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Abstract:

The objective of this work is to develop a Manned-Unmanned Teaming (MUM-
T) framework coupled with an adaptive interaction controller, that enables a
single pilot to work collaboratively with multiple Unmanned Aerial Vehicles
(UAVs) while maximizing the human agent’s performance and keeping their
mental workload at an acceptable level. We approached this problem by using
a Mixed-Initiative Interaction (MII) concept that shares tasks between agents
based on their present conditions and capabilities. MII is aided by physiological
computing to determine the mental state of the human agent, and an auto-
mated planning technique for controlling the interaction through sequential
decision making under uncertainty. The obtained results revealed a significant
decrease in workload as measured using subjective and physiological features,
and a significant increase in the human agent’s performance in the adaptive
experimental conditions, compared to non-adaptive conditions. These findings
demonstrate how the proposed adaptive interaction control approach can improve
performance while reducing operator workload, hence paving the way for a more
efficient and enhanced MUM-T. In addition to several short papers, this thesis’
work resulted in one journal article and a full conference paper under review.

Keywords: Human-Robot Interaction, Manned-Unmanned Teaming, Mixed-
Initiative Interaction, Adaptive autonomy, Physiological Computing, Classifica-
tion, Partially Observable Markov Decision Process, Eye-tracking, Electrocar-
diography, Electroencephalography
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Introduction

Manned-Unmanned Teaming (MUM-T) can be understood as a cooperative
teaming of multiple agents: several unmanned aerial vehicles (UAVs) and
possibly several manned aircraft acting together in critical missions situations.
As a result, a new perspective is proposed for the future of human-multi-UAV
interaction via such a team cooperation falling within the mixed-initiative
interaction (MII) framework. In order to design a mixed-initiative system, it
is important to know what influences the human operator’s (mental) state,
decision-making capabilities and performance, particularly in critical situations.
In this MII perspective, we consider that the human agent (pilot) is not a
foolproof team agent. For instance, degraded mental states could diminish
human agents’ capabilities during mission execution. Thus, in this thesis work
we investigate physiological computing and artificial intelligence algorithms
for estimating the human pilot’s mental state (e.g. mental workload) when he
or she interacts with a UAV team under difficult mission conditions in order
to adapt the agents’ interaction to favor performance. As an example, the
adaptation can consist in choosing if a UAV request should be triggered or
not given the current (mental) state of the human pilot and mission sub-tasks’
priority.

Thus, in order to accomplish this thesis objective, this work begins by under-
standing and assessing the mental state of human pilots while they interact with
UAVs. To this purpose we developed a scenario employing a MUM-T in a search
and rescue mission, where participants played the role of a pilot cooperating
with three UAVs. In a first experimental campaign missions were designed
to induce high and low mental workload levels, which were evaluated using
self-reported, behavioral and physiological measures (i.e., cerebral, cardiac,
and oculomotor features). This first campaign allowed us: (i) to characterize
mental workload based on physiological signals -a significant impact of mental
workload was found on all measures; and (ii) to propose different classification
pipelines that achieved an average classification accuracy ranging from best at
75% to lowest 59.8%, when using cardiac features alone or in combination with
cerebral and oculomotor ones.

Then, based on these results, this thesis work focuses on constructing a se-
quential decision-making system that is capable of monitoring human mental
state through classifier’s output and selecting appropriate actions to adapt the
interaction with an aim of maximizing human performance, and eventually
enhance mission outcome. Given the partial observability of the human mental
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state and the non-deterministic nature of such a system, we build this piece
of work under the Partial Observable Markov Decision Process (POMDP)
framework. The parameters of the POMDP model, that aims to control the
interaction, were approximated using all data collected during the first experi-
mental campaign and related classification results. The obtained policy was
evaluated in simulation.

And finally, this thesis work concludes with the evaluation of such a POMDP-
based interaction control policy in a second experimental campaign with regards
to performance and mental workload management. In this campaign, all
developments were integrated and tested online: extraction and processing
of physiological features, estimation of human mental state, and adaption
of the interaction. The subjective results showed that the participants felt
significantly less workload when the adaptive approach was used when compared
to a non-adaptive interaction system. Their flying score was also significantly
improved in the adaptive condition. These findings demonstrate how such a
POMDP-based adaptive interaction control can improve performance while
reducing operator workload, paving the way for a more efficient and enhanced
MUM-T. In addition to several short papers, this thesis’ work resulted in one
journal article and a full paper conference article.

Regarding the structure of the thesis, the first three chapters are comprised
of the state-of-the-art related to this work. Hence, in the first chapter the
concept of Human-Robot Interaction (HRI) is introduced, moreover its possible
interaction channels, how HRI defines autonomy in relation to interaction,
and the limitations of artificial agents are discussed. The HRI concept is
further developed in the context of Manned-UnManned Teaming, with insights
on how mixed-initiative interaction and physiological computing might help
HRI. The second chapter reviews the mental state assessment literature and
also defines mental workload. Additionally, the physiological changes associated
with human mental workload are detailed. This is followed by the explanation
of physiological computing methodology. Finally, the current mental workload
estimation research in human-robot interaction is reviewed, with an emphasis
on future developments. Next, the third chapter provides an overview of
planning in the context of Artificial Intelligence (AI) and information on
various planning challenges and factors influencing planning model selection.
This extends to probabilistic planning, specifically to the Partially Observable
Markov Decision Process (POMDP). Finally, options for solving POMDP are
presented.

The fourth chapter begins the thesis’ contribution part. It starts by defining
the scope of this thesis’ research and its goals. Then it details the experimental
design, and implementation, acquisition, processing, and analysis tools. This
chapter also covers the application designed to process and analyze eye-tracking
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data in real-time. The fifth chapter details the first experimental campaign
and the associated results of mental workload estimation. It begins with the
description of the first experimental campaign and moves towards the collection
and processing of data. Apart from that, different validation techniques are
examined, as well as the effect of time on physiological data. Finally, the
results are analyzed and discussed. The sixth chapter outlines the process of
developing a planning framework based on the knowledge gained from the first
experimental campaign. This is followed by the technicalities of solving the
planning model to obtain a policy to control the MUM-T interaction. Finally,
a comparison of the generated policy with a random policy is presented, using
an in-house simulator. Afterwards, the seventh chapter aims to validate the
proposed MUM-T adaptive interaction approach. It provides the details of the
closed-loop design for an adaptive interaction utilizing all the created modules.
Lastly, the description of the second experimental campaign is presented and
the chapter concludes with the results and their discussion. Finally, the eighth
chapter concludes the thesis with a general conclusion, specific findings for each
contribution, as well as perspectives on future directions and enhancements.





Part I

State-of-The-Art





1
Human-Robot Interaction
This chapter provides an overview of the human-robot interaction (HRI) field,
available interaction channels, how autonomy in HRI is defined with respect to
interaction, and the limitations of artificial agents. Further, the concept of HRI
is developed in the Manned-UnManned Teaming context with details on how
it could be aided with mixed-initiative interaction framework and physiological
computing.
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1.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17



4 1. Human-Robot Interaction

1.1. Human-Robot Interaction

Human-Robot Interaction (HRI) or in general Human-Artificial Intelligent
agents Interaction is a branch of research devoted to comprehending, designing,
and evaluating technologies for use by or with humans [Goodrich and Schultz,
2008]. In this research, we are considering robots for all artificial intelligent sys-
tems (such as unmanned aerial vehicles, autonomous vehicles, and humanoids).
Interacting with such agents can take several meanings, figure 1.1 provides
different forms of human-robot interactions.

In HRI, interaction, by definition, implies a kind of communication between
robots and humans [Bartneck et al., 2020]. To better understand the field of
Human-robot interaction, it can be seen as the behaviour driving the interact of
robot with humans in a social as well as technical realm [Patompak et al., 2020;
Richert et al., 2018]. While a robot is concerned with the physical movements
required to complete an action, it is also concerned with the social aspects of
the surroundings. For instance, to be aware of where people are and how to
approach them in a safe and suitable manner. HRI is not just meant to design
robots with a compliance behaviour, but also comprises human understanding
of their capabilities and limitations [Hindemith et al., 2021], which eventually
gives Human-Robot Interaction its real meaning.

(a) Haptic interface tech-
nology by Max Planck In-
stitutei

(b) SZ DJI Technology Co.
Ltd’s motion controller for fly-
ing a UAV with hand mo-
tionsii.

(c) Peer-to-peer interaction
with the robot Kaspariii.

(d) Teleoperation robot
training using virtual real-
ityiv.

(e) gesture- and speech-
based interaction with
MIT’s Leonardov.

(f) A touchscreen interaction
with a Pepper robot from
Softbank roboticsvi.

Figure 1.1: Types of human-robot interaction
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Communication between a person and a robot can take a variety of forms, but
these forms are primarily determined by whether the human and the robot
are physically close to one another or they are separated physically. As a
result, communication and, by extension, interaction is classified into two broad
categories by Goodrich and Schultz [2008]:

• Remote interaction: Remote interaction, or teleoperation, is a kind of
human-robot interaction (HRI) that is described as the operation of a
system from a distance, without the robot and human being physically or
temporally co-located. At the moment, tele-robots do normal activities
under human supervision, such as in manufacturing lines, while teleop-
erated vehicles undertake non-routine jobs in dangerous or inaccessible
settings [Sheridan, 2016]. Such duties include exploring space, the oceans,
or radioactive sites [Nagatani et al., 2013], as well as carrying out civil
and military operations [Reich et al., 2017; De Souza, 2017], including
search and rescue missions.

• Proximate interaction: Proximate interaction is a domain of human-
robot interaction in which both human and the robot are located in a
close vicinity to each other. This form of interaction make robots not
just a tool but, rather, collaborators, companions, guides, tutors, and all
kinds of interaction partners [Gross et al., 2019; Du et al., 2018; Malik
and Brem, 2021].

1.1.1. Interaction Channels

Nonverbal communication comprises more than 80% of our communication
[Hull, 2016]. It becomes more difficult to make deeper connections with
the communicating partner without the non-verbal channel. These could be
expressions: that give sense of other’s emotions [Ekman, 1992]; gestures: that
bring wider spectrum of information to the communication [Krauss et al., 1996];
or just eye contact and/or speech sound variations can bring importance to
the more valuable information [Mundy et al., 1992; Munson, 2010].

Humans continuously and apparently unconsciously pick up on a range of
non-verbal signals when conversing. These signals are utilized to decipher the
subtleties of others’ meaning, emotion, and purpose. Non-verbal signals are

iImage source https://hi.is.mpg.de/research_fields/haptic-interface-technology
iiImage source https://www.dji.com/fr/dji-fpv

iiiImage source https://www.bbc.com/news/uk-england-beds-bucks-herts-16261057
ivImage source https://spectrum.ieee.org/ai-startup-embodied-intelligence
vImage source https://tinyurl.com/348p6w4h

viImage source https://www.softbankrobotics.com/emea/en/pepper

https://hi.is.mpg.de/research_fields/haptic-interface-technology
https://www.dji.com/fr/dji-fpv
https://www.bbc.com/news/uk-england-beds-bucks-herts-16261057
https://spectrum.ieee.org/ai-startup-embodied-intelligence
https://tinyurl.com/348p6w4h
https://www.softbankrobotics.com/emea/en/pepper
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such an integral part of human communication that an inability to generate
and interpret them properly complicates connection.

Non-verbal signals enable individuals to convey critical information "between
the lines". They provide an additional layer of information to human-human
and also to human–robot interaction. They are capable of conveying ideas,
feelings, and attention. And they may do it more subtly and indirectly than
they can with vocal communication. Many of the non-verbal messages we
send are conveyed spontaneously and subconsciously [Bartneck et al., 2020].
As a result, non-verbal signals are often considered to be more authentic
and unfiltered, exposing people’s "real" views. Following, are few examples
of nonverbal communication channels and their representation as interaction
medium in the field of Human-Robot Interaction.

1.1.1.1. Behavior

Behavior markers are widely used features obtained from the interaction of
the participant and the system. As an easy interaction channel, behavior
markers provide a way to capture intention and performance mostly using key
strokes, response time, clicks, and frequency of interaction [Chanel et al., 2020a].
Examples of use of such an interaction channel is the DiamondTouch screen
developed by Mitsubishi Electric Research Lab (MERL) that can uniquely
identify individuals interacting with it [Dietz and Leigh, 2001], as well as
[Chanel et al., 2020a] who used behavioral markers to differentiate high and
low performing participants.

1.1.1.2. Gaze

The human eye is a highly developed system: unique among primate species,
with a pigment-free sclera. Humans have the ability to estimate the direction of
another person’s gaze with only a few degrees of error [Gibson and Pick, 1963].
This capability is deemed crucial for the development of combined attention and
human social cognition [Butterworth and Cochran, 1980; Scaife and Bruner,
1975; Tomasello, 1995, 1999]. Humans are more responsive and precise in
detecting the presence of a straight gaze directed toward them among a large
number of averted gaze [Von Grünau and Anston, 1995]. The gaze conveys
interest, comprehension, and attention, as well as a person’s capacity and desire
to follow the task. Apart from its social role, gaze and eye movements enable
functional exchanges and cooperation, such as passing an item to someone or
directing someone’s attention to the next tool required for a job.



1.1. Human-Robot Interaction 7

The autonomic nervous system regulates pupil dilation, as well as uncontrolled
responses such as blinks and saccades. This makes eyes a window to the soul,
they could subconsciously reflect how much you are attentive, involved, or
tunneled in an interaction. Thus, gaze is potentially very beneficial in most of
the human-robot operations, such as integration of eye-tracking in pilot training
for providing performance and situational-awareness feedback [Peysakhovich
et al., 2018; Ferrari et al., 2018]; and in social HRI for bi-directional navigation
intent communication [Chadalavada et al., 2020].

1.1.1.3. Physiology

Recent advances in Brain Computer Interface research emphasize the use of
monitoring of a user’s brain activity to assess attention level, perceived mistakes,
and emotions. This could opens a channel of communication between people
and intelligent systems. There are several research that are utilizing physiology
as an interaction channel to improve human-robot interaction by determining
human satisfaction [Esfahani and Sundararajan, 2011], attention [Chen et al.,
2017], errors [Chavarriaga et al., 2014], emotions [Dzedzickis et al., 2020] and
others (refer [Alimardani and Hiraki, 2020]). Physiology is presented in more
detail in chapter 2.

While interaction channels bring a opportunity to utilize wider spectrum
of communication options to understand human behaviour, intentions, and
satisfaction; alongside let humans know about the robots. Interaction is also
handled in the form of level of autonomy assigned to robots in an human-robot
teaming.

1.1.2. Autonomy as Interaction

One of the primary goals of any artificial system is to perform tasks and to make
decisions autonomously. It may also includes the demonstration of impressive
interactivity with other artificial systems and co-working humans. Additionally,
it is becoming increasingly common to expect an artificial agent to collaborate
with humans on a common goal [Chanel et al., 2020b; Schmidbauer et al., 2020;
Schulte et al., 2016], posing the difficulty of sharing activities and directly or
indirectly directing the actions of others.

In the field of human-computer interaction, task sharing or interaction is
generally investigated in terms of the concept of autonomy. The autonomy of
a system is defined as its ability to make decisions independently of human
operators [Mostafa et al., 2019]. According to Goodrich and Schultz [2008],
the simplest method to examine autonomy is to define the level of interaction
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Teleportation Mediated  
Teleportation

Supervisory 
Control

Collaborative 
Control

Peer-to-peer 
Collaboration

Direct control Dynamic Autonomy

Autonomy

Figure 1.2: Levels of autonomy with emphasis on human interaction, inspired from
[Goodrich and Schultz, 2008]

between humans and robots and the extent to which each is autonomous of the
other. The figure 1.2 illustrates a scale of autonomy with an emphasis on mixed-
initiative interaction as we go toward more autonomous systems collaborating
with humans on a pear-to-pear basis (one to one). On the direct control side,
the system is completely handled by its human counterpart, although a suitable
user-friendly interface design may be a technical challenge. On the other hand,
while robots are completely autonomous of human control, the challenge is to
develop a cognitively intelligent robotic system capable of analyzing situations
in real time, making decisions, and also dealing with unknown events. In
the following sections a few of the most significant autonomy principles are
reviewed.

1.1.2.1. Autonomy Levels For Unmanned Systems

The Autonomy Levels For Unmanned Systems (ALFUS) proposes a conceptual
model for devising a system’s autonomy based on three axis. In which, first is,
Mission complexity that defines the level of complexity of the missions an
artificial agent is capable to perform, an Environment difficulty that defines
the degree of difficult of the operating environment; and lastly the Human
independence that defines the amount of interaction that is required with
the human operator, see figure 1.3. Therefore, the artificial agent can perform
at any combination of complexity, difficulty, and independence that is defined
by particular combination in a system[Huang et al., 2005].
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Figure 1.3: ALFUS model, image source [Huang et al., 2005]

1.1.2.2. Absolute Autonomy

Absolute autonomy is a general implicit concept of autonomous agents. The
agent’s designer setup its autonomy during the design stage and the agent
implicitly comply with them [Pătraşcu and Drăgoicea, 2014; Magill and Erden,
2012]. The artificial agent autonomously generates its goals and decides on
its actions. Particularly, the artificial agent’s pro-activity, reactivity, and
capabilities to perform particular actions determine its autonomy. The main
reasons behind the adaptation of the absolute autonomy approach are [Mostafa
et al., 2019]:

• There is no essential need to formulate an autonomy model.

• To avoid the complications of using an explicit model to autonomy.

1.1.2.3. Adaptive Autonomy

Adaptive autonomy, alternatively referred to as adjustable autonomy, pertains
to systems that exhibit some degree of flexibility in their autonomous behavior
source [Durand et al., 2009; Bradshaw et al., 2004; Luck et al., 2003]. They
provide variable degrees of autonomy to human operators [Zieba et al., 2010;
Scerri and Reed, 2001], and the division of tasks between humans and artificial
agents is not fixed, rather varies [Parasuraman, 2000].

Moreover, adaptive autonomy can be configured with several different ap-
proaches, these are:

• Supervised approach in which artificial agent is handling most of the
system’s tasks where as the human agent is supervising them [Zieba et al.,
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2011; Valero-Gomez et al., 2011; Bradshaw et al., 2002]; to handle critical
situations and to avoid system failure.

• Degree-based approach the autonomy adjustment is varied between
two ends, non-autonomous and fully-autonomous and mixed-autonomy
in between [Mostafa et al., 2014].

• Level-based approach autonomy is divided into certain levels and each
level authorize artificial agent with certain operations. Artificial agent
could be bound to one autonomy level [Pătraşcu and Drăgoicea, 2014] or
can shift between several [Huber, 2007], and with higher autonomy level
an artificial agent experience unconstrained behaviour [Mostafa et al.,
2019].

• Sliding approach provides a sliding mechanism for adjusting the au-
tonomy over a distribution [Roehr and Shi, 2010; Sellner et al., 2006],
and gives the flexibility to the operator to increase or to decrease the
autonomy dimensions [Lin and Goodrich, 2015].

• Policy-based approach provides a set of policies [Côté et al., 2013],
that defines artificial agents’ behavior [Beal et al., 2010] and let them
perform without explicit human interference.

• Teamwork-centred approach gives control of specific activities to
artificial agent and others to human agent for collaborative working
[Freedy et al., 2008].

• Predictive approach analyzes the performance of a system by studying
the behavior of agents in order to distribute autonomy among them [Bush
et al., 2012]. Here the objective is to adjust a system’s autonomy based
on its simulated results.

