition for improv

ing the neuroergonomic aspects of HRI. In general, the continuous classification 

of operator cognitive state can be employed in two different directions, either as 

an offline assessment tool for enhancing interaction design, or as a communica

tion modality for adaptation. 
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(i) Offline assessment of HRI design with passive BCI: Three potential areas that 

can benefit from an offline analysis are the assessment of different user inter

faces (e.g. GUI of teleoperation), tuning of adaptive robot controllers (e.g., vari

able impedance/admittance control methods), and finally the personalization 

of HRI (e.g., subject-specific admittance control [164]). 

(ii) online HRI adaptation with passive BCI: EEG-based estimation of operator 

cognitive state can serve as an additional communication modality with robots. 

For example, robot assistance of motor learning/recovery can be accelerated by 

dynamic difficulty adjustment to improve user engagement and performance. 

However, only relying on an EEG-based analysis as the main modality to dy

namically adjust robot's behavior might not be easily achievable given the low 

signal-to-noise ratio of EEG signals. To address this issue, repetitions on the task 

and then averaging can improve the quality of estimation. For instance, in [176], 

a moving average of 30 seconds was applied on the workload indices to trigger 

assistance in an air traffic control scenario, or in [177], the task difficulty was 

adjusted only between the trials of an arithmetic problem solving experiment. 

Moreover, there is a constraint on the lower band of epoch length for EEG classi

fication/ regression. When a continuous recording of EEG is of interest, contrary 

to ERP analysis, a couple of seconds of EEG data is required for a reliable feature 

extraction and translation. Therefore, a high frequency adaptation based on the 

EEG-based estimation is challenging. 

Given the aforementioned limitations, using EEG-based estimation as a sec

ondary modality for adaptation seems to be less challenging. For instance, in 

physical interaction with robot arms, force/torque sensor inputs and the robot's 

kinematic factors can be considered as the main adaptation factors and EEG

based classification of operator workload can be used to iteratively adjust adap-
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tation gains according to the user state. 

8.3 Outlook 

Most of the presented works in this thesis serve as the primary steps required for 

using passive BCis to develop adaptive HRI frameworks. The proposed inter

disciplinary methodologies presented in this thesis pave the way for interesting 

future works which are summarized as follows: 

• Online Adaptation in HRI Using Reinforcement Leaming: According 

to the nature of the output, we can obtain from a passive BCI, Reinforce

ment Learning (RL) seems to be a suitable candidate for implementation 

of adaptive HRI frameworks. Generally speaking, reinforcement learn

ing is a machine learning algorithm that allows an agent iteratively learns 

how to determine the ideal behavior within a specific context by perform

ing actions based on the states and seeing the results (called reward). To 

optimize neuroergonomic aspects of HRI via adjusting interaction param

eters, the output of the presented cognitive models can serve as the reward 

of RL. 

• Comparing Different Variable Admittance/Impedance Controllers: In

deed, in the context of physical HRI, the use of presented cognitive models 

in chapter 6 and 7 for the evaluation of adaptive controllers is one future 

direction that can be taken. The parameters of a compliant controller, such 

as mass and damping coefficients, can be dynamically adjusted based on 

the interaction forces (e.g., the rate of change) or kinematic aspects of the 

movement (e.g., end-effector velocity). Moreover, exploiting the redun-
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dant degree-of-freedoms can also affect the interaction. All these factors 

can potentially affect human cognition, thus, the temporal cognitive infor

mation can be obtained from passive BCis and used for enhancing adap

tive rules toward human-centered interactions. 

• Evaluation of Instantaneous Physical Interactions: Contrary to the coop

erative manipulation of this thesis, there are physical interaction in which 

humans and robots exchange forces for a short period of time. A common 

example is handing over of objects between humans and robot that is an 

essential capability for assistive and collaborative robots. Robot grippers 

with adjustable stiffness [178, 179] can provide the possibility to mimic 

human-human hand over. The continuous measure of human cognition, 

acquired by passive BCls, can enhance the stiffness adaptation strategy 

during this types of physical interaction. 
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Appendix-A 
NASA TLX Questionnaire 

Mental Demand How mentally demanding was the task? 

I I 
Very Low Very High 

Physical Demand How physically demanding was the task? 

I I I I 
Very Low Very High 

Temporal Demand How hurried or rushed was the pace of the task? 

I I 
Very Low Very High 

Performance How successful were you in accomplishing what you were asked to 
do? 

I I 
Perfect Failure 

Effort How hard did you have to work to accomplish your level of performance? 

I I I I I 
Very Low Very High 

Frustration How insecure, discouraged, irritated, stressed , and annoyed were you? 

I I I I I 
Very Low Very High 
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