Despite these available notions, there is doubt about the practical effectiveness
of adaptive systems. One of the primary sources of concern is whether the
system is controlled by a person or an artificial agent. A system that is entirely
under the control of an artificial agent may result in state unawareness for the
human counterpart when confronted with unexpected circumstances known as
automation surprise [de Boer and Hurts, 2017; Billings and Woods, 1994].

1.1.2.4. Mixed-initiative Interaction

Mixed-initiative interaction systems feature dynamic autonomy, in which roles
are not predetermined and the autonomy does not have any degrees. They
are, however, derived using a flexible interaction strategy that allows each
agent (human and artificial) to take charge of the tasks in which they specialize
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[Hearst et al., 1999]. Additionally, agents’ responsibilities are intelligently
negotiated while the system is working on the problem [Carneiro et al., 2016].
In which, one agent may have initiated the current problem, the other may have
contributed by assisting the initiator; and while solving a new problem, the
roles may be inverted, with the initiator taking on the assisting role this time
[Jiang and Arkin, 2015]. The primary notion of mixed-initiative systems is to
enable agents to function more successfully both independently and together.

Hence, a Human-Robot Interaction can take numerous forms, ranging from
complete reliance on the human for robot operation in scenarios like teleopera-
tion; to advanced interaction scenarios in which both agents are completely
self-sufficient in terms of intelligence and ability to operate. However, both
agents are constrained by their inherent limitations, which may be technological,
physical, or ethical, as addressed further in detail.

1.1.3. Artificial Agent’s Limitations

1.1.3.1. Technological

In general, artificial intelligent systems suffer from semantic deficiencies: they
usually lack a meaningful understanding of their environment [Bartneck et al.,
2020]. While a robot may appear to respond positively when approached by a
human seeking guidance, this does not guarantee the robot comprehends the
situation—that the person is unfamiliar with the space—or that the directions
it provides actually lead someplace.

Currently, machine learning entails iterating over millions of cases in order
to gradually improve performance. Despite advancements in processing capa-
bilities and machine learning methods, computers require days, if not weeks,
to learn, and this is only when all learning occurs off-line, such as through
simulation or by utilizing previously recorded data. It is currently incredibly
difficult to learn from real-time data collected in the real world by a robot
[Bartneck et al., 2020]. Where humans are capable of mastering a single skill
and then applying that knowledge to other tasks that need similar or related
abilities. For instance, someone may master one card game and then quickly
transfer their expertise to a card game with significantly different rules. Typi-
cally, machine learning is still unable to behave this way and has to learn
from the beginning with new task in supervised transfer learning format [Tan
et al., 2018].

A significant problem is also flawlessly combining the different components of
a robot. To create realistic behavioral patterns in a robot, technologies such
as speech recognition, natural language processing, social signal processing,
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action selection, and navigation must all work collaboratively. This is doable
on robots with less functionalities like Naovii, Roombaviii, etc, but integrating
and synchronizing these disparate abilities on more advanced robots remains a
challenge. While facial recognition [Adjabi et al., 2020], emotion classification
[Ko, 2018], and sound source localization [Grumiaux et al., 2021] are all capable
of operating independently, combining the three to enable the robot to behave
human-like to humans approaching the robot remains a challenging task.

1.1.3.2. Ethical

In the field of human-robot interaction, true cognition - as defined by Kihlstrom
[2018] as "Cognition encompasses the mental functions by which knowledge is
acquired, retained, and used: perception, learning, memory, and thinking" -
is still limited to humans [Bartneck et al., 2020]. Although research is being
conducted to integrate artificial intelligent systems with a sense of understanding
[Lenat, 1995; Navigli and Ponzetto, 2012]. Though, there are currently no
robots capable of grasping their social and physical environments through their
multimodal interactions with the world; no sufficiently intelligent machine has
been built to handle a wide variety of complicated robot application scenarios
according to Bartneck et al. [2020, p. 39]. Alongside, it is not wise to have
robots deciding humans’ fate as for instance taking decisions that have ethical
concerns [Goodrich et al., 2001; Bonnemains et al., 2018].

Therefore, due to their limited cognitive capacities, that includes an inability to
transfer expertise to new activities, and difficulties in developing a completely
integrated system, humans remain incomparable to any given system. Besides,
robots excel at repetitive jobs and can be programmed to execute tasks that
would be harmful for humans to perform. They are capable of navigating
and avoiding obstacles [Knyaz and Kniaz, 2020]; thus, combining robots and
humans skills, and sharing control between the agents based on their skills and
capabilities at any given time is the future of Human-Robot Interaction.

In the following section the Manned-Unmanned Teaming (MUM-T) concept is
discussed. Manned-Unmanned Teaming can be viewed as a future paradigm
for human-robot interaction in the context of human-multi-UAV (Unmanned
Ariel Vehicle) teaming.

viihttps://www.softbankrobotics.com/emea/en/nao
viiihttps://www.irobot.fr/roomba
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1.2. Manned-unmanned Teaming

With the emergence of unmanned aircraft and the evolution of automation,
researchers are pushing the limits to attain the capability of a unique human
operator to control multiple UAVs. But there is still a debate between having
a fully autonomous group of UAVs performing different sub-tasks to achieve
one common goal or having one human controlling several UAVs all together
towards the success of a mission. Moreover, both of these ideologies settle in
one common urge of having a fully capable multi-UAV system.

Several multi-UAV applications have already been designed and demonstrated.
The COMETS project [Ollero et al., 2005] is one of them with several research
organizations involved in the design and implementation of a new control ar-
chitecture for multiple heterogeneous UAVs working cooperatively in forest fire
missions. Maza et al. [2011] designed a multi-UAV distributed decisional archi-
tecture to autonomously cooperate and coordinate with UAVs, it accomplishes
high level tasks by dividing and assigning low level tasks to each UAV with
respect to the capabilities of each one of them. Perez et al. [2013] developed a
ground control station for dynamically assigning tasks to several UAVs (refer
figure 1.4a), and Scherer et al. [2015] created a distributed control system to
coordinate multiple UAVs and override autonomy when required. Brisset and
collaborators [Brisset and Hattenberger, 2008; Brisset and Drouin, 2004; Brisset
et al., 2006] have conducted two multi-UAV experiments using Paparazzi [Gati,
2013] (a free autopilot, illustrated in figure 1.4b). In these experiments, a
formation flight using first 3 UAVs, and secondly 2 UAVs at different locations
in Germany and France were controlled by the same Ground Control Station in
Germany by two operators. Franchi et al. [2012] also studied the involvement
of human in the control-loop of multi-UAVs with a self arranged autonomy.

(a) A ground control station designed by
Perez and collaborators for dynamically
assigning tasks to several UAVs [Perez
et al., 2013].

(b) Paparazzi, a free autopilot to controll
UAVs from Ground control station [Brisset
and Hattenberger, 2008].

Figure 1.4: Human in the loop systems
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Whereas, Mueller et al. [2017] targeted 2 problems of multi-UAVs operation:
first an effective Human System Interface for better understanding, control,
and monitoring of overall activity; and second to authorize UAVs to plan, verify,
and act when the connection to the human operator is lost.

Such systems are trying to diminish the need of a human operator by making
systems capable enough to take decisions and accomplish the mission without
any human intervention, or just with little supervisory control, or takeover
when required.

On the other hand, recent works are heading towards an integrated system with
human involvement in critical situations [Schwerd and Schulte, 2021; Roth et al.,
2020; Donath et al., 2010; Gangl et al., 2013a,b; Schulte et al., 2015]. The main
idea behind these studies is the involvement of a human operator not just in
the supervisory, or control loop, but in the mission itself. The human operator
is not only remotely controlling the UAVs to perform tasks, but one is also part
of the mission itself and performs the required supervision of accompanying
UAVs from the cockpit of a plane. This collaborative approach towards a team
of human and machine is known as Manned-Unmanned Teaming (refer figure
1.5).

Figure 1.5: Manned-Unmanned Teaming overview

Manned-Unmanned Teaming (MUM-T) is a concept that has emerged and is
widely used in the military domain, and can be seen as a cooperative teaming of
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multiple agents: several unmanned aerial vehicles (UAVs) and possibly several
manned aircraft [Gangl et al., 2013a]. The MUM-T organization described by
Strenzke et al. [2011] contains multiple UAVs and a human operator present in
a manned aircraft along with a flying pilot. Gaydos and Curry [2014] defines
MUM-T as interoperability of human and unmanned aerial platforms that
significantly increase mission command and enhance capabilities. It comprises
the coordinated use of manned and unmanned air (and ground) vehicles, and
sensors. MUM-T integrates robotics, sensors, manned and unmanned vehicles
to improve situational awareness, survivability, and sustainment.

Donath et al. [2010] worked on assistant systems to help human pilots with
managing multiple UAVs from a manned aircraft, and also evaluated the
workload experienced by the pilot. Interestingly, they used human behavior
models to represent the workload experienced and to provide possible solutions
to balance it (see figure 1.6a). Their work was further evaluated by Gangl et al.
[2013b] with Unmanned Combat Aerial Vehicles (UCAVs). In this particular
study, Artificial Cognitive Units (ACUs) were used to control each UCAV
separately along with the presence of a human pilot in a manned aircraft’s
cockpit working hand-in-hand with the UCAVs (see figure 1.6b). These works
used behavioural models to estimate the workload experienced by the pilots.
This is an overt measurement that tells little about the mind, detailed discussion
of overt and covert measurements are provided in chapter 2.

(a) Characteristics of the assistant system in the work system, image source [Donath
et al., 2010].

(b) Work systems of a manned (left) and a manned-unmanned (right), image source
[Gangl et al., 2013b].

Figure 1.6: Human in the loop MUM-T systems
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However, our vision for the future of MUM-T missions is a team of several
agents, in which an agent could be an artificial one -i.e. a UAV- or a human.
Hence, in this context, the human agent is not considered as an operator
controlling the UAV but rather as another team member participating equally
as the other artificial agents. The benefits are numerous: extending sensor range
far beyond the manned platform, capitalising on system-specific efficiencies (e.g.,
the UAVs are lighter and can go deeper into the dangerous zones, whereas the
human agents have better perception, judgment abilities and critical thinking
[de Souza et al., 2020]), increased survivability, increasing mission achievement
chances while ensuring safety [Chanel et al., 2020b], enabling better proximity
and state awareness for the human agents [Strenzke et al., 2011], and providing
more information and actionable intelligence to ground units [Gaydos and
Curry, 2014].

While MUM-T clearly enhances the possibilities of having safer and more
performant missions, it may also pose challenges in terms of aeromedical and
human factors like visual overcharges, increased saturation and task load,
distraction and reduced situational awareness, motion sickness and spatial
disorientation [Gaydos and Curry, 2014].

1.3. Adaptive Autonomy

A modified version of Mixed-initiative interaction (MII) can be seen as a
solution to have a cooperative approach by adaptively sharing control between
both human and artificial agents. Mixed-initiative interaction can also be seen
as a teamwork-centered approach of adjustable autonomy. However, to fine
tune such a mixed-initiative interaction system, we are seeing it as a hybrid
of teamwork-centered and predictive approach of adaptive autonomy. Where
the tasks are shared between the agents, and the authority to lead a task is
assigned based on the current state of each agent [Chanel et al., 2020c].

In this vein, a MII framework should explore the skills and capabilities of each
involved agent (human and artificial) to enhance mission performance [Chanel
et al., 2020c]. In other words, the agents capability, availability, and skills
would define, which of the agent is assign to take control of a given mission
task. For a system like MUM-T, mixed-initiative interaction best serves the
purpose of adaptive autonomy. While the state of an artificial agent is readily
available to the system at any given point in time, determining the state of a
human agent is rather difficult. Thus, studying how the human mental state
evolves when interacting with robots, may provide insight into this problem.

Interestingly, a very critical issue experienced by human pilots in a Manned-
Unmanned Teaming (MUM-T) scenarios has been raised in [Donath et al.,
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2010; Gangl et al., 2013a,b] works. These works revealed how the human pilots
are impacted with workload experienced in the MUM-T missions. Schulte
et al. [2015] advocates that the quantification of mental workload is relevant
for adaptive pilot support. Where mental workload depends on work objectives
and tasks, is induced by human activity and mental resource demands, and
finally it impacts observable human behavior patterns and performance.

As said, previous MUM-T related works used behavioural models to estimate
the workload experienced by the pilots. These overt measures do not however
enable us to have a comprehensive assessment of an operator’s mental state.
Thus a promising way to better estimate mental workload is to use physiological
features in addition to subjective or behavioral human measurements. Indeed,
estimating humans’ mental state using subjective and behavioral measures can
only tell what might have occurred but cannot measure and reveal what actually
went on [Singh et al., 2018]. Roy et al. [2020] also advocated the usage
of adoption of human mental state into human-robot interaction systems to
enhance safety as well as performance. Hence, we believe physiological measures
can help extracting pilots’ mental states in real-time (online) and can provide
better estimates of such states than overt measurements which are relatively
sparse [Mehta and Parasuraman, 2013].

1.4. Summary

• Human-Robot Interaction is defined as the branch of research devoted
to comprehending, designing, and evaluating robotic technologies for
use by or with humans.

• Several communication channels can be used for or during human-robot
interaction.

• In HRI, interaction is defined in terms of autonomy, ranging from
teleoperation to peer-to-peer collaboration such as Mixed-Initiative In-
teraction.

• We view MII as a hybrid of the teamwork-centered and predictive
approaches of adaptive autonomy, that evaluates the capability, avail-
ability, and skills of each agent to assign a given mission task.

• We believe physiological measurements along with subjective and behav-
ioral models could help better understand and take into account human
mental state.
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Operator Mental State

Assessment
This chapter is dedicated to an operator mental state assessment literature
review. Mental workload is defined, along with how different parts of the human
nervous system are associated with changes in physiology and different tech-
niques that can be utilized to evaluate these physiological changes. Afterwards,
the working principle of physiological computing is detailed, along with the
steps involved. As part of physiological computing, significant physiological
features, as well as distinct classification techniques that are relevant for work-
load estimation using these features are also studied. Finally, state-of-the-art
mental workload estimation studies in the domain of human-robot interaction
are examined, along with a perspective on future advancements.
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2.1. Operator Assessment & Mental Workload

To develop a mixed-initiative system, it is necessary to understand how the
human operator’s mental state, including their decision-making capabilities are
influenced. Indeed, operator performance and therefore mission outcome, is
the result of their emotional and cognitive states. As a result, it is critical to
understand how to examine and account for this mental state effectively. Human
error and degradation of performance in general are the result of degraded
decision making which is particularly critical in human-system interactions.
Human error is a significant contributor to aviation disasters, accounting for
around 60% of accidents, depending on the system with which the human
operator interacts [Murphy, 2014; Williams, 2004]. In this context, the errors
are mostly linked to the automation design principles not being in accordance
with human ergonomic principles [Dehais et al., 2015]. These systems place
pilots in two contrasting scenarios: 1. low-demand conditions in which they
have few duties to accomplish; and 2. high-demand situations in which pilots
must take over automation failures under time constraints. Low-demanding
situations have been demonstrated to cause states of decreased engagement and
mind wandering, in which operators become preoccupied with their internal
thoughts, while impairing their performance. Mental workload has been shown
to exert an inverted U-shaped influence on performance, as demonstrated by
Bruggen [2015]. Working memory accuracy degrades with increasing difficulty
[Taylor et al., 2005; Gateau et al., 2015, 2018], while reaction time increases as
the difficulty of the task increases [Sternberg, 1969; Gomarus et al., 2006].

Mental workload has been defined in a variety of ways over time. For in-
stance, Eggemeier et al. [1991] defined it as information processing capacity
that is required to meet a system demand; Gopher and Donchin [1986] de-
fined it as the difference between total information processing capacity and
available information processing capacity at any given time; Kramer et al.
[1987] defined it as task performance that leads to the reduction of capacity
to perform another task requiring similar resources. Engagement, or the use
of attentional/cognitive resources, is a closely related notion. An operator’s
degree of engagement fluctuates according to a variety of factors, including
time on task (vigilance/alertness), task demands, and motivation [Berka et al.,
2007; Chaouachi and Frasson, 2012; McMahan et al., 2015]. With regards to
the previous section 1, mental workload could be considered as a medium of
understanding the human operator’s capabilities at a given point in time by a
mixed-initiative system and use this knowledge to seize a given task if it favors
mission safety or performance.

Human error and the mental states that are linked to it - including mental work-
load - are classically studied by means of behavioral and subjective measures.
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Yet, subjective and behavioral measures are known as overt measurements and
are relatively limited as they do not allow for an uninterrupted, continuous (par-
ticularly for the subjective ones), and direct assessment of cognitive processes.
However, physiological measures are a promising means to perform mental
state monitoring in such a way [Mehta and Parasuraman, 2013]. The recent
field of neuroergonomics advocates for "the study of brain and behavior at work"
[Parasuraman, 2003], as it explores humans at work and in ecological settings
through the lens of neuroscience. A promising venue would then be to exploit
physiological metrics in addition to behavioral and subjective ones in order to
improve our understanding of operators’ mental state, and to perform mental
state monitoring through what is called physiological computing [Fairclough,
2008; Roy et al., 2020]. Indeed, these physiological metrics could be used as
inputs to a system that would then adapt to the detected operator mental
state.

When based on cerebral activity only, these type of systems are called passive
brain-computer interfaces (pBCIs). These systems are designed to estimate an
operator’s mental state (e.g. affective and/or cognitive state) based on their
cerebral activity acquired through brain imaging methods such as electroen-
cephalography (EEG). A given mental state is then estimated by applying
machine learning methods onto the acquired brain activity features to adapt
a system accordingly [Zander and Jatzev, 2011; George and Lécuyer, 2010].
These systems have been successfully used to estimate a variety of cognitive and
affective states such as attentional states, mental fatigue, and mental workload
in laboratory settings [Brouwer et al., 2012; Roy et al., 2016a; Singh et al.,
2018], but also, although less often, in close to or in real life settings [Dehais
et al., 2019b,a; Verdière et al., 2018; Scholl et al., 2016; Callan et al., 2015;
Borghini et al., 2014]. For aeronautical applications, several mental states are
particularly relevant to try and estimate such as: mental workload, engagement,
fatigue, and drowsiness. This work focuses on mental workload and engagement
since these states are great contributors to human performance modulation in
risky settings.

The mental workload experienced by human pilots in MUM-T scenarios has
already been thoroughly studied in the past, yet only through subjective metrics
[Donath et al., 2010; Gangl et al., 2013a,b; Schulte et al., 2015] that do not
allow for a continuous assessment, nor for a direct measure of the operator’s
cognitive state [Bell et al., 2018; Galdi et al., 2008; Plassmann et al., 2015].
Mental workload and mental resource engagement have been widely studied
[Mehta and Parasuraman, 2013], which allowed to reveal several physiological
parameters that can enable to effectively characterize human engagement
states. All physiological reactions, and therefore potential mental state markers
are generated by a command from the nervous system (NS). Therefore, in
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the next section a brief review of the nervous system is provided as well as
detailed sections on cerebral, cardiac and ocular activities and their modulation
depending on mental workload conditions.

2.2. Physiological Markers

2.2.1. Nervous System

The nervous system [Strominger et al., 2012] is composed of two distinct cell
types: neurons and glia. They communicate between different parts of the brain
and between the brain and the rest of the nervous system via electrical impulses
and chemical messages. Without the action of neurons and their support cells,
the glial cells called astrocytes and oligodendrocytes, nothing we think, feel,
or do would be conceivable. Neurons are composed of three fundamental
components: a cell body and two extension structures known as an axon and a
dendrite. A nucleus is located within the cell body, which regulates the cell’s
functions and holds the cell’s genetic material. The axon resembles a long tail
and is responsible for transmitting messages from the cell. Dendrites resemble
tree branches and are responsible for receiving messages for the cell. Neurons
communicate with one another by relaying electrical impulses down the axon
to the synaptic bouton and then by passing chemicals called neurotransmitters
across a tiny area called a synapse between its axons and the dendrites of
nearby neurons, see figure 2.1.

Figure 2.1: The neuron’s structure and neural signiling. Image source: [Strominger
et al., 2012]
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The human nervous system is divided into two primary subsystems (Figure
2.2): the Central Nervous System (CNS) and the Peripheral Nervous System
(PNS) (PNS). Further subdivisions of the Central Nervous System include the
brain, brainstem, and spinal cord. Our brain has two fundamental functions:
it controls our behavior and regulates physiological processes within the body.
On the other hand, it is unable to accomplish this on its own because it requires
information from the body’s sensory receptors, which it acquires mostly via
the spinal cord. The cerebral cortex is the brain’s outermost layer, which
contains gray matter composed of neuronal somas. It is a focus of extensive
electrophysiological research. The brain’s physiological activity can be evaluated
utilizing cerebral measuring devices.

Nervous System 
(NS)

Central NS

Brainstem &  
Spinal cordBrain

Peripheral NS

Somatic NSAutonomic NS

Sympathetic NS

Enteric NS

Parasympathetic NS

Figure 2.2: Human nervous system sub-parts classification

The Peripheral Nervous System (PNS) is comprised of the remainder of the
nervous system’s components and is further subdivided into the Somatic
Nervous System (SNS) and the Autonomic Nervous System (ANS). The SNS
is responsible for voluntary muscle movement, whereas the ANS is responsible
for involuntary muscle movement and the functioning of internal organs. To
measure ANS reactions, electrocardiograms (ECGs), electrodermal activity
(EDAs), electromyograms (EMGs), and eye movements are utilized [Dirican and
Göktürk, 2011; Langley, 1921; Jänig, 2008]. In the majority of situations, the
sympathetic and parasympathetic nervous systems function in contrast, with
one activating and the other inhibiting physiological activity. The sympathetic
nervous system is also a "fight or flight" response mechanism, whereas the
parasympathetic nervous system is a "rest and digest" response system. The
enteric nervous system, on the other hand, is responsible for the gastrointestinal
tract and is typically not examined during mental state assessments.
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Central and peripheral activities can be measured via dedicated devices that
enable us to extract physiological markers of various mental states including
mental workload. These recording methods and how they can be used to
estimate human mental workload is the focus of the following sections.

2.2.2. Cerebral Activity

2.2.2.1. Cerebral Recording

Cerebral activity is the core to the Brain Computer Interface (BCI) and
eventually to the passive Brain Computer Interface (pBCI). Cerebral activ-
ity can be measured with a number of different measuring technologies also
known as brain imaging techniques, and can be categorized into two classes.
Techniques based on measuring brain hemodynamics (blood flow) includes
functional near-infrared spectroscopy (fNIRS), and functional magnetic reso-
nance imaging (fMRI). The second category of approaches that measures brain
electromagnetic activity includes (electrocorticography (ECoG), magnetoen-
cephalography (MEG), and electroencephalography (EEG). These methods are
briefly described below [Parasuraman and Rizzo, 2008].

• Functional near-infrared spectroscopy (fNIRS): Functional Near-
Infrared Spectroscopy is a non-invasive, portable technique that uses
differences in the absorption of near-infrared light to monitor and image
human brain hemodynamics. The degree to which near-infrared light is
reflected changes with the level of oxygenation in the brain.

• Functional magnetic resonance imaging (fMRI): Functional mag-
netic resonance imaging also measures the level of oxygenation and
deoxygenation of homoglobin in the cerebral cortex. However, in con-
trast to fNIRS, fMRI uses differences in the magnetic resonance signal.
fMRI provides the best spatial resolution, but suffers from poor temporal
resolution and requires a highly controlled lab environment.

• Electrocorticography (ECoG): Electrocorticography, also known as
intracranial electroencephalography, is a form of electrophysiological
monitoring in which electrodes are put directly on the exposed surface
of the brain to record electrical activity from the cerebral cortex. The
spatial resolution of ECoG depends on the size of the electrode grid and
is usually in mm scale, like Muller et al. [2016].

• Magnetoencephalography (MEG): Magnetoencephalography is a
fully noninvasive technique for mapping brain activity that uses extremely
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sensitive magnetometers to record magnetic fields created by electrical
currents occurring spontaneously in the brain.

• Electroencephalography (EEG): Electroencephalography (EEG) is
a completely noninvasive device that measures changes in the electric
field caused by brain activity. Electrodes are placed on the scalp of
individuals. They detect the electrical fields generated by huge networks
of neurons firing relatively synchronized action potentials. Ion flows result
in perturbations of the electric field that are detectable from a distance.
However, EEG suffers from an inverse problem. There are an infinite
number of conceivable spatial patterns of electrical activity that might
have formed any distribution of electrical field intensities recorded on the
scalp. This is compounded by the skull’s low conductivity, which causes
current to "splash off of it" and run laterally, significantly decreasing any
possible spatial localization. While clever statistical models can work
around this problem by utilizing Bayes’ Rule [Smallwood and Sondik,
1973].

EEG recordings typically involve the use of 8 to 32 electrodes (up to 256
in case of source localization necessities) and a biomedical-grade amplifier.
Dry electrodes have been developed in recent decades to satisfy the
demands of ecological experiments. However, the absence of conductive
gel occasionally results in insufficient electrical contact between the scalp
and the electrodes, resulting in a low signal-to-noise ratio (SNR). On the
other hand, active electrodes include a pre-amplification module located
directly above the electrode.This enables signal amplification prior to the
inclusion of noise between the electrode and the system. Whereas passive
electrodes are amplified at the electrode wire’s end by the (pre)amplifier.
Regarding electrode setup, initially, electrode placement was organized
using the 10-20 system (see figure 2.3), which denotes the percentage
distance between electrodes from the nasion to the inion. Later proposals
included 10-10 and 10-5 systems [Oostenveld and Praamstra, 2001].

ECoG is an invasive method of recording, which require sensor implantation
that makes it inappropriate for non-medical applications. fNIRS and fMRI
have lower temporal resolution and therefore are not best suited for online
applications [Nourmohammadi et al., 2018]. Finally, MEG and EEG have good
temporal resolution but comes with lower signal to noise ratio and low spatial
resolution. Alongside, MEG systems are bulky to operate out of laboratory
conditions. On the contrary, EEG systems are trading off with most of the
requirements for an online (real-time) system [Nourmohammadi et al., 2018],
with high temporal resolution, non-invasive, robust and portable enough to
be used in non-laboratory setting. With reference to its portability and non-
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Figure 2.3: The electrode positioning system from the top (left) and the side
(right). The original 10-20 system’s 21 electrode positions are depicted in black. The
grayed-out positions correspond to those in the 10-10 system. Finally, the white dots
represent the recently proposed 10-5 system position (image source Oostenveld and
Praamstra [2001])

invasive properties, as well as high temporal resolution -as depicted in figure
2.4, we chose EEG for cerebral activity monitoring.

2.2.2.2. EEG Features and Workload Modulation

The advantages of EEG, including its high temporal resolution and ability
to extract features that provide information in both the time and frequency
domains; its portability and flexibility to be used both indoors and outdoors,
make it more suitable for the majority of neuroscientific research. Hence, in
order to perform mental workload estimation, a variety of EEG features can
be used, both in the temporal as well as in the frequency domain, as detailed
below:

Temporal Domain: In the temporal domain, an example is the use of Event
Related Potentials (ERP) which are the time-locked cerebral responses to
specific events [Fu and Parasuraman, 2007]. The amplitude of these voltage
variations can be extracted at various time points and is known to fluctuate
with engagement. For example, after 300 ms post-event (e.g. after an alarm)
there is a lower positive deflection at posterior electrode sites if the operator
has not engaged enough resources to correctly process this event. Moreover, the
amplitude of ERP components usually decreases with an increase in workload:
the amplitude of the P300 component is reduced with an increase in workload
[Kok, 2001; Schultheis and Jameson, 2004; Gomarus et al., 2006; Holm et al.,
2009; Friedrich et al., 2011], as well as the amplitude of the N1, N2, and P2
components [Kramer et al., 1995; Ullsperger et al., 2001; Gomarus et al., 2006;
Allison and Polich, 2008; Miller et al., 2011; Boonstra et al., 2013]. According
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Figure 2.4: Brain imaging techniques’ resolution space and their trade-offs between
the spatial (y-axis) and temporal (x-axis) resolution for monitoring neural activity, as
well as their relative noninvasiveness and ease of use. EEG: electroencephalography;
ERPs: event-related potentials; fMRI: functional magnetic resonance imaging; MEG:
magnetoencephalography; NIRS: near-infrared spectroscopy; PET: positron emission
tomography; TCDS: transcranial doppler sonography [Parasuraman and Rizzo, 2008].

to Roy et al. [2016a], ERPs are more robust to the impact of mental fatigue
and vigilance and more generally time-on-task than spectral features.

Frequency Domain: The EEG oscillatory activity typically has longer time
spans than ERPs, ranging from 2 to 120 seconds [Brouwer et al., 2012; Grimes
et al., 2008]. Frequency dependent features can be extracted from it. Indeed,
in the frequency domain power modulations of different EEG frequency bands
(e.g. θ-band: 4-8 Hz, α-band: 8-12 Hz, β-band: 13-30 Hz and γ-band: 30-45
Hz) can be used for mental workload characterization and estimation [Roy
et al., 2016a,c; Heard et al., 2018].

• Delta power (δ-band): Delta oscillations occur between 1 and 4 Hz.
Delta power is linked to specific brain lesions or deep sleep [Steriade et al.,
1993] . Additionally, this frequency range is connected with conative
states, i.e., motivational states [Knyazev, 2012], and affective states, i.e.,
emotions [Aftanas et al., 2002].

• Theta power (θ-band): Theta oscillations occur between 4 and 8 Hz,
and are an important oscillation to consider when investigating cognitive
processes, whether for changes in cognitive states, such as cognitive
workload [Klimesch et al., 2008], or changes in affective states, such as
emotions [Sammler et al., 2007]. Theta power has been shown to grow
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with the task’s cognitive strain [Fernandez Rojas et al., 2020]. Theta
power also increases when focus is maintained [Gevins and Smith, 2003],
or when working memory load is increased [Borghini et al., 2012]. It also
increases with a decrease in vigilance [Borghini et al., 2014]. Shou et al.
[2012] and Borghini et al. [2013] found that theta power at frontal sites
is a reliable feature to evaluate workload.

• Alpha power (α-band): Alpha oscillations occur between 8 and 13
Hz and are predominant in humans [Andreassi, 2007]. Alpha power
increases with relaxation, but also when closing ones’ eyes at occipital
sites [Antonenko et al., 2010]. Whether studying cognitive [Gerjets et al.,
2014], affective [Coan and Allen, 2004], or conative [Harmon-Jones, 2003]
states, alpha power is perhaps the most essential marker to examine.
Alpha power tends to decrease with an increase in workload but also more
specifically with an increase in task demand, sustained attention, and
multi-tasking, mostly at parietal sites. But it increases with an increase
in fatigue and drowsiness, and a decrease in vigilance [Borghini et al.,
2014].

• Beta power (β-band): Beta oscillations occur between 13 and 30 Hz.
The alpha rhythm is often present with superimposed or alternating
beta activity in the first case of quiet awakening, also known as internal
awakening, when the individual is in a state of dispersed attention without
a specific perceptual or mental task. The beta power varies with affective
states like emotions [Onton and Makeig, 2009] and cognitive states like
attentional states [Cole and Ray, 1985]. There are two sub-bands in
this band, low beta (lβ-band) and high beta (hβ-band). Beta power is
also associated with problem solving, judgement, and decision making
capabilities [Kumar and Bhuvaneswari, 2012], and tends to increase with
alertness and decrease with fatigue [Borghini et al., 2014].

• Gamma power (γ-band): Gamma oscillations occur above 35 Hz.
Gamma power modulations are associated to cognitive states like attention
or memory [Jensen et al., 2007] or affective states [Müller et al., 1999].
Gamma power is also associated with a state of hyper alertness and
integration of sensory inputs [Kumar and Bhuvaneswari, 2012].

• Engagement Index (EI): Ratios of power in various frequency bands
can be computed to better characterize specific mental states. An example
is the Engagement Index developed by Pope et al. [1995]: EI = β/(α+ θ)
(at all electrode sites). This ratio has been shown to increase with an
increase in mental workload [Pope et al., 1995; Singh et al., 2018].
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2.2.3. Cardiac Activity

2.2.3.1. Cardiac Recording

• Photoplethysmography (PPG): Photoplethysmography is based on
the optical properties of a specified skin area being determined using
non-visible infrared light. In comparison to other tissues, blood absorbs
infrared light at a considerably faster rate than other tissues. Thus,
fluctuations in blood volume correspond to quantifiable changes in light
absorption, where an increase in blood volume results in an increase in
light absorption. PPG is presented in greater detail by Shelley [2007].

• Electrocardiogram (ECG): It is possible to assess the electrical activ-
ity of the heart using an electrocardiogram (ECG). The passage of an
electrical impulse (or "wave") across the body causes the heart muscle
to contract and the blood to be pumped from the heart. The right
and left atria, or upper chambers of the heart, produce the first wave,
which is known as a “P wave.” "While traveling to and from the bottom
chambers, an electrical impulse appears to be traveling in a straight line.
After that, the right and left bottom chambers or ventricles produce the
following wave, known as the “QRS complex" [Dupre et al., 2005]. The
final wave, sometimes known as the "T wave," signifies the ventricles’
electrical recovery or return to a state of resting, see figure 2.5b. ECG
signal can be extracted with the help of two electrodes: one placed on
the plexus and other on the left 5th intercostal, see figure 2.5a.

(a) ECG device placementi
(b) Schematic diagram of normal sinus rhythm for
a human heart as seen on ECGii

Figure 2.5: ECG device placement and signal.

iImage source https://www.bittium.com/medical/bittium-faros
iiImage source https://www.practicalclinicalskills.com/ekg-reference

https://www.bittium.com/medical/bittium-faros
https://www.practicalclinicalskills.com/ekg-reference
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PPG technology tends to be more sensitive to the movements and the choice of
location of the sensor according to Weiler et al. [2017]. In their trials comparing
ECG and PPG, they have also discovered a variance of as much as 5 beats
per minute. Therefore, because of ECG’s greater accuracy as compared to
PPG, and demonstrated literature history, we chose ECG equipment for heart
activity monitoring.

2.2.3.2. ECG Features and Workload Modulation

Cardiac activity, regulated by the autonomous nervous system, is very helpful
for characterizing of operator’s mental states. Markers can be extracted from
the electrocardiogram (ECG) ẘhich gives a non-invasive and quite robust to
noise measure. Well known cardiac features are the Heart Rate (HR; time
domain metric), which corresponds to the number of heart beats per minute and
is modulated by cognitive as well as physical workload. Heart Rate Variability
(HRV) can be computed both in the time and the frequency domains [Reichlen,
2018]. For instance, in the temporal domain, Heart Rate (HR) increases and
Heart Rate Variability (HRV) decreases with an increase in mental workload
[Heard et al., 2018]. These metrics are sensitive to workload and engagement
but not specific to it, indeed they are also modulated by physical activity.

Almost all HRVmetrics that can be extracted from the ECG, such as for instance
the Root Mean Square Standard Deviation (RMSSD), and the Proportion
of NN50 (pNN50), decrease with an increase in workload and mental stress
[Delaney and Brodie, 2000]. The exception if the LF/HF ratio - that is the HRV
computed in the frequency domain, that increases or decreases with workload
depending on the authors and studies [Cinaz et al., 2013]. Where LF denotes
to low frequency band ranging from 0.04 to 0.15 Hz, and HF denotes to high
frequency band ranging from from 0.15 to 0.4 Hz; and the ratio LF/HF is an
index for the sympathovagal balance between sympathetic nervous system and
parasympathetic nervous system [von Rosenberg et al., 2017].

2.2.4. Ocular Activity

2.2.4.1. Ocular Recording

• Electrooculogram: Oculomotor behavior can be measured with an
electrooculogram (EOG), which measures the potential generated by eye
movement. It operates by analyzing the EOG-extracted features in order
to classify the angular movement and create an output representative of
the respective movement. The electrode placement for EOG extraction
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might be as simple as five electrodes: two for horizontal, two for vertical,
and one for reference [Kumar and Poole, 2002]; or it can be more complex
with seven electrodes [Gu et al., 2001]. Moreover, EOG is influenced by a
variety of factors, including angular displacement between the head and
torso, physiological abnormalities, an individual’s perception of the gaze
point, and movement of the subject relative to a known reference point.

• Remote Eye Tracking: Commercial applications frequently use eye
tracking systems with a remote camera and infrared source. Mostly comes
in a bundle in bar like shape, placed beneath the stimulus region, which
is most often a computer screen (refer figure 2.6a). One can get economic
eye-tracker for $200 which works at 120 Hziii, or can go for expensive
high resolution eye-trackers ( 300 Hz), or design their own high resolution
(more than 500 Hz) eye tracker for $600 [Hosp et al., 2020]. Due to the
form of the eye and eyelids, the pupil is slightly more visible from below
and is less likely to be concealed. Apart from being put directly on the
screen, the remote camera can also be embedded in a laptop, monitor, or
kiosk. In an ideal world, the participant would be able to use a computer
normally while the eye tracking is actively working. This method is ideal
for usability testing, human behavior studies, and vision experiments, in
which an intrusive interface may influence a subject to behave differently.
Remote systems have a limited view of the area in which they operate
and will not track outside of it. Tracking eye movements in relation to a
real-world object is challenging unless the object is stable and within the
scope of the camera.

Another distinct type of remote eye-tracking system is by designing an
environment with several cameras rather than one camera as explained
above. This form of remote eye-tracking system is fixed in an environment
commonly in a vehicle, a simulator, or a control panel setting, among other
places. Although this type of device requires more thorough setup and
calibration, it is an excellent alternative for complicated interfaces, which
are critical in human factors and ergonomics research and development.
However, this kind of set requires several cameras, can’t be portable, and
installing on already designed environment require several alterations.

• Wearable Eye Tracking: Mobile eye tracking, alternatively referred
to as "head-mounted" eye tracking, is a technique that involves the par-
ticipant wearing a device tracking their eye movements. This equipment
is often in the form of eye tracking glasses (refer figure 2.6b). A second
camera known as scene camera, recording the scene or field of vision is re-
quired, which can be positioned in the visual path of one eye (monocular)
or both eyes (binocular).

iiiAffordable remote eye-tracker: https://tech.tobii.com/products/eye-tracker-5l/
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Eye tracking performed using a head-mounted device relative to the
complete field of view, making it appropriate for real-world studies.
Unlike other types of systems, there is no absolute coordinate system
when using a mobile eye tracking device, this provides an unrestricted
field of view but also increases tracking difficulty. The system saves gaze
data in the coordinate system of the scene camera. Using this scene-based
coordinate system, the participant’s head movement is translated into an
illusory screen that moves in lockstep with it.

EOG is impacted by a variety of physical and physiological changes, and remote
eye tracking either has field of view limits or must be developed from scratch
by assembling many cameras, which takes time and effort. On the other hand,
wearable eye tracking devices may satisfy the majority of requirements, such
as providing online (real-time) eye tracking and an unrestricted field of view.
Additionally, wearable eye-trackers have difficulty tracking areas of interest,
but this might be achievable, will discuss in section 4.3.2.2. As a result, we
chose to employ a wearable eye-tracking technology from Tobii, as illustrated
in the figure 2.6b.

(a) Remote eye trackingiv
(b) Wearable eye tracking glasses from To-
biiv

Figure 2.6: Remote and wearable eye tracking systems.

2.2.4.2. Ocular Features and Workload Modulation

Using the various ocular recording methods described above -including the worn
eye-tracking glasses-, one can, for instance, extract the following markers:

Fixation duration (FD): Fixation duration is the period of constant projec-
tion of a relatively constant location on the retina [Dar et al., 2021]. A larger
number of fixations is associated with a higher cognitive workload [Marquart
et al., 2015; Backs and Walrath, 1992].
ivImage source https://www.bitbrain.com/blog/eye-tracking-devices
vImage source https://www.tobiipro.com/product-listing/tobii-pro-glasses-2

https://www.bitbrain.com/blog/eye-tracking-devices
https://www.tobiipro.com/product-listing/tobii-pro-glasses-2
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Blink frequency (BF): Blink frequency refers to the number of blinks per
minute, which has shown increase with higher cognitive workload and decrease
with higher visual workload [Cain, 2007; Marquart et al., 2015].

Blink latency (BL): Blink latency is the amount of time between two con-
secutive blinks. It varies with engagement as it increases with an increase in
workload [Castor et al., 2003; Cain, 2007; Marquart et al., 2015], and is not
affected by fatigue [Heard et al., 2018].

Blink duration (BD): Blink duration is defined as the length of a blink,
which decreases with an increase in workload [Castor et al., 2003; Cain, 2007;
Marquart et al., 2015]. Is not suitable for longer duration tasks [Heard et al.,
2018].

Pupil dilation (PD): Pupil dilation is the change in the diameter of the pupil.
As workload increases, the diameter of the pupil increases [Cain, 2007; Ahlstrom
and Friedman-Berg, 2006; Klingner et al., 2008]. It is extremely sensitive to
changes in workload, but also to the amount of light in the environment [Heard
et al., 2018]. Additionally, PD necessitates extremely exact measurements to
the tenths of a millimeter [Cain, 2007]. Despite these constraints it is still
considered as an effective metric for revealing operator mental states [Aricò
et al., 2016; Parasuraman et al., 1993; Zander and Jatzev, 2011].

As seen in the previous sections, numerous physiological measures are sensitive
to mental workload , including EEG ones -Event Related Potentials (ERP)
in the temporal domain and Power Spectral Density (PSD) in the frequency
domain, as well as an engagement index derived from the combination of PSD
frequency bands. Additionally, several measures of the autonomous nervous
system are modulated by workload and are therefore interesting features for
mental state monitoring purposes. Among these we reviewed the time and
frequency domain features of cardiac activity, and features extracted from
ocular activity. According to Van Erp et al. [2012], these features should
be used in accordance with each other for workload characterization and
estimation rather than putting them in competition. Indeed, an important
challenge for mental state monitoring would be to provide an accurate and
automated mental state monitoring system. Starting from the extraction of
these features to their processing and providing relevant meaning to the output,
is the scope of physiological computing. Therefore, the following section will
discuss physiological computing and detail the various steps involved.

2.3. Physiological Computing

Physiological computing provides a revolutionized way towards Human-Robot
Interaction (HRI) by directly monitoring, analyzing, and responding to covert
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Figure 2.7: Principle of physiological computing

physiological features of a user in real time [Fairclough, 2008]. A system that
explores physiological computing, works through reading and transforming psy-
chophysiological signals as inputs to a control signal without going through any
direct communication channel with the human operator [Byrne and Parasura-
man, 1996]. It brings in an efficient HRI, or rather opens up a communication
channel which was left unused before [Hettinger et al., 2003]. The use of such
physiological features or markers is a great means to provide sixth sense for
research and other applications that are willing to peek into the core of human
activity and want to get insight of how a person is actually experiencing the
world in their cognitive realm without putting the operator in any direct or
indirect conversation. In this section, the principle of physiological computing
is first described, and then all the parts of the loop are detailed.

2.3.1. Principle

Generally, physiological computing begins with the gathering of data from
physiological sensors, which must then be processed before being used to
make psychophysiological inferences. [Fairclough and Gilleade, 2014]. These
features are then utilized for estimation and further feedback is provided. The
physiological computing pipeline is comprised of three main stages (Figure 2.7)
as detailed below:

1. Data acquisition stage: The raw data is acquired via different physiological
devices depending on the requirement of the project.
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2. Data processing stage: In general, data processing entails filtering signals
to remove unnecessary low- and high-frequency information, removing any
background noise, and computing physiologically relevant features from
the cleansed signals. The raw data is preprocessed, features are extracted
and then mental state estimation is performed thanks to machine learning
techniques such as classifiers. The result is a set of labeled data (e.g.
high/low workload).

3. Feedback stage: The labeled data are next used to provide feedback
either to the users themselves in an explicit manner (i.e. neurofeedback
or biofeedback applications), or implicitly through system adaptation
(e.g. task allocation modifications such as in this work).

2.3.2. Preprocessing

Cohen [2014, p.73] refers preprocessing to any changes or restructuring that
exists between the data collection and the data analysis stage. Some prepro-
cessing steps only involve organization of data to make it easier to analyze,
for instance extracting epochs or transforming data to better fit the analysis
tools. Whereas, other steps may involve removing noise or artifact-ridden data
without modifying clean data and/or modifying otherwise clean data (e.g.,
applying temporal filters or spatial transformations) [Qi et al., 2015]. The
following sections will describe some of the most fundamental and significant
preprocessing techniques and their application to physiological computing.

2.3.2.1. Downsampling

Downsampling a data sequence is the process of reducing the sampling rate by
an integer factor. It is associated with the process of downsampling a higher-
rate digital signal to a lower-rate digital stream. It is possible to think of it as a
process of bandwidth or sample-rate reduction, which is critical for future signal
processing in terms of processing cost and the ease with which global features,
rather than local ones, may be detected. Downsampling can vary based on
the physiological signal (e.g. cerebral or cardiac). In most circumstances, high
frequency of the cardiac signal is beneficial for obtaining more precise R-R
peak timing and, ultimately, for obtaining more precise cardiac features.

2.3.2.2. Re-referencing

This preprocessing step is specific to EEG. Each EEG electrode’s potential is
determined in relation to a reference electrode [Picton et al., 2000]. As a result,
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the signal from each channel is location-dependent on the reference electrode
on the skull, and any noise produced at the reference electrode significantly
contaminates the signal across all measured electrodes. This reliance issue,
as well as the noise it introduces, is typically addressed by re-referencing all
channels to the average. This is referred to as average re-referencing, and it is
achieved by subtracting the average of all electrodes from each electrode [Keil
et al., 2014; Nunez et al., 2006], or by adopting some other linear combination
to reduce the dependence on reference electrode position [Yao, 2001]. While
the noise at the physical reference electrode is removed, noise from any other
electrode is now fed into all channels via averaging.

2.3.2.3. Artifacts Filtering

Recording physiological signals may capture signals that are not related to the
main goal. This alternative way of describing the problem of signal-to-noise
ratio is the level of any received signal can be considered as the sum of the
desired signal and some noise. A noise is commonly called an artifact in signal
processing. Neurophysiology presents a multitude of problems, but quality
of recordings is the most pressing one. It is hard to find a solution to the
signal-to-noise ratio (SNR) for physiological recordings, especially for EEG, as
hightlighted by Goldenholz et al. [2009]. To filter out extraneous information
and clean up physiological signals, several strategies are available. Physiological
data are susceptible to several different kinds of artifacts, such as artifacts
coming from the participants themselves, i.e. from different physiological
sources, and also from the artifacts induced by the participants’ environment,
external sources. Examples of some of the very common forms of EEG artifacts
shown in figure 2.8 and also explained below:

• Line frequency: Line frequency noise is generated by the frequency of
alternating current supplied by the source of electricity (50 Hz in Europe,
60 Hz in the US). Line artifacts are rather constant in time and power,
thus they are placed in the frequency space quite accurately.

• Electrode & cable movements: Deflections in the signal with a large
amplitude are frequently caused by cable or electrode movements created
by participants’ motion. However, due to their large amplitude, such
signals are easily identifiable.

• Ocular activity: The eyeball acts as an electrical dipole, which causes
it to have an effect on the surrounding electric field. This change in the
electric field then changes the electrical field that surrounds the head
[Croft and Barry, 2000]. Blinks, as well as eye movements therefore
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Line Freq. artifacts

Blink artifacts

Electrode movement

Lateral eye movement

Muscle artifacts

Pulse artifacts
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Figure 2.8: Examples of artifacts polluting the EEG signal.

generate changes in the electrical field and contaminate EEG electrodes
(mostly frontal ones).

• Muscular activity: Muscular activity caused by muscular contraction
generates signals mostly in the high frequency range (about 200 Hz on
average), but starts as low as 20 Hz [Whitham et al., 2007], and only vary
by a few millivolts. These small amplitude variations may be thought
of as 10 times the amplitude of the EEG signal. Such muscular activity
noise is for instance produced by jaw clenching.

• Cardiac activity: Cardiac activity can be pick up by EEG electrodes.
In addition, it is interesting to note that the heartbeat, along with
the pulses, impacts the body’s somatosensory system which causes a
heartbeat-related EEG potential to appear [Dirlich et al., 1998].

• Skin conductance: Skin conductance affects EEG recording by impact-
ing conductivity. This is particularly problematic in case of a prolonged
use of the system.

Both line frequency noise and electrode and cable movements can also affect
ocular -through electro-oculography- and cardiac activity recordings, not just
EEG. Least-Mean-Square filter could be a best solution to remove line noise
from ECG signal [Gilani et al., 2018] and a notch filter for EOG [Kanwade
et al., 2017].

Regarding the preprocessing of EEG signals, several methods can be used.
One of the very first and the most usual method is temporal filtering. It is
employed to filter out frequencies. By running the data via a high-pass filter, it
is possible to exclude low trends induced mostly by electrode surface changes,
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vasomotion, and breathing. To eliminate high-frequency artifacts, the data
must be sent through a low-pass filter (mainly for EEG). For most of EEG
research, a frequency range of up to 40 hertz is usually sufficient. Therefore, by
suppressing any frequencies greater than 40 Hz, one can easily eliminate the
line noise. As previously stated, certain frequency bands are more relevant than
others for cognitive state assessment. Theta (θ-band) and alpha (α-band) are
the most fascinating, even though delta (δ-band), beta (β-band), and gamma
(γ-band) are also interesting. In the majority of cases, these frequency bands
span between 4−40Hz, and hence a band-pass filter that eliminates frequencies
above and below this range is extremely useful. Though, it is important to
remember that there is no such thing as a perfect filter, and that every filtering
operation changes the data in some manner. The type of filter and the order
in which it is applied can have an impact on and modify the results. Source
reconstruction techniques can also be used to filter the data, they are a type of
spatial filtering. Examples of such methods used for artifact management in
EEG processing are the ASR and ICA methods as detailed below.

Artifact subspace reconstruction (ASR) is a novel technique proposed
by Mullen et al. [2015] presenting an innovative way to filter artifacts. It is
possible to use this method in real-time (online) setting, which is a significant
advantage in terms of neuroergonomics needs. ASR calculates an initial
Principle Component Analyses (PCA) over a presumed artifact-free baseline
time. This enables estimation of the artifact-free signal’s original variance.
It is likely that the data collected throughout the experiment will become
contaminated by artifacts. ASR computes a sliding window PCA (about 1
minute window) for each time window individually, and then compares the
components acquired for this sliding window to the components produced for
the baseline. If a component has a high degree of spatial variance then it is
discarded and a new component is formed by linearly combining the remaining
components.

Independent component analysis (ICA) is another kind of component
analysis that may be advantageous for filtering EEG artifacts. Though PCA
aims to maximize component variance while imposing an orthogonal axis re-
striction, ICA aims to maximize statistical independence between components
without imposing an orthogonal axis constraint. The two fundamental assump-
tions of ICA are that brain sources are independent, and source probability
density functions (PDF) are non-gaussian [Stone, 2004]. ICA then rotates
the axis with the goal of minimizing mutual information and maximizing non-
gaussianity. The first restriction is self-evident, given ICA’s goal of generating
independent components. The second restriction, on the other hand, is a
consequence of the central limit theorem, which states that every mixture of
independent signals has a gaussian PDF. In terms of EEG, ICA provides a set
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of weights for all electrodes, resulting in making each component a weighted
sum of activity at all electrodes. These weights are computed so as to isolate
source of brain electrical signals [Makeig et al., 2004; Jung et al., 2000].

2.3.3. Feature extraction

As previously detailed in section 2.2, cerebral, cardiac and ocular activities can
be characterized through various markers -or features- in both the temporal
and frequency domains. The Fast Fourier transform [Welch, 1967] can be used
to extract the frequency structure of EEG data segments in order to extract
band power and power ratios. Regarding temporal features, several can be
extracted from the ERPs, such as peak amplitude or average amplitude of ERP
components of interest for a specific application (e.g. N1, P2, P300). These
EEG features can be extracted using python’s MNE library vi. Additionally,
the signal-to-noise ratio for both temporal and spectral features of EEG’s can
be enhanced thanks to spatial filtering methods.

Spatial filters seek to counteract the EEG spatial blurring effect by presenting
a more representational pattern of what is actually occurring at each loca-
tion while also greatly increasing the EEG data’s signal-to-noise ratio (SNR)
[Mouriño et al., 2001]. There are numerous types of spatial filters, a few are
frequently used in the EEG-based BCI literature [Dijksterhuis et al., 2013; Roy
et al., 2013a, 2016c, 2015a; Mühl et al., 2014], and are detailed below:

• Common Spatial Pattern (CSP): This method maximizes the signal-
to-noise ratio of EEG signals by maximizing the variance of spatially
filtered signals for one class and decreasing the variance of spatially
filtered signals for the other class [Blankertz et al., 2010a].

• Filter Bank Common Spatial Pattern (FBCSP): According to
Ang et al. [2012], EEG signals are divided into a variety of frequency
bands, most typically nine or ten 4Hz-wide bands. Then, N filter pairs are
optimized for each frequency band within each frequency band using the
CSP described above. Finally, feature selection is performed to narrow
the remaining group down to a subset of them.

• Principal Component Analysis (PCA): This approach is used to
initially generate uncorrelated components by applying a linear and
orthogonal transformation on the data set before further processing [Roy
et al., 2015a]. Eventually, a subset of these components is chosen to serve
as spatial filters.

viMNE version 0.22.1, see documentation at https://mne.tools/stable/index.html

https://mne.tools/stable/index.html
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• xDAWN: This technique maximizes a ratio between the signal and the
signal plus noise ratio in order to generate spatial filters dedicated to
ERP categorization [Rivet et al., 2009].

As regards peripheral measures, cardiac features such as HR which is computed
in beats per minute (bpm) using the series of R-R intervals (see figure 2.5b)
also known as inter beat interval (IBI) [Malik et al., 1996; Chanel et al.,
2020a]. Given that IBIn = Rn − Rn − 1, with Rn as the timestamp of the
nthR peak (i.e., highest positive peak), and given time window ω = [ωa, ωb]
with (ωa, ωb) ∈ R2 with ωa < ωb, we can define the set of considered indices
W = {n ∈ N|Rn−1 ∈ wandRn ∈ w} ⊂ N and #W states for the cardinal of
the set W . Therefore, mean HR can be computed as:

HR(W ) = 60 ·#W∑
n∈W IBIn

(2.1)

And mean HRV can be computed as [Chanel et al., 2020a]:

HRV (W ) =

√√√√ 1
#W − 1

∑
n∈W

(
IBIn −

60
HR(W )

)2
(2.2)

Ocular features such as fixation duration, can be computed from an eye-
tracking reading with respect to change velocity [van Renswoude et al., 2018] or
dispersion [Hessels et al., 2017]. Alongside, blink features (i.e., blink frequency,
latency, duration) could be extracted by detecting eye closure. In most of the
cases fixation features are provided by the eye-tracking devices itself, however,
one could also extract them from raw eye-tracking data using Pygaze libraryvii

by Dalmaijer et al. [2014]. Whereas, pupil dilation is mostly dependent on the
device or one has to process using camera images, pupilometry capabilities are
added in the new version of Pygaze library.

2.3.4. Classification

After identifying the essential characteristics of the cleaned data, it is necessary
to translate those characteristics into information using machine learning (a.k.a.
artificial intelligence) [Holzinger et al., 2019]. This entails the development of
a decision threshold or boundary. For example, in the simplest single-feature
scenario, the question would be: when should we consider the operator to
be overloaded and when should we not? Classifiers can be used to define
and select decision boundaries for features [Alpaydin, 2009]. In mathematics,
viiPygaze: https://www.pygaze.org/2015/06/webcam-eye-tracker/

https://www.pygaze.org/2015/06/webcam-eye-tracker/
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classifiers are often referred to as prediction functions or predictor functions,
depending on the context. It is possible to create that prediction function by
learning from a training set of features in order to appropriately categorize a
newly presented testing set. Classification algorithms can be classified into a
variety of categories and involve a variety of different methods. However, for
the purpose of simplicity, this thesis will classify classification algorithms into
Linear Classifiers, Kernel-based Classifiers, and Neural Networks, and discuss
a few key and extensively used algorithms within each category.

2.3.4.1. Linear Classifiers

Linear Classifiers seek to partition the feature space into a collection of regions
labeled according to the possible values for the target, with the decision
boundaries between those regions being linear: they are lines in two dimensions,
planes in three dimensions, and hyperplanes with additional features.

Linear Discriminant Analysis (LDA) is a technique for simplifying su-
pervised classification problems, and used to represent group distinctions by
separating two or more classes. LDA magnifies the properties of a higher-
dimensional feature by projecting them onto a lower-dimensional space. This
can be seen as a solution to the problem of discovering the perpendicular axes
of the unique component that maximizes the variance between two classes in a
certain case. A multivariate Gaussian distribution is supposed to be the joint
density of all attributes conditional on the target’s class. This shows that if the
target y belongs to class k, the density P of the features X should is provided
by equation 2.3. Where d is the number of features, µ is a mean vector, and
Σk denotes the Gaussian density of the covariance matrix.

P (X | y = k) = 1
(2π)d/2 |Σk|1/2

e(− 1
2 (X−µk)tΣ−1

k
(X−µk)) (2.3)

Considering two classes, k and l. The decision boundary between them is the
hyperplane on which the likelihood of belonging to either class is equal. This
implies that there should be no difference in density between the two densities
along this hyperplane (and, as a result, no difference between the log-odds
ratios between the two densities).

A critical assumption in LDA is that Gaussians belonging to distinct classes
have the same covariance matrix. This results in a linear decision boundary
between k and l in X. Thus, to compute the density of features, P (X|y = k), one
just has to estimate the Gaussian parameters: the means µk, which correspond
to the sample means, and the covariance matrix, which corresponds to the
empirical sample covariance matrix. After calculating this, the Bayes rule may
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be used to determine the likelihood of the target belonging to class k, refer
equation 2.4:

P (y = k | X) = P (X | y = k)P (y = k)
P (X) (2.4)

Shrinkage of the covariance matrix may compensate for this bias [Blankertz
et al., 2011], by providing a compromise between empirical and spherical
covariance. The BCI community employs sLDA [Lotte et al., 2018b]. In
addition to its simplicity, this classifier produces outstanding results with small
data sizes [Lotte and Guan, 2009; Lotte, 2015]. This method has for instance
been used to estimate mental states with high accuracy using single trial ERPs
[Blankertz et al., 2011; Mühl et al., 2014].

2.3.4.2. Kernel based Classifiers

Linear classifiers in kernel spaces have emerged as a significant subject in the
area of machine learning, and they have a number of applications. The kernel
technique takes the linear classifier, which is a limited, but well-established,
and extensively studied model, and extends its applicability to a wide range
of nonlinear pattern-recognition tasks, such as natural language processing,
machine vision, and biological sequence analysis.

In the field of supervised machine learning, kernel classifiers are among the
most essential techniques [Hofmann et al., 2008]. When applied to a non-
linear problem, the kernel technique convert it into a linear problem by using a
similarity kernel functionK(Xi, Xj) defined across pairs of input feature vectors
Xi and Xj . Where, the input data X is mapped into a higher dimension space
using transformation φ : X → φ(X), in which the mapping is done implicitly
and without the need to explicitly map the data φ(X) [Andrecut, 2020]: The
use of terminology Kernel Method derives from the fact that they make use
of the kernel function, which enables them to execute the operation in a high-
dimensional implicit feature space without the requirement to compute the
coordinates of the data in that space, as opposed to other methods. Rather,
they calculate the dot product of all pairings of data in feature space, as shown
below:

K(Xi, Xj) = φ(Xi) · φ(Xj) (2.5)

Kernel Principal components analysis (PCA), spectral clustering, support
vector machines (SVM), kernel canonical correlation analysis, kernel perceptron,
Gaussian processes, kernel ridge regression, linear adaptive filters, and many
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more kernel methods are available in machine learning. However in this thesis
we are only considering SVM because of it extensive usage and highly accurate
classification capabilities. SVM was employed in passive BCI [Singh et al.,
2018; Lotte et al., 2018b; Roy et al., 2014; Gateau et al., 2018; Chanel et al.,
2020a; Brouwer et al., 2017] as well as for active BCI [Blankertz et al., 2010b;
Selim et al., 2018]

Figure 2.9: Representation of a two dimensional SVM separation

By maximizing the orthogonal projection of the datapoint on the hyperplane,
SVM optimizes the hyperplane position. However, rather than maximizing the
distance between all data points, SVM will maximize the distance between the
closest point to the hyperplane within a specified margin. These are referred to
as support vectors, and the area between these two hyperplanes is referred to as
the "margin" (see figure 2.9). For data that can be split linearly, SVM chooses
two parallel hyperplanes with greatest margin and separating hyperplane that
sits in the center of both. These two separating hyperplanes are computed
as:

~wX − c ≥ 1 if Yi = 1
~wX − c ≤ 1 if Yi = −1 (2.6)

where ~w is the normal vector to the hyperplane, Yi represents classes, Xi

represents a feature vector. Therefore, 2
‖~w‖ represents the distance between the

two hyperplanes creating the margin, and in order to maximize the distance
between the two hyperplanes the denominator value ‖~w‖ should be minimized.

It is theoretically possible to linearly separate any data collection that has a
non-linear border when the data set is scaled up in dimensions. The kernel
technique allows for the discovery of a linear solution to non-linear problems by
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mapping the data into a higher dimensional space where they become linearly
separable by a plane, represented by figure 2.10.

Figure 2.10: Illustration of the kernel technique. Left: two-dimensional space with
data that may be separated using a circle (non linear). Right: data scaled to a
three-dimensional space in which it is separable linearly (by a plane). Image source
Verdiére [2019].

2.3.4.3. Neural Networks

Neural networks are algorithms that were developed as a result of research into
the structure of biological neural networks and adaptation of neural network
rules such as the renowned Hebb Law: Neurons that fire together wire together
[Hebb, 1949]. The first research defining the formal neuron appeared in the
1950s [Lettvin et al., 1959] had laid the groundwork for contemporary neural
networks. Formal neurons take in inputs, integrate them, and apply a function
to them, which is referred to as activation functions. The softsign function,
or softsign activation function, is invoked by x

1+|x| [Glorot and Bengio, 2010].
There are numerous combinations of inputs and several activation functions
accessible [Žilinskas, 2006]. For instance, a neural network with a single
fully connected layer represents a linear classifier (such as the LDA or SVM)
graphically. However, carefully designed multi-layer neural network could
perform better than LDA or SVM by combining several separating planes. NN
employs a unique technique for estimating the weights (w), which is popularly
known as backpropagation. The weights of an untrained neural network are
assigned at random. When a known sample enters the network, the weights
are modified based on the expected and predicted output variance. Gradient
descent is employed in backpropagation, a mathematical optimization technique
for finding function minima.

On the other hand, a deep neural network uses several hundred neurons that are
aggregated in tens of layers, to multi fold the capabilities of a neural network.
A recent study found that huge network topologies with numerous layers can
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classify images and videos [Ge et al., 2021; Hong et al., 2020; Wu et al., 2017]
and even beat global chess and go champions [Wang et al., 2016]. Several
studies in the BCI domain also utilized neural networks based classification
approaches [Appriou et al., 2020a; Chiarelli et al., 2018; Schirrmeister et al.,
2017]

2.4. Mental Workload Estimation

2.4.1. Offline Estimation

Mental workload estimation has been extensively studied in the last decade.
Achieved performance usually exceeds 80% of accuracy for a binary estimation
[Dijksterhuis et al., 2013; Borghini et al., 2014]. However, apart from very
few studies ([Brouwer et al., 2012]), theses studies are generally performed
using a classification validation procedure that gives optimistic results by
not taking time into account. In these studies, the accumulated data from
the whole experiment comprising all the conditions of a participant (in intra-
subject classification) are divided into training and testing sets [Singh et al.,
2018; Liu et al., 2017]. Moreover, [Raza et al., 2019; Roy et al., 2013a, 2016c;
Shakhnarovich et al., 2007], discuss the crucial issue of the EEG signal’s
non-stationarity. In particular, the EEG signal even from the same person
can present different behavior with time, which adversely affects estimation
performance, and should be considered while designing a mental state estimation
model for EEG features.

Regarding EEG features for workload estimation, Brouwer et al. [2012] in their
work tested the classification capabilities of ERP and EEG frequency features
with different classification models for mental workload estimation. They
have tested them separately as well as in fusion, and obtained classification
accuracies between 80% and 90% for the classification models with all the
combination of features. Alongside, Roy et al. [2016a] also compared EEG
frequency and ERP features, and have suggested that stable and efficient
workload estimation can be achieved by spatially filtered ERPs. Moreover,
in an experiment designed and conducted by Dehais et al. [2019a], 22 pilots
equipped with a six-dry-electrode EEG device performed one low-load and
one high-load traffic scenario, as well as a passive auditory oddball. Obtained
features were event-related potentials (ERPs) as well as event-related frequency.
Frequency features outperformed the temporal ones in this study and achieved
70% of accuracy.

A recent improvement comes from the use of connectivity features such as
Riemannian geometry, that have given rise to high accuracy mental state
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predictions [Barachant et al., 2013]. Increased performance also comes with
the use of spatial filtering methods, such as common spatial patterns (CSP)
that have for instance enabled efficient mental fatigue and mental workload
estimation [Roy et al., 2013a, 2014]. Moreover, Filter Bank Common Spatial
Patterns (FBCSP) seems to aid in significantly increasing the estimation
accuracy of the EEG data [Arvaneh et al., 2015], and has been claimed to
achieve the best accuracy with EEG for active BCI applications [Zhang and
Eskandarian, 2020].

It has also been observed that combining different physiological measures such
as eye-tracking, EEG, and ECG by Roy et al. [2016b]; Chanel et al. [2020a]; and
ECG and eye-tracking data by Drougard et al. [2017], could enhance accuracy of
mental state estimation. Alongside, combining different recording technologies
such as EEG and fNIRS and combining it with state-of-the-art deep learning
procedures could achieve better accuracy [Chiarelli et al., 2018].

Regarding the classification methods, support vector machines (SVM) and
Linear Discrimanent Analysis (LDA) are the most frequently used methods
for mental state estimation [Wierzgała et al., 2018; Singh et al., 2018; Asgher
et al., 2020; Lim et al., 2015; Asgher et al., 2019; Galán and Beal, 2012], but
several other methods such as Random forest [Rosanne et al., 2021], k-NN [Lim
et al., 2015], and Naive Bayes [Wang et al., 2012] are also used. Amin et al.
[2017] presented a discrete wavelet-based "pattern recognition" technique for
discriminating between workloads collected under various cognitive conditions.
Dimitrakopoulos et al. [2017] employed multiband electroencephalography
cortical brain connections to estimate cross as well as within-task workloads
by utilizing a sequential feature selection technique to discover salient feature
subsets.

Moreover, the BCI domain has made use of neural network based estima-
tion techniques, which have been rigorously examined and contrasted for
estimating cognitive or affective states [Appriou et al., 2020a]. Convolutional
Neural Networks (CNNs), which are well-known for their highly accurate image
classification methods, have also demonstrated 80 − 87% accuracy [Asgher
et al., 2020]. Results shown by Schirrmeister et al. [2017] demonstrated that
batch normalization and exponential linear units, along with a cropped training
method, significantly improved the performance of deep ConvNets estimation,
reaching at least the level of the commonly used FBCSP technique.

2.4.2. Real-time adaptation

Although mental workload estimation has been quite successfully implemented
in an offline and open-loop manner, in laboratory settings, it is only one part
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of the work. The real challenge comes when such an estimation needs to be
performed online and integrated in a closed-loop design to accomplish system
adaptation. For many decades, the integration of physiological data to the
control-loop has been explored in the active BCI literature, with the works
that allow voluntary control of interfaces, exoskeletons, or wheelchairs [Nicolas-
Alonso and Gomez-Gil, 2012]. However, these systems often make direct use of
the outputs of a classification algorithm and make no use of planning algorithms
or even explore the possibility of using mixed-initiative designs [Roy et al.,
2020]. Yet, there are works like Ghosh [2012] that utilized the EEG data to
operate a wheelchair using a reinforcement learning technique, but the work
lacks the handling of classification errors which is possible with the use of
Partial Observable Markov Decision Process (POMDP) for instance.

According to Gombolay et al. [2017] mixed-initiative human-robot teaming
design should consider human factors such as situational awareness, workload,
and workflow preferences. Charles et al. [2018] suggested using crowd sourcing
to approximate a Markov Decision Process (MDP), Mausam and Kolobov [2012]
to control the interaction between a human operator and a mobile robot. The
authors included a state variable to indicate the user’s intent. Simulation results
of a hypothetical closed-loop demonstrated that the optimum collaboration
strategy, as determined by the learnt interaction model (e.g. the MDP),
outperformed random or fixed tactics.

Additional studies did make use of POMDPS for taking the human operator’s
state into account, however they based their estimate on behavioral cues only.
For instance, de Souza et al. [2015] proposed an approach where MII was
modeled based on the Partial Observable MDP (POMDP), Sondik [1971] that
integrated the partially observable human cognitive state. However, it only
supposed that such a state could be estimated with a given accuracy, and only
simulation results were presented. Interestingly, Gateau et al. [2016] designed
an integrated POMDP-based system able to take into account non-deterministic
human operator behavior using response time and availability as measured
by an eye-tracker (i.e. measure of ocular behavior), and were able to enhance
human operators’ performance on secondary tasks while maintaining the overall
system performance. However this work still lacked mixed-initiative behaviour.
Hence, to our knowledge, no Human-Robot Mixed-Initiative Interaction (HR-
MII) control system has ever analysed human mental states using physiological
computing.
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2.5. Summary

• Mental workload is defined as the information processing capacity
engaged to meet a system demand.

• EEG’s portability, high temporal resolution, and capabilities to work
fairly well out of the lab makes it suitable for real-time applications.

• Cerebral, cardiac, and ocular activities provide several relevant features
that could complement each other for mental workload estimation.

• Classification methods used to estimate mental workload based on
physiological features have demonstrated their efficiency in specific non
realistic settings.

• There is a scarcity of works related to MII that consider the human
mental state, with a few studies that demonstrated the interest of a MII
control policy in simulations.

• Therefore, there is a place to develop adaptive interaction systems that
includes human mental state online estimation though physiological
computing, while maximizing long-term human performance.
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Planning Under

Uncertainty
This chapter provides an overview of planning in the context of Artificial
Intelligence (AI), as well as information about various planning challenges and
the factors that influence the choice of a planning model. This is extended to the
realm of probabilistic planning, more precisely to the Partially Observed Markov
Decision Process (POMDP), which we believe is the appropriate approach for
modeling the the MUM-T interaction control problem based on the human
mental state estimation. Finally, options for solving POMDP are presented.
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3.1. Planning

In the realm of Artificial Intelligence (AI), planning can be defined as the
process of selecting and carrying out actions based on predicted outcomes.
Because planning is concerned with selecting and coordinating actions that
alter the state of a system, the objective can be accomplished through any
sequence of state transitions that delivers the system to the desired state.

This practice of performing a series of actions in response to the system’s
state is also referred as sequential decision-making. According to Eidenberger
and Scharinger [2010], sequential decision-making is a process that comprises
analyzing upcoming tasks and determining the most effective sequence of steps
to take in order to reach specified objectives. Littman [1996] said in his work
that when an intelligent system interacts with its environment, its primary
objective is to solve the consequent sequential decision problem. This decision
is made in sequence by replying to the "What to do now?" question. Where
"now" denotes a state that exists between a finite or infinite collection of states,
and "do" denotes an action that exists between a finite or infinite collection of
actions. In this vein, sequential decision-making is useful when the long-term
costs or benefits of actions and/or system conditions must be represented or
evaluated.

Planning is also important when the ability to change course of action is limited,
as is the case in a critical situation with a high risk or a high cost, a cooperative
effort with another party, or an activity that must be coordinated with a
dynamic system, are just a few examples.

As long as planning refers to the process of organizing actions while anticipating
their effects given a dynamic system model, it requires a formal and general
definition of a dynamic system. Following Ghallab et al. [2004], a dynamic
system can be see as a state-transition system as a 4-tuple Θ = (S,A,E, T ),
where:

• S: a set of states;

• A: a set of actions;

• E: a set of events; and

• T : a transition function, T : S ×A→ S

A state-transition system can be represented by a directed graph whose nodes
are states in S. For a s′ ∈ T (s, a, e), with s ∈ S, a ∈ A and e ∈ E, the graph
contains an arc from s to s′ labeled by (a, e). It is called a state transition.
Note, it can be preferable, in a designer point of view, to use neutral events to
model state transitions only resulting from actions effects. And on the other
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sense, a neutral action can be useful to model state transitions caused only by
events effects.

Given such a dynamic system Θ definition, the planning objective is to find
which actions to apply to which state in order to achieve some objective (or
goal) when starting from a given initial state. A planning solution can be
characterized as a series of consecutive actions, generally called plan, with the
system transitioning from one state to another state, and the objective is to
satisfy some condition over, or at the end, of this sequence of states.

Planner Controller System θ
Events

Observations

ActionsPlanInitial State

Objectives

Description
of θ

Figure 3.1: Planning model, where Θ represents a state-transition system.

A planning model is illustrated in the figure 3.1, which depicts the fundamental
planning model and its components. Given a description of the system, an
initial state, and an objective, the "planner" generates a plan for the controller
to follow in order to accomplish the objective. After that, the "controller"
monitors the system and takes actions in accordance with a plan. Finally, the
"system" changes in response to the action and possibly to the eventsi that
it receives. However, it is not always the case that a condition or objective
is satisfied. Rather of bringing the system to a desired state, some planning
problems may require a more complex strategy that accounts to events that
may change some actions effects, or that improves a performance criterion or
another required parameter (e.g., a planner to optimizing fuel consumption in
a autonomous driving).

3.1.1. Planning Assumptions

Following Ghallab et al. [2004], a critical aspect of every planning approach is a
clear explanation of the problem, together with the precise representations and
solving strategies needed to resolve it. Every planning approach is modeled to
solve a specific planning problem, therefore, representation of the problem is
critical to the choice of a planning solution.

There are several assumptions that differentiate planning problems, define their
specific requirements, and help choosing a right solution for them. Among
those several assumption, we can cite few of them:

ianything which arises within a system that is beyond planners control.
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• whether the system has a finite set of states or not;

• whether states are fully observable or not;

• how the system evolves when an action is applied;

• whether there is explicit goals or a performance criterion to be achieved;

• which type on planning solution is more appropriated a plan, a conditional
plan or a policy;

• whether actions or events have specific and explicit duration

• planning is performed offline which gives a open-loop control strategy, or
not.

With regards to the present thesis work, in the following we detail the assump-
tions that are directly concerned by our work:

• System Dynamics: it can be understood as, "is the outcome of each
action is deterministic, non-deterministic, or probabilistic?". A system
is deterministic when each state s ∈ S and action a ∈ A has one unique
new state s′ ∈ S. A system is non-deterministic when each state s ∈ S
and action a ∈ A could have more than one possible new states. Lastly,
a system is probabilistic when each state and action pair can also bring
more than one possible new state following a given probability. Figure
3.2 illustrates those differences.

S1 S2

a1
a2

S3

a2

a1

a1

a2

Deterministic

S1 S2

a1
a1

S3

a2

a1

a2

a2

Non-deterministic

S1 S2

a1 | 0.2

a1 | 0.8

S3

a2 | 1

a1 | 1

a2 | 0.7

a2 | 0.3

Probabilistic

Figure 3.2: Representation of system dynamics, where s ∈ S is a state, and a ∈ A. In
the probabilistic case, each action is represented along with the transition probability.

• States Observability: The observability of a system relies on which
properties of the state can be observed or not. If the planner has complete,
partial, or no information of the system’s new state after an action. A
system is completely observable when all variables describing a state are
observable, partial observable when only few variables are observable, and
zero observability when none are observable. In some planning models,
the observability can also refer to the fact of how well a state can be
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observed. For instance, in the probabilistic partial observable case, it
refers to the fact that a given symbol can be observed with a given
probability conditioned on a given state. This last is usually used to
model sensor’s inaccuracy. The figure 3.3 illustrates these differences.

Fully observable

S1 S2

O1 O2

Partially observable

S1 S2

O1

a1 a1

Patially observable in Probabilistic case

S1 S2

O2

0.2

O3

0.5

a1

O1

0.8

O4

0.5

Figure 3.3: Representation of system observability, where o ∈ O is an observation,
s ∈ S is a state, and a ∈ A.

• Objective: A system’s objective is defined as the operation for which
the plan is required. Is it required to reach a goal such as moving a
robot to a goal state or is it required to optimize an operation such as
optimizing traffic flow?

3.1.2. Classical Planning and Extended Models

Classical planning is a general term that refers to the process of planning
for restricted state-transition systems [Aarup et al., 1994]. More specifically,
a restricted state-transition system is one that is deterministic, finite, fully
observable, and with a goal state to be satisfied. In this kind of problems, the
initial state is known and all actions are deterministic, a completely accurate
prediction of the state of the world after any sequence of actions can be made.

Therefore, a classical planning problem P for a restricted state-transition
system Θ = (S,A, T ), can be defined as P = (Θ, G, s0), where:

• Θ is the state-transition system;

• G is a set of goal states; and,

• s0 ∈ S is the initial state.

So, given the restricted state-transition system Θ, an initial state s0 ∈ S, and a
set of goals states G, a planner aims to find a sequence of actions (a0, a1, ..., ak)
corresponding to a sequence of state-transitions (s0, s1, ..., sk), whit sk a goal
state, such that s1 ∈ T (s0, a0), s2 ∈ T (s1, a1), ..., sk ∈ T (sk−1, ak−1).

When the state-transition system is no more restricted to the classical planning
assumptions, various other types of planning problems are then addressed.
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The Fully Observable Non-Deterministic (FOND) planning deals with non-
deterministic systems, fully observable states, finite/infinite planning horizon,
and fixed goal state. The Contingent planning is similar to FOND, except that it
has partial observable states. The Conformant planning is also similar to FOND,
except that it deals with none observability. The Markov Decision Process
(MDP) [Bellman, 1957; Mausam and Kolobov, 2012] is similar to FOND, except
that it accounts with probabilistic actions effects and has an optimization goal.
The Partially Observable Markov Decision Process (POMDP) Sondik [1971]
is similar to an MDP, except that it has partial observable states. There are
many others extended planning models, to more details please refer to [Ghallab
et al., 2004].

As a result, for a real-world problem with limited human state ob-
servability and non-deteministic action effects, as well as with the
objective of optimizing human operator performance -such as the
interaction control problem addressed in this work-, the appropri-
ate planning model in our perspective is the POMDP framework.
However, before presenting such a framework, we introduce the sequential
decision-making under uncertainty concept.

3.2. Sequential Decision-Making under Uncertainty

As previously said, models and solutions to planning problems can vary de-
pending on whether an agent’s action effects are assumed to be deterministic
or non-deterministic, whether the states are completely observable or partially
observable, and whether the agent is seeking to reach or safisty goal states
conditions or to maximize a short-term or a long-term performance criterion.

Interestingly, numerous real-world tasks can be decomposed into sequential
decision problems and modeled as Markov Decision Processes (MDPs) [Bellman,
1957], including robot control [Kober et al., 2013], game play [Szita, 2012],
clinical patient management [Aberdeen et al., 2004], elevator control [Crites
et al., 1996], and power systems [Ernst et al., 2004]. To automatically solve such
planning problems, either by planning based on a model or by learning through
interaction with the system [Sutton and Barto, 1998], algorithm development
is a significant challenge in artificial intelligence research.

The majority of research in these fields uses a single, scalar reward function to
define the desirability or undesirability of actions, as well as their repercussions.
While interacting with the environment the MDP agent’s primary objective
is to maximize the expected (potentially discounted) sum of rewards over a
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specified time period. Scalar reward functions are the most natural for a wide
variety of tasks; for example, a financial trading agent may be compensated
based on the monetary gain or loss on its holdings during the most recent
time period. Numerous vocations, on the other hand, are best described
in terms of diverse, occasionally conflicting purposes. For instance, a traffic
management system should aim to minimize delays while increasing throughput;
an autonomous vehicle should aim to minimize both journey time and fuel
consumption. Related with this last example, a a significant research has been
conducted on multi-objective problems in a variety of decision-making contexts
[Chanel et al., 2013; Chankong and Haimes, 2008; Stewart, 1992; Diehl and
Haimes, 2004; Roijers et al., 2013].

In this context, we will begin by presenting the principles of the Markov
Decision Process (MDP) in the following and then progress in next section by
presenting the partially observable case, climbing on the Partially Observable
Markov Decision Process framework.

3.2.1. Markov Decision Process

Markov Decision Process (MDP) is one of the most fundamental sequential
decision-making frameworks, useful for modeling dynamic and uncertain do-
mains in which one may search for rational decision, although assuming fully
observable states. In such problems the MDP agent optimises its decisions for
a known set of states and known set of actions by taking into account rewards
associated with each state-action pair. Moreover, the transitions associated
with the state-action pair could lead to number of different states.

A stationary infinite horizon MDP [Bellman, 1957] is a n-uplet {S,A, T,R, γ}
where:

• S is a set of states,

• A is a set of actions,

• T : S ×A× S → [0, 1] is a transition function specifying the probability
value of the transition to the state s′ ∈ S from the state s ∈ S and by using
the action a ∈ A, such that T (s′, a, s) = p(s′|s, a), with

∑
s′ p(s′|s, a) = 1,

• R : S × A→ R is a stationary reward function R(s, a) that defines the
rewards (or costs) when the agent uses the action a ∈ A in the system
state s ∈ S,

• γ → [1, 0[ is a discount factor
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The MDP agent objective is to control the system by choosing appropriated
actions to optimize a given performance criterion. As for instance, to maximize
the expected discounted sum of rewards.

The general form of a solution of an MDP is a policy π : H × A → [0, 1], a
function depending on the history of the process hk = (s0, a0, s1, a1, ..., sk) ∈ H.
For a given history, this policy returns a probability distribution over the action
set.

An utility function, or value function, evaluates a policy for a given history hk.
The policy π of an agent dictates which actions it performs at each time step.
In this vein, the utility of a policy can be defined as the expectation of the sum
of the future rewards:

V π(hk) = rk + γrk+1 + . . . =
∞∑
t=0

γtrk+t (3.1)

where rt is the expected reward at time t, and the value of the parameter
γ defines the respective importance of short- and long-term rewards. In the
broadest sense, a policy can be conditional on everything the agent is aware
of.

The principle of optimality of Bellman [1957] states that if the quality of every
policy can be measured by its expected linear additive utility, there is a policy
that is optimal at every time step. Moreover, because of the Markov property
of the MDP, it can be shown that the value of a MDP policy is a function of the
current state. In Mausam and Kolobov [2012], it is showed that if an optimal
value function V ∗ exists and is Markovian, π∗ exists and is a deterministic
Markov policy.

Roughly speaking, it means that one may search for a policy that depends only
on the current state (no need for the history) and that this policy indicates the
best action to be performed at this state (no more a probability distribution
over the action set). Thus, a deterministic Markov policy maps states to actions
π : S → A, such as π(s) = a.

To solve an infinite horizon MDP it suffices to look for a deterministic Markov
policy π that maximizes the value function defined as:

V π(s) = E

[ ∞∑
t=0

γtR(st, π(st)) | s0 = s

]
(3.2)

Note the above equation can be written as:

V π(s0) = E
[
γ0R(s0, π(s0))

]
+ E [

∑∞
t=1 γ

tR(st, π(st)) | st = s1, s0, π(s0)]
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V π(s0) = R(s0, π(s0)) + γ
∑
s∈S p(s|s0, π(s0))V π(s)

Thus, let’s define the Bellman operator as:

LV (s) = max
a∈A

[
R(s, a) + γ

∑
s′∈S

p(s′|s, a)V (s′)
]

The application of the operator is guarantee to improve the value of the state
(≥) being treated. Moreover, the operator L is a contraction operator for V in
the value function space V:

||LV − LU || = max
s
|LV (s)− LU(s)| ≤ γ||V − U ||,∀V,U ∈ V,∀s ∈ S

then, when LV = V , the value function is said to be converged to a fixed-
point.

As result, the optimal - deterministic Markov - policy π∗ can be computed along
with the optimal value function V ∗ = V π

∗ , based on the Bellman equation:

V ∗(s) = max
a∈A

[
R(s, a) + γ

∑
s′∈S

p(s′|s, a)V ∗(s′)
]

(3.3)

π∗(s) = arg max
a∈A

[
R(s, a) + γ

∑
s′∈S

p(s′|s, a)V ∗(s′)
]

(3.4)

Such a theoretical result, allows to make use of Dynamic Programming to
solve this optimization problem. Dynamic Programming algorithm proceeds
sequentially, by solving all the sub-problems of a given time length, using the
solution of the sub-problem of shorter time length, and so on.

In other words, it suggests that an optimal policy can be constructed in
piecemeal fashion:

• first constructing an optimal policy for the sub-problem involving the
last stage,

• then extending the optimal policy to the sub-problem involving the last
two stages,

• and continuing in this manner until the an optimal policy for the entire
problem is found (e.g until value function convergence).

Fundamental solving algorithms, such as Value Iteration or Policy Iteration
apply the Dynamic Programming principle. And several, more recent algo-
rithms, based on Heuristic Search or sampling-based techniques also apply
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those principles. For more details and algorithms developed by the research
community to solve MDPs, please refer to [Mausam and Kolobov, 2012].

However, our focus on sequential decision-making under uncertainty problems
includes the partial observability of states, as physiological computing outputs
are frequently accompanied by false-positive and true-negative elements. In
the following, we present the Partially Observable Markov Decision Process
(POMDP), which is the planning framework this thesis work is built upon.

3.2.2. Partially Observable Markov Decision Process

Partially Observable Markov Decision Process can be see as the successor to
the MDP model because it works with the partial/imprecise information of
the states of the system [Smallwood and Sondik, 1973]. It integrates to the
MDP model an observation function and the belief state concept, a probability
distribution over the states.

Formally, the POMDP is a n-tuple 〈S,A,Ω, T,O,R, b0, γ〉 where:

• S is a set of states,

• A is a set of actions,

• Ω is a finite set of observations,

• T : S ×A× S → [0, 1] is a transition function specifying the probability
value of the transition to the state s′ ∈ S from the state s ∈ S and by using
the action a ∈ A, such that T (s′, a, s) = p(s′|s, a), with

∑
s′ p(s′|s, a) = 1,

• O : Ω × S × A → [0, 1] is an observation function that specifies the
probability value of observing o ∈ Ω given a state s′ ∈ S and an action
a ∈ A, such that O(o, s′, a) = p(o|s′, a), with

∑
o p(o|s′, a) = 1,

• R : S × A→ R is a stationary reward function R(s, a) that defines the
rewards (or costs) when the agent uses the action a ∈ A in the system
state s ∈ S,

• b0 is the initial probability distribution spanning all possible initial states,

• γ → [1, 0[ is a discount factor.

At each decision step t, the POMDP agent executes an action a ∈ A, receives
on observation o ∈ Ω and updates its belief state b ∈ B using the Bayes’ rule
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[Smallwood and Sondik, 1973]. Note b ∈ B is defined as an element of the belief
state space B.

boa (s′) = p(s′|b, a, o) = p(o, s′|b, a)
p(o|b, a)

= p(o|s′, a)
∑
s p(s′|s, a)b(s)∑

s′ p(o|s′, a)
∑
s p(s′|s, a)b(s) (3.5)

The goal of solving a POMDP is to develop a policy function π∗ that translates
each belief state to an optimal action that maximizes a performance criterion,
generally the expected discounted sum of rewards.

V π
∗
(b) = max

π
Eπ

[ ∞∑
t=0

γtr(bt, π(bt))
∣∣∣∣∣b0 = b

]

The optimal policy’s value V π∗ is specified by the optimal value function V ∗
that fulfills the Bellman optimality equation:

V ∗(b) = max
a∈A

[∑
s∈S

R(s, a)b(s) + γ
∑
o∈Ω

p(o|b, a)V ∗ (boa)
]

(3.6)

As a results, and as for the MDP case, dynamic programming can be applied to
solve POMDPs. However, considering that the state is not completely visible,
therefore rather than maximizing the expected reward associated with each
state, the solver tries to maximizes the reward associated with each belief.
Thus, in practice, POMDPs are often computationally intractable to solve
exactly (PSPACE-complete [Papadimitriou and Tsitsiklis, 1987]), given the
belief state space is a continuous space, and all possible combinations of actions
and observations in a (possibly) infinite horizon may be evaluated.

Interestingly, studies have developed methods that approximate solutions for
POMDPs: (i) by exploiting a particular property of the POMDP value function,
and (ii) by using heuristics and the system dynamics to build policies only
upon reachable beliefs states.

In the following such a property is presented, along with approximate POMDP
solving algorithms that make use of such a property to apply dynamic pro-
gramming for a finite set of reachable belief states.
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3.3. Solving POMDPs

Sondik [1971] showed the value function (showed in equation 3.6) in the belief
space is a Piece-Wise Linear and Convex (PWLC) function. After, Smallwood
and Sondik [1973] demonstrated that a given value function Vn referring to nth
optimization stage can be parameterized by a set of |S|-dimensional hyperplanes
that are known as α-vectors. An α-vector defines a region of the belief states
space, where this vector represents the maximum value of Vn. In this sense,
the α-vectors form a partition of the belief state [Cassandra, 1998]. An action
a(αin) is associated with an α-vector. Thus, the value of a belief state b can be
rewritten as:

Vn(b) = max
αin∈Γn

b · αin (3.7)

where, Γn = {α0, α1, . . . , αm} is the set of α-vectors forming Vn, and, the opti-
mal policy at this step is then πn(b) = a

(
αbn
)
such that αbn = arg maxαin∈Γn b ·

αin. The convexity and piece-wise linearity of the value function results from
the fact that Vn realizes the maximum of the values of the actions, which are
individually linear.

On this basis, to solve the POMDP, the exact value iteration consists on the
iterative application of the dynamic programming operator, also called exact
backup operation, starting from an initial value approximation V0 which is
supposed PWLC (e.g. composed by a set Γ0). Following Smallwood and
Sondik [1973] results, it can be shown that the intermediate value function
(V1 . . . Vn) will also be PWLC.

In detail, for a Vn at nth stage, all possible projections LVn can be computed,
such as:

Γa,∗ ← αa,∗(s) = R(s, a)
Γa,o ← αa,oi (s) = γ

∑
s′∈S

p(s′|s, a)p(o|s′, a)αi(s′),∀αi ∈ Vn.

Thus, the cross-sumii is applied to complete the generation of the set of
projections at n+ 1:

Γa = Γa,∗
⊕

Γa,o1
⊕

Γa,o2
⊕
· · ·
⊕

Γa,o|Ω|

Finally, we can get the union over all sets Γa to form Vn+1, such as:

Vn+1 ← LVn =
⋃
a

Γa

iithe cross-sum of two sets of vectors P = {p1, p2, . . . , pm} et Q = {q1, q2, . . . , qk} is defined as: P
⊕

Q =
{p1 + q1, p1 + q2, . . . , p1 + qk, . . . , pm + q1, pm + q2, . . . , pm + qk}.
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The exact backup operator generates many α-vectors that are dominated
by other over the entire belief state space. Numerous algorithms have been
proposed with the aim of combining set projection and pruning operations, or
by directly manipulating α-vectors [Cassandra et al., 2013; Zhang and Zhang,
2001]. However, such algorithms are only able to solve small POMDP problems
(with very few states, actions and observations).

Pineau et al. [2003], suggested to solve POMDP following sufficient iterations
that would ensure value convergence at least for a finite set of belief states.
It gives birth to point-based POMDP solving algorithms. The Point Based
Value Iteration (PBVI) algorithm [Pineau et al., 2003] is the first point-based
algorithm to propose relevant solutions to an 870-state POMDP, showing a
significant improvement of performance of POMDP solvers. In the following
the PBVI algorithm principle is presented.

3.3.1. Point Based Value Iteration Principle

In the case of discrete state, action and observation POMDP, even when
infinitely long action and observation sequences, it is unlikely to reach all the
points of the belief simplex. As a result, it is unnecessary to find the value
function for all the belief simplex, as exact algorithms do.

Thus, it appears preferable to focus planning on the most likely beliefs. Follow-
ing the dynamics of the POMDP, it is possible to create a set of belief states
and then search for an approximate value function based on these belief states.
The PBVI algorithm [Pineau et al., 2003] approach a POMDP solution by
finding a policy with a such set of belief points.

The PBVI begins by initializing the set of belief state points B, usually using
the initial belief state of the POMDP model. It also initializes the value function
with an empty set of α-vectors. Then it launches interactions, in which the set of
belief points is expanded. To expand the belief set, it plays random actions and
samples observations following the POMDP model. This set is expanded until it
contains enough points (set by the user). Then it performs approximated backup
operations to generate new α-vectors for the new value function representation.
The approximated backup operation, presented below, retains one α-vector for
each belief point, however as α-vectors are |S|-dimensional hyperplanes, the
collection of α-vectors created defines a value function across the entire belief
space. It is illustrated in figure 3.4, PBVI retains the PWLC value function
property.
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Figure 3.4: Representation of value function using PBVI. Image source [Pineau
et al., 2003].

The approximated backup operation begins with the creation of projections as
indicated in the equation 3.8 ∀a ∈ A,∀o ∈ O:

Γa,∗ ← αa,∗(s) = R(s, a)
Γa,o ← αa,oi (s) = γ

∑
s′∈S p(s′|s, a)p(o|s′, a)αi(s′),∀αi ∈ Vn

(3.8)

The following step is to perform the cross-sum operation illustrated in equation
3.9. Because PBVI operates on a finite number of belief points, the cross-sum
operation is significantly simplified (compared to the exact backup operation).
For this, it constructs ∀b ∈ B, ∀a ∈ A:

Γab = Γa,∗ +
∑
o∈O

argmax
α∈Γa,o

(α · b) (3.9)

Finally, the new value is determined for each belief point (retaining α-vector
and related action):

Vn+1 ← argmax
Γa
b
,∀a∈A

(Γab · b) , ∀b ∈ B (3.10)

When dealing with problems with a finite horizon h one can run h value iteration
(backups) before expanding the set of belief points. However, in infinite-horizon
problems, iteration can be controlled with the horizon defined by the change
in reward after each iteration, as for instance (Rmax −Rmin)γh < ε, where ε
is a threshold set by the user.

By inserting new belief sets in between iterations, PBVI provides a variety
of solutions, gradually trading off computation time and solution quality.
Additionally, the newly α-vectors projections set produced is pruned in the
PBVI’s backup process, the which retains only one α-vector per belief point.

In order to improve PBVI findings, studies proposed to expand the set of belief
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points in a more efficient manner, and for that heuristic search methods for
POMDP solving have appeared in the literature [Smith and Simmons, 2004,
2005; Shani et al., 2007; Kurniawati et al., 2008b] . The main idea behind such
heuristics methods is to favor belief points that are more likely to be reached
by the optimal policy. In other words, heuristics to assist in sampling from
regions that minimize the difference between the upper and lower bounds of the
ideal value function. In the following some classical heuristic search algorithms
for solving POMDP are reviewed.

a* = a1

b0

a* = a2

b1

o2o1

b2

b3

o1 o2

b4

t = 0

t = 1

t = 2

Figure 3.5: The belief tree, routed at b0.

3.3.2. Heuristic Search Value Iteration Principle

Heuristic Search Value Iteration HSVI [Smith and Simmons, 2004] is one of
the first POMDP solving algorithms that employs a heuristic tree-based search
approach in conjunction with PWLC value function representations and ap-
proximate backup operations to provide an approximate solution. Throughout
the search, it maintains upper and lower bounds on the ideal value function
V ∗ while performing local modifications to a specific belief state (or node).
During the search, the beliefs are chosen by exploring ahead in the search
tree (see figure 3.5) using heuristics that choose actions and observations. It
uses a depth-first tree search approach to explore the belief state space and
refers to lower and upper bounds as V and V̄ , respectively (see figure 3.6).
HSVI updates the value function boundaries asynchronously and decides which
successor to visit based on the most recent bounds.

The initial value lower bound V 0 is calculated using the blind policy technique
[Hauskrecht, 1997]. Assuming that πa is the policy of always picking action
a, the lower bound Ra on the long-term reward of πa may be determined by
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Figure 3.6: Representation of lower bound (V ), upper bound (V̄ ), and optimal (V ∗)
value functions using HSVI. Image source [Smith and Simmons, 2004].

assuming that the system is always in the worst state to choose action a. The
initial lower bound vector set V 0 comprises a single vector α such that every
α(s) = Ra(s). To establish the upper bound, we assume complete observability
and address the problem using the MDP approach [Åström, 1965]. This yields
upper bound values for the corners of the belief simplex, which constitute the
beginning point set. The resulting upper bound is denoted by the symbol
VMDP . As a result, the fundamental process of the Bellman operator, here
called H, is applied to update the upper bound value during search. It is
defined by equation 3.6.

Due to the separate representations of the lower and upper bounds, distinct
local update operators Lb and Ub are utilized. A vector is added to the lower
bound vector set, while a point is added to the upper bound point set. As a
result, the operators are defined as follows:

ΓLbV = ΓV ∪ backup(V , b)
ΥUbV̄

= ΥV̄ ∪ (b,HV̄ (b))
(3.11)

where ΓV is a finite set of α-vectors and ΥV̄ is the convex hull formed by a
finite set of value points, and backup(V , b) is the approximate backup operator
used by PBVI. Bounds are grouped together, for each belief node in the belief
tree using the interval function V̂ , as illustrated below:

V̂ (b) = [V (b), V̄ (b)]
width(V̂ (b)) = V̄ (b)− V (b)

(3.12)

The width(V̂ (b)) ≤ εγ−t determines the optimization policy’s termination
criterion for each belief node. Due to the fact that the uncertainty at a node
b following an update is limited to γ times the weighted average of its child
nodes, this gradually relaxed the constraints for value uncertainty at deeper
nodes. The objective is to ensure that modifications to the selected child nodes
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should help in decreasing the root node’s value uncertainty. According to
HSVI, the only way to assure value convergence is to choose, at each trial
search, the action a∗ with the highest upper bound [Smith and Simmons, 2005],
and observations that improve the bounds convergence following the excess
value uncertainty. Fortunately, the value uncertainty at b is no more than the
probability-weighted total of its children’s uncertainties, such as:

excess(b, t) ≤
∑
o

p (o | b, a∗) excess(ba
∗

o , t+ 1) (3.13)

Thus, one can concentrate efforts on assuring early termination by identifying
at depth t+ 1 the child belief node that contributes the most to value excess
uncertainty at b. HSVI is then constrained by this excess uncertainty when it
is back-propagated, to the root node b0.

Forward Search Value Iteration (FSVI) [Shani et al., 2007], can be see as a
goal-oriented version of HSVI. The major difference is that FSVI does not
maintain an upper bound, and uses a greedy action selection strategy during
the search, based on the Q-value function of the underline MDP solution (see
[Shani et al., 2007] for more details). HSVI or FSVI are point-based approach
that makes use of a Markov Decision Process (MDP) solution to guide the
search. The performance of a MDP-based heuristics is strongly dependent on
the dynamic system degree of uncertainty and the (no) need for information
gathering. Thus, in some cases these algorithms necessitate larger sequences
of information gathering procedures to tighten value bounds. To dismiss such
a limitation, Kurniawati et al. [2008b] proposed the SARSOP algorithm, the
which explorer better informed bounds to guide the belief tree search.

3.3.2.1. SARSOP

SARSOP stands for Successive Approximations of the Reachable Space under
Optimal Policies [Kurniawati et al., 2008b]. By sampling from a large number
of points, the SARSOP algorithm attempts to estimate an approximate cover
of the belief set R∗(b0) (or optimal belief state region, represented in figure
3.7). It is related to HSVI and FSVI in some aspects, but is especially designed
to sample the reachable space R∗(b0) in a more efficient way using learning-
enhanced exploration and a bounding technique. The algorithm establishes
bounds for approximating a defined value function at b0, by utilizing global
knowledge to minimize the number of poor samples that are in R(b0) but not
in R∗(b0).

As HSVI, SARSOP maintains a lower bound V and an upper bound V̄ on the
optimal value function V ∗, and uses α-vectors to represent the lower bound.
SARSOP uses the sawtooth approximation to initialize and estimate the upper
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Figure 3.7: Belief space B, reachable space R(b0), and optimally reachable space
R∗(b0). Note that R∗(b0) ⊂ R(b0) ⊂ B. Image source [Kurniawati et al., 2008b].

bound V̄ [Hauskrecht, 2000] of belief state nodes, and the same lower bound
initialization than HSVI. In SARSOP optimization, backup operations are
performed at specified nodes in the belief tree (e.g the most promising ones)
using the same action and observation selection strategy used by HSVI. The
same approximate backup operation is done at node b, it gathers the data
contained in b’s children and propagates it back to b. Such backups improve
the lower bound approximation. Moreover, during each optimization iteration,
SARSOP prunes those α-vectors throughout R∗ that are dominated by others
α-vectors (generated by the expected optimal reachable belief points). Finally,
the stopping criteria of SARSOP is accomplished by gradually lowering the
gap ε between the upper and lower bounds on the value function at b0 until it
meets either the predefined gap size or a time limit defined by the user.

Thanks to SARSOP impressive results obtained in several POMDP benchmark
problems of the literature, open source code availability, and its easy use, this
thesis work will make use of this algorithm.

3.4. Summary

• Planning is the process of automatically choosing and organising actions
while anticipating their effects.

• Depending on planning and model assumptions, different planning
techniques should be used.

• POMDP provides an elegant probabilistic planning model including
partial observability and performance optimization, being an excellent
candidate framework for MUM-T adaptive interaction modelling.

• POMDP defines a value function and associated policy enabling to have
a relevant action for each belief state with the objective of performance
enhancement.

• There are available POMDP solving algorithms capable of finding
POMDP solutions in reasonable time.
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4
MUM-T Design

This chapter begins by outlining the scope of this thesis’ research and the
objectives to be accomplished. It then discusses the experiment design and
the technologies used for the experiment, processing, and analysis of the data.
Additionally, this chapter gives thorough information regarding the application
designed for real-time processing and analysis of eye-tracking data.
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4.1. Goal & Hypotheses

The aim of this research is to design an adaptive Manned-Unmanned Teaming
(MUM-T) framework that helps a single human pilot to work collaboratively
with multiple UAVs incorporating mixed initiative interaction (MII) behavior.
As discussed in section 1.3, MII requires knowledge of the skills, capabilities,
and state of each involved agent (human and artificial) in order to select the
most suitable agent for the task at hand. While it is easy to determine the state
of an artificial agent, it is not simple to estimate human state. As previously
stated, evaluating individuals’ mental states through subjective and behavioral
metrics can only tell what might have occurred but cannot quantify and reveal
what actually went on. However, as seen previously, physiological computing
may be a very valuable technique for estimating the mental state of a human
agent. Based on our literature review, we have formulated three objectives:

• Mental State Estimation for MUM-T: The primary goal of this
research is to better understand the fluctuations of physiological parame-
ters and to evaluate and automatically estimate mental workload in a
MUM-T environment involving a search and rescue mission scenario.

• Designing an Intelligent Interaction Control System: The second
objective of this research is to take the knowledge gained from the primary
research and create an adaptive interaction controller that chooses the
most adequate agent to handle a task in order to maximize performance
while maintaining a comfortable workload level for the human agent.

• Evaluating the Interaction Control System: The third and final
objective of this research is to close the loop involving human state
estimator and the adaptive interaction control system, as well as to
evaluate the system in real-time (online) in experimental settings.

Our two hypotheses are the following:

• Physiological features can be used with machine learning methods to
estimate the human operator mental workload in a MUM-T scenario.

• Adapting the interaction using a mixed-initiative approach using the
human agent’s mental state estimate will increase the performance of the
operator while lowering their mental workload.

4.2. Experimental approach

In order to test our two hypotheses, two distinct experimental campaigns were
run. Initially, a data collection campaign was conducted, followed by off-line
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data processing. The purpose of this campaign was to collect data in order
to train a mental states estimator model for high and low mental workload
recognition. Moreover, the goal was to utilize the statistical knowledge gained
from the collected data to approximate a POMDP model, i.e. to learn from
data a transition function, an observation function (the observation function
also incorporates information from the trained classifier’s confusion matrix),
and a reward function.

The second experimental campaign was run once the classifier was trained.
The POMDP was created and solved, and an adaptive interaction framework
was designed by integrating both the classifier and the POMDP resulting
policy. The purpose of this campaign was to evaluate and directly compare the
MUM-T scenario with the adaptive interaction framework to the original fixed
framework. Both protocols were based on the same general experiment design
and were validated by the University of Toulouse’s local ethics committee with
Id number 2019-137. The following subsections detail the implementation and
tools used for both experimental campaigns with an emphasis on the first one
that required more devices.

4.2.1. Experimental Design

The overall system was composed of a human pilot and three unmanned aerial
vehicles (UAVs) working on a shared mission (MUM-T); a generic MUM-T
system is depicted in figure 1.5 and is discussed in greater detail in section
1.2. The mission was based on a search and rescue scenario, with both agents
committed to scanning all affected zones, locating casualties inside them, and
coordinating with the team to get better and faster results. Thus, to fulfill these
goals, UAVs could communicate with the human pilot in order to authenticate
the prospective targets they sighted; the pilot could receive the Air Traffic
Control (ATC) heading instructions in order to actively position themselves in
the most crucial zones. Additionally, a working memory task was included to
better represent the workload that a pilot would face in a real-world event. In
this working memory task, the pilot had to recall radio signal values supplied
by the ATC and reassign them to the appropriate UAVs.

4.2.2. Experimental Setup

As illustrated by Fig. 4.1, the experimental setup was comprised of three 23
inch computer screens (numbers 1, 2, 3) placed horizontally together to form a
joined image for mimicking a flying task run using the Aerofly simulator. A 13
inch computer tablet (number 4) was also used to allow interacting with the
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UAV fleet, through an in-house U-track application. It shows the geolocation
of the plane flown by the pilot, along with that of the UAVs.

4.2.3. Recruitment of Participants

Recruitment method: all ISAE students and pilots were informed by e-mail
and via paper announcements in the school buildings.

Place of recruitment: participants were recruited at ISAE- SUPAERO.

Selection criteria: participants must be between 18 and 50 years old, have
at least bachelors level of study, have normal (or corrected) vision and hearing,
be affiliated with social security and have signed an informed consent form.

Exclusion criteria: protected persons, person outside the ISAE, presence of
known neuropsychological disorder, significant visual or hearing impairment,
taking psychotropic medication or substance, g-test positive, nursing woman.

4.2.4. Search and Rescue Mission

A Search and Rescue (S&R) operation was used as part of the experiment.
Participants were required to perform a pilot flying task using a flight simulator
throughout the mission (as illustrated in the first three screens of figure 4.1)
while interacting with the UAVs via the U-track application (as illustrated in
the fourth screen of figure 4.1, or in figure 4.2). The primary S&R mission task
was divided into three sub-tasks: detection and identification, working memory,
and a flying sub-task as detailed below:

4.2.4.1. Detection and identification sub-task

The detection and identification sub-task simulated the process of UAV re-
quests in the form of pop-ups in the U-track application (see figure 4.2, which
corresponds to Area of Interest (AOI) 4.2 in figure 4.4d). A beep sound initi-
ated the requests and the human pilot had to search if there was any human
present in a group of 9 gray scale images (extracted from the Norb database
[LeCun et al., 2004]), and had to answer with Yes or No. This was the highest
priority sub-task, i.e. of priority level one. The detection and identification
request was an event-based sub-task with 15 identifications to be performed
for each experimental condition in the first experiment and 10 in the second
experiment. It should be noted that the time interval between two detection
and identification sub-tasks was randomly chosen between 21 to 24 seconds.
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Figure 4.1: Aerofly simulator and U-track application screens setup. In which,
screen 1-3 are jointly used as one for Aerofly simulator, and screen 4 is for U-track
application.

Figure 4.2: Zoomed view of the UAV application named U-track shown on screen 4,
which is used by the flying pilot to interact with the UAVs.
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4.2.4.2. Working memory sub-task

The working memory sub-task was comprised of instructions from Air Traffic
Control (ATC) in the form of auditory messages informing the pilot with
a heading to follow and radio channels for UAVs. The pilot was required
to memorize the communication channel values for the UAVs and to recall
them using a numpad in the U-track application. This sub-task had the
lowest priority, being assigned a priority level of three. Each ATC instruction
was played after a random time period of 80 to 82 seconds. There were 6
ATC commands per task load condition in the first experiment, and 4 ATC
commands per task load condition in the second experiment.

4.2.4.3. Pilot flying sub-task

The pilot flying sub-task was related to the continuous compliance with the
ATC heading instructions. In other words, the human agent had to remember
the ATC heading instructions and maintain that heading of the plane in the
Aerofly simulator using the joystick while avoiding the restricted zones (seen as
red areas in figure 4.2). Maintaining the heading was of priority level two and
avoiding the restricted zones was of priority level one, equivalent to detection
and identification sub-task’s priority.

4.2.5. Mental Workload Modulation

Three human agent mental states were chosen for the adaptation of the system,
namely low workload, high workload and resting state. In order to elicit these
states, the task difficulty was modulated by modifying the working memory
and the flying sub-tasks for the workload levels, and consisted in a simple
fixation task for the resting state as detailed below.

• Resting state: In the resting state phase, all screens were turned
completely black and only a white dot was displayed in the center of
the black screen in the U-track application screen. Participants were
instructed to focus on the white dot in the U-track application screen.
The resting states were placed at the start of the experiment, in between
each task load condition, and after the final task load condition. The
purpose of the resting state was to mitigate the effect of the prior task load
condition. Additionally, baseline data for the ECG signal were collected
in the resting state in order to normalize the data for the upcoming task
load condition.
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• Low task load: To elicit a low task load condition, the number of
communication channel values that had to be remembered for the work-
ing memory task ranged from two to a single randomly picked UAV.
Additionally, the given radio value was kept identical with the heading
value, i.e. if the heading value is 20, the radio value was chosen 120.
Alongside, the path chosen for the flying task was very simple, with easy
turns and read zones placed well away from the path.

• High task load: A high task load condition was generated by increasing
the demand of working memory sub-task, by giving a random radio
channel values to memorize and then incorporating them into the U-track
application for the corresponding UAVs. This was amplified further by
giving values for two randomly selected UAVs to remember. Additionally,
a challenging flying path with sharper turns, along with the placement of
restricted zones closer to the flight path were used.

4.3. Implementations, data acquisition, processing &
analysis tools

4.3.1. Implementations & data acquisition tools

The software and hardware tools used for the experiments’ implementation
and data acquisition tools are detailed below:

• Flying simulator: In both experiments, simulated flying was performed
using Aerofly’s FS2 flight simulatori. This commercially accessible flight
simulator features complex flight dynamics, a diverse aircraft selection,
adjustable flying conditions, extremely detailed 3D cockpits, and the
ability to add 3D structures to the surroundings. This capability enabled
us to create damaged zones within the simulation, complete with ruined
3D buildings.

• U-track application: The U-Track application was created in Node.jsii

with the help of leafletjsiii a leading open-source JavaScript library for
mobile-friendly interactive maps.

• EEG recording: The EEG Biosemiiv system was used at 2048 Hz, with
32 electrodes positioned following the standard 10/20 layoutv. Addition-
ally, two electrodes were positioned below the right eye and at the outer

iAerofly simulator: https://www.aerofly.com/
iiAbout Node.js: https://nodejs.org/en/about/

iiiLeaflet: https://leafletjs.com/
ivBiosemi device: https://www.biosemi.com/products.htm
v10/20 layout: https://www.biosemi.com/pics/cap_32_layout_medium.jpg

https://www.aerofly.com/
https://leafletjs.com/
https://www.biosemi.com/products.htm
https://www.biosemi.com/pics/cap_32_layout_medium.jpg
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canthi of the right eye to perform the EOG recordings used for ocular
denoising.

• ECG recording: In the first experimental campaign, two electrodes
of the EEG Biosemi system were placed on the participants’ torso to
perform the ECG recordings: one on the plexus and one on the left 5th
intercostal. For the second experiment, the ECG data was extracted using
Bittium Faros devicevi with 2 electrodes: one on the plexus and other
one on the left 5th intercostal. Which directly provided the processed RR
peaks of the participants and could be exploited in real-time for further
processing.

• Eye-tracking: For eye tracking purposes, Tobii pro glasses 2vii’ were
used, at 100 Hz for raw eye data and 25 Hz for scene camera data. It
uses a one point calibration procedure, and connects to the system via
WiFi.

• Synchronization and logging: Physiological and behavioral data from
the participants were recorded using Lab Streaming Layer (LSL) streams
that were created and published in a local network to be effectively
recorded with LabRecorder, an LSL-based softwareviii. In the first cam-
paign all devices and application data recorded were synchronized once
they were reloaded for off-line processing. In the second campaign, LSL
stream’s creation and lecture options allowed us to ensure online synchro-
nization.

4.3.2. Processing Tools

4.3.2.1. EEG and ECG processing tools

EEG data were processed using python’s MNE libraryix. For ECG data
processing and feature extraction Aura-healthcarex Python package was used,
which requires list of RR peaks as input and provides several functions from
pre-processing like outliers detection to time and frequency domain feature
extraction functions. For eye-tracking tracking and processing, an application
was designed from scratch, as explained in detail in the next section.
viFaros device: https://www.bittium.com/medical/bittium-faros

viiTobii glasses: https://www.tobiipro.com/product-listing/tobii-pro-glasses-2/
viiiLabStreamingLayer (LSL) library version 1.13: https://labstreaminglayer.readthedocs.

io/index.html
ixMNE version 0.22.1: https://mne.tools/stable/index.html
xAura-healthcare library: https://github.com/Aura-healthcare/hrv-analysis

https://www.bittium.com/medical/bittium-faros
https://www.tobiipro.com/product-listing/tobii-pro-glasses-2/
https://labstreaminglayer.readthedocs.io/index.html
https://labstreaminglayer.readthedocs.io/index.html
https://mne.tools/stable/index.html
https://github.com/Aura-healthcare/hrv-analysis
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4.3.2.2. Eye-tracking Processing Application

Eye-tracking in ecological settings is a challenge in itself, at both its hardware
and software levels [Kiefer et al., 2017]. Desktop based eye-trackers that have
a bar like structure with built in infrared sensors are pre-fixed in front of the
person and have to face the person to track at all times. This leads to a very
small field of view of just one screen, but provides precise localization of the
gaze on the screen. Moreover, it enables real-time processing [Bao et al., 2017].
On the other hand, wearable eye-trackers in the form of glasses have a wider
field of view, with the help of built-in cameras and eye-tracking infrared sensors
that provides what a person is viewing along with the gaze with respect to
the image. These systems’ data are more accurate because of the placement of
sensors just near an eye, yet their real-time processing is complicated and they
are currently used for post analysis [Bao et al., 2017].

Therefore, to have a system that could be used in real-time, during pilot-UAVs
operations, and that would also be able to provide gaze information from a
wider viewing field, one has to either use several desktop based eye-trackers,
one for each screen, or to create an eye-tracker from scratch by assembling
several cameras and infrared sensors in a desired area. This could be time
consuming, expensive, and hard to install new devices in already designed and
tested environments. The other solution is to use glasses with an embedded
eye-tracking system that allows in-the-field measurements and to work on the
processing of the acquired data to allow an online extraction of features such
as fixation ones. Therefore, we designed an ET system using Tobii glasses
to accomplish real-time data processing to tackle the following challenges:
unrestricted field of view, real-time eye tracking and processing, defining and
finding gaze position in one of the areas of interest from any position, orientation,
and distance from a continuously changing field of view.

System Design: The whole system had four screens and each screen was
defined by an area of interest (AOI). Therefore, to identify AOIs using ET
glasses, aruco codes were used and placed at the top left and bottom right
corners of each screen as seen in figure 4.1.

Eye Tracking and Processing: The workflow of the system was divided
into 6 main stages which are shown in figure 4.3. For the eye-tracking process,
the image frame (scene camera) and the eyes data from the tracking glasses
are first collected and sent to the ’Preprocessing’ stage. During this step
the image is first scaled to half of its dimension to facilitate faster processing.
Then to facilitate and enhance the aruco code detection process, the image
is brightened by shifting the colour format from RGB (Red, Green, & Blue)
to HSV (Hue, Saturation, & Value), and maximizing the ’V’ field of the HSV
colour format.
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Figure 4.3: Eye tracking and processing flow diagram.

Next, at the ’Gaze detection’ stage both image (scene camera frame) and
eye data (gaze position of both eyes, pupil size, etc.) are synchronized. This is
done by calculating the time difference between image and eye data. Selected
samples have a time difference of less than the time between two consecutive
image frames.

After getting the overlapping image frame and the eye tracking data, the image
frame is then sent to the ’Aruco detection & Filtering’ stage. In this stage,
the detection of the aruco codes in the image frame is performed, as well as a
filtering phase allowing to remove those codes which are not associated with
the screen currently under focus. More precisely, in this stage all visible aruco
codes are detected in the image frame, however only two codes are extracted:
one with an odd id with respect to which the gaze position is present below
and at the right side; and the other with an even id, with respect to which the
gaze position is present at the top and at the left side of the aruco code. It
defines the two aruco codes for which the gaze is supposed to be present in
between. Thus, these two codes are matched in the next stage called ’Screen
Detection’ to confirm if they belong to the same screen or not. These steps
provides the screen at which the person is looking at, at a particular point of
time.

As explained in the previous section, in one of the four screens (screen 4 in
figure 4.1) is running the UAV interaction application U-Track. In this screen,
3 different sub Areas of Interest (sub-AOIs) are defined, which are named
AOI4.1, AOI4.2, and AOI4.3. If the person is identified as looking at the
application screen, the gaze data is further processed to identify the focused
area of interest out of three sub-AOIs. In the ’Processing sub-AOI’ stage,
the principal challenge is to deal with the fact that the eye tracking glasses
are not fixed in the 3D space, which makes the position and orientation of the
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screens in the image frame dynamic. That means if the person moves close to
the screens their size increases in the image frame and if the person moves far
from the screens their size becomes small. Note that the head movement also
changes the angles of the screens in the image frame generating roll, yaw, and
tilt dynamics.

Dynamic Sub-system Processing: The identification of the AOIs’ of the
U-track application screen (number 4) is done with the help of 4 coordinates
given by each aruco code. From the aruco detection and filtering stage, we
get 2 aruco codes with 4 corners, each corner with x and y coordinates in the
image plane. One aruco code is fixed at the top left (Code1) and one at the
bottom right (Code2) of the application screen. Then with the help of Code1,
a line passing from top left and top right corner (A and B respectfully) of aruco
Code1 is computed (figure 4.4(a)), and y-intercept of line AB is computed with
equation 2:

m1 = By −Ay
Bx −Ax

it is the Slope of line AB (4.1)

c1 = Ay − (m1Ax) it is the y-intercept of line AB (4.2)

Then with the help of Code2, a line segment passing from the bottom right
and top right (C and D respectfully) corners of aruco Code2 is computed and

(a) Step 1 (b) Step 2

(c) Step 3 (d) Areas of Interest created

Figure 4.4: Step by step sub-AOI processing for the U-track application screen.
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its y intercept is computed with equation 4 (figure 4.4(a)):

m2 = Dy − Cy
Dx − Cx

it is the Slope of line CD (4.3)

c2 = Cy − (m2Cx) it is the y-intercept of line CD (4.4)

And then coordinates x and y of intersection point of these 2 line segments are
computed with equation 5 and 6:

x = c2 − c1
m1 −m2

x coordinate of the intersection point (4.5)

y = (m1x) + c1 y coordinate of the intersection point (4.6)

This gives the top right corner of the screen. However, to deal with divide by
zero problem when either of the lines is in vertical position (x at every location
is same) an extremely small value of 0.0000001 is assigned to x difference
(Bx − Ax) & (Dx − Cx) of x coordinates while computing the slope. This
will still keep the slope computation correct up to 6 decimal points, while
eliminating the divide by zero problem.

Similarly, 2 line segments are computed using the above formulas, one passing
from the top left and bottom left corners of the aruco Code1 and another
passing from the bottom right and bottom left corners of the aruco Code2.
Then their intersection point is computed as shown in figures 4.4(b). This gives
the bottom left corner of the screen 4, and provides the outer boundaries of
the application screen. Then, to divide the screen into three sub-AOIs, top
and bottom lines are divided into a 70-30 ratio with the following formulas:

x = x1 + 0.7(x2 − x1) (4.7)
y = y1 + 0.7(y2 − y1) (4.8)

Next by joining these points we create two halves of the screen, shown in
figure 4.4(c). Then the right and middle lines are divided into 60-40 ratios,
and joined to create two halves of the right area, shown in figure 4.4(d). This
creates 3 sub-AOIs (named 4.1, 4.2, & 4.3) in the application screen, shown in
figure 4.4(d) and is adaptable to dynamic changes in dimension, roll, yaw, and
tilt.

The designed system was tested during a pretest campaign and found to be able
to perform exceptionally well, as required. Results have demonstrated that the
aruco codes are extremely fast and quite reliable in real-time settings. Indeed,
this system is also able to handle orientation and dimensional changes pretty
well and has detected roll up to 180◦ (tested value). This implementation and
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the results of the pretest campaign were accepted for the 1st International
Workshop on Eye-Tracking in Aviation [Singh et al., 2020a].

After performing initial processing on the ET data to extract gaze and AOIs
data, the processed data with the information of gaze and AOIs was used to
process and extract fixations using the pygaze python library [Dalmaijer et al.,
2014].

4.3.3. Machine Learning & Statistical Tools

Data was classified using scikit-learnxi, a machine learning library of python.
Scikit-learn as known as sklearn, provides several easy to implement machine
learning functions and a model selection function called GridSearchCV, which
helps in selecting best parameters for the given classifier algorithm from pool
of parameters provided.

Statistical analyses were performed on the subjective, behavioral, physiological
and classification data using the Statistica software, in order to assess the
impact of the experimental conditions, used features and techniques. Python’s
scipy package was used to perform paired t-tests and Wilcoxon tests on some
data depending on the data distribution normality assumption.

4.4. Summary

• The experimental approach was divided into two campaigns: one for
data collection and offline analysis, and another for the evaluation
of the designed adaptive interaction control framework through online
physiological computing

• The experimental design was based on a MUM-T in S&R mission and
was comprised of three sub-tasks: detection & identification, working
memory, and flying while avoiding restricted zones.

• Implementation, data acquisition, processing as well as machine learn-
ing and statistical tools were discussed, including the development of
the eye-tracking application.

Below we listed the two communications relative to the proposed framework
and associated implementations presented in this chapter:
xihttps://scikit-learn.org/stable/index.html
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• The proposed framework and the experiment protocol were accepted as a
position paper in the 12th International Joint Conference on Biomedical
Engineering Systems and Technologies [Singh et al., 2019b].

• The implementation of the eye-tracking application and its results of the
pretest campaign were accepted in the 1st International Workshop on
Eye-Tracking in Aviation [Singh et al., 2020a].



5
Mental State Estimation

This chapter is dedicated to the implementation of the mental workload es-
timation pipeline. Hence, this first study was designed with two goals: i) to
characterize and estimate Mental Workload (MW) in a MUM-T setting based
on physiological signals; ii) to assess the impact of the validation procedure on
classification accuracy. Indeed, this chapter details work regarding the impact
of the non-stationarity of the physiological signal onto classification pipelines’
accuracy, in relation to the validation design. Supervised classification pipelines
based on various combinations of these physiological features were benchmarked,
and two validation procedures were compared (i.e. a traditional one that does
not take time into account vs. an ecological one that does). Results show a
significant impact of MW on all measures and a significant drop in classification
accuracy using the ecological validation procedure. Additional developments were
done to improve the classification accuracy. Nevertheless, these results highlight
the need for further developments to perform MW monitoring in operational
contexts.
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5.1. Material and Methods

5.1.1. Participants

The experiment was performed on 14 healthy volunteers (6 females, 8 males;
24.4 y.o. ± 1.95). Before the experiment took place, all participants gave their
written consent for data collection, storage and processing in an anonymous
manner. The experiment was validated and authorized by the local ethical
committee (CER Toulouse, id number: 2019-137 ), and the application form is
shown in appendix A and the obtained certificate is shown in appendix B.

5.1.2. Experimental Protocol

The experiment was divided into four blocks of 8 minutes each, each block
corresponding to the S&R mission detailed in chapter 4 (i.e. there were four
8-minute missions). Two blocks corresponded to the low task load condition
(L), and the remaining two were for the high task load condition (H). Their
order was pseudo-randomly changed between H-L-H-L and L-H-L-H for each
participant. Each task load condition was separated by a one minute break.

Figure 5.1: First experimental protocol timeline. In the figure, C: consent form
signature, S : Devices setup, B: Baseline recording, T : task training block, R: resting
block, L : low workload block, H: high workload block.

The figure 5.1 illustrates the experimental protocol timeline. After having given
their informed consent, and before starting the experiment, the participants
were properly trained for the piloting task, and were also familiarized with a
dummy session that included all the sub-tasks. This training was performed
in order to familiarize the participants with the whole system and tasks to
perform. When they were comfortable with the simulator and the related
sub-tasks, the instruction page was shown in the application screen to formally
detail the experiment, its tasks, and the level of importance of each sub-task.
Then, they were then told to press the start button whenever they were ready
to start. In the very beginning of each break, the participants were asked
to answer an interactive version of the Instantaneous Self Assessment (ISA)
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questionnaire [Tattersall and Foord, 1996] displayed in the application screen.
The ISA questionnaire was shown with a slider that could be moved between 5
standard ISA options (see figure. 5.2) Participants took 6 seconds in average
to answer this questionnaire. After that, and for the remaining of the rest
period, all four screens showed a black screen, except for screen 2 and 4 which
showed a white dot on a black background. The participants were instructed
to focus on the white dot in screen 4 during this phase. Therefore, the whole
experiment lasted for 90 minutes.

Figure 5.2: ISA questionnaire [Tattersall and Foord, 1996], presented in the U-track
application with slider for subjective input.

5.1.3. Data Acquisition

Physiological and behavioural data from the participants were recorded thanks
to three Lab Streaming Layer (LSL) streams that were created and published
in a local network to be effectively recorded with LabRecorder, an LSL-based
software i.

• The first LSL stream was devoted to electroencephalography (EEG),
electro-oculography (EOG) and electrocardiogram (ECG) recordings.

iLabStreamingLayer (LSL) library version 1.13, see documentation at https://
labstreaminglayer.readthedocs.io/index.html

https://labstreaminglayer.readthedocs.io/index.html
https://labstreaminglayer.readthedocs.io/index.html
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• The second LSL stream was used to collect data from the Tobii glasses eye-
tracker (ET). As detailed in section 4.3.2.2, an application was developed
to collect the raw data at 100 Hz and the image data at 25 Hz from
the Tobii glasses using WiFi [Singh et al., 2020a]. This application
synchronizes and processes, in real-time, image frames from image data
and the raw gaze data to determine the gaze location with respect to
specific Areas of Interest (AOIs), (see the ‘ET AOI processing module’
shown in figure 5.3). Note, this ET LSL stream contained almost 29 data
fields, in which 27 were fed with Tobbi glasses raw data (e.g. timestamp,
2D gaze position and pupil dilation of each eye), AOI number with gaze,
and also the list of all Aruco codes visible in the image frame that help
identifying AOIs. Up to 7 AOIs were defined for this experiment, three
AOIs for the Aerofly-related screens (one AOI per screen 1, 2 and 3 of
figure 4.1), three other AOIs concerning the U-track application (see
figure 4.4d), and one AOI tagged as no-screen.

• The third LSL stream was devoted to the Aerofly simulator data, as
well as the behavioural and subjective data grouped within the U-track
application. This LSL stream was running at 100 Hz. It included all
plane’s parameters from the Aerofly simulator (e.g. speed, heading and
geolocation). The Aerofly data were sent to the U-track application and
then embedded by the application in the same LSL along with other data
fields. Note, the behaviour and the subjective feedback data were event-
based. It contained all the data regarding the human pilot interaction
with the application, event time stamps, and response values for each
sub-task. As event-based, they were only published in the LSL stream at
their occurrence.

5.1.4. Pre-processing and Features Extraction

5.1.4.1. Performance Scores

All three sub-tasks were scored. In the detection and identification pop-up
sub-task, each correct detection was scored with 1. The pop-up response score
and pop-up response time were calculated for each event and averaged per
load condition, across all experimental blocks (i.e. yielding one value per load
condition). The same procedure was applied for the working memory sub-task.
However, the flying task score (yscore) is based on the headings xn observed
every 500 ms. Thus, starting from an ATC command at time t until the
next ATC command at time t+ k the score is defined as the sum of Gaussian
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functions following the equation:

yscore =
t+k∑
n=t

1
σ
√

2π
e−

(xn−µ)2

2σ2 . (5.1)

Hence, participants scored higher when they flew in compliance with the
required heading µ. The standard deviation σ was set at 20 degrees.

Alongside maintaining a correct heading, there was a higher priority part of
the flying task, that was to avoid the restricted zones. Thus, for each 50 ms in
the restricted zone, a penalty of 0.5 was applied to the heading score. Note
that the score of the flying sub-task was a continuous score computed from the
ending of an ATC command call until the next ATC call. At each new ATC
call, the score related to the previous ATC command was published in the LSL
stream. The scores related to all ATC calls in a given task load condition were
then averaged, giving one score value per load condition. Because of the fixed
publishing time of ATC command, response time was not computed.

5.1.4.2. Subjective Feedback

The subjective feedback measure was based on the results of the Instantaneous
Self-assessment (ISA) [Tattersall and Foord, 1996] questionnaire launched at
the end of each mission (i.e. experimental block). The obtained score ranged
from 0 - Under Utilized - to 100 - Excessive. The ISA scores were averaged per
task load condition.

5.1.4.3. Physiological Data Processing

The figure 5.3 illustrates the offline physiological data processing flow. On
the very first step, participant’s data were separated for each load or rest
condition. As seen earlier, there were two low mental workload and two high
task load conditions of 8 min each; and 5 resting conditions of 1 min each.
Therefore, 9 blocks of conditions for each participant were created. Then, each
block was processed one by one to create 6-second epochs. An important thing
to note is, EEG and ECG were coming from same stream (Biosemi stream),
but the ET data was coming from a different stream. Therefore, by using
timestamps from the Biosemi stream, which was of highest frequency (2048
Hz), timestamps for the beginning and the ending of the 6-second epoch were
selected as reference timestamp. These selected timestamps were then used to
get closest timestamps from the ET stream. Each epoch was then fed to their
respective sub-pipelined for further processing, as detailed below:
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Figure 5.3: Pre-processing, feature extraction, and classification pipeline.

• EEG epochs were processed using python’s MNE library ii. Each 6-
second epoch was first passed through a band-pass finite impulse response
filter for filtering out frequencies below 1 Hz and above 40 Hz, and then
downsampled to 512 Hz. Ocular artifacts were automatically removed
(using MNE’s ica.find_bads_eog and ica.apply functions) based on an
Independent Component Analysis (ICA, fastica algorithm) using EOG
channels as reference signals. Then, an average re-referencing was applied
to the cleaned data. Cleaned epochs were then used to extract PSD
features using the multitaper method. The extracted features are the
absolute power in the following bands: θ-band (4-8 Hz), α-band (8-12
Hz), β-band (12-30 Hz) and γ-band (30-45 Hz).

• ECG 6-second epochs were passed through a high-pass filter (above 1
Hz), then peak detection was performed and R-R intervals were extracted.
The Aura-healthcareiii Python package was used to remove RR-interval
outliers using the Malik rule [Kamath and Fallen, 1995], and then finally
heart-rate (HR) and heart-rate variability (HRV) temporal features were
extracted using the same package. In particular, HRV is approximated
using the Standard Deviation of the Normal-to-Normal (SDNN) RR-
intervals. These HR and HRV temporal features were normalized with
respect to the previous resting period by subtracting each feature with
the average value of this feature in the resting condition.

• ET 6-second epochs were first processed to extract fixations and blinks.
Using Tobii glasses, the data was sampled at 100 Hz and the samples
that were missing from continious data stream were inferred as blinks.
Fixations are generally considered as the windows between two consecu-
tive saccades (i.e. rapid eye movements between 2 points) [Nyström and
Holmqvist, 2010]; here these fixations were extracted using the pygaze
python library [Dalmaijer et al., 2014].

iiMNE version 0.22.1, see documentation at https://mne.tools/stable/index.html
iiisee https://github.com/Aura-healthcare/hrv-analysis

https://mne.tools/stable/index.html
https://github.com/Aura-healthcare/hrv-analysis
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5.1.5. Classification

A feature selection approach based on the statistical analyses was used to focus
on the most promising features for performing the classification step. Hence,
only features for which there was a significant effect of the load condition
were kept for the classification stage (see section 5.2.3). Each feature vector
(sample) considered for classification was extracted from non-overlapping 6-
second epochs. To evaluate the impact of features grouped by the sensor
used to acquire them, 7 combinations of features were considered: EEG-only
features, ECG-only features, ET-only features, EEG and ECG features, EEG
and ET features, ECG and ET features, and finally EEG, ECG and ET features.
Moreover, due to technical issues during the acquisition for two participants,
the EEG and ECG data of only fourteen participants were kept for the analysis,
and thirteen for the ET data.

Well-known classifiers that can be applied on small datasets were used: k-
Nearest Neighbors (kNN), Decision Trees (DT), AdaBoost (AB), Gaussian
Naive Bayes (GNB), Linear Discriminant Analyses (LDA), Quadratic Dis-
criminant Analysis (QDA), and Support Vector Machine (SVM). Hence, we
chose not to employ highly data demanding classification algorithms like deep
learning,but also did not use Riemannian methods that -to our knowledge- are
seldom used with recording methods other than EEG. Indeed the main focus
here was to perform a multi-modal estimation. The training-test designs and
cross-validation methodologies - traditional vs. ecological- that were compared
are explained in detail in the following.

5.1.5.1. Traditional classification design.

In this setting, the data was classified in a traditional manner, that is to say
with all the data is pooled together, shuffled and splited into training data and
testing data sets.

Intra-subject: For intra-subject classification in the traditional design, 70
percent of samples were selected from each participant’s data and used for
parameters optimization using a grid search method with 5 cross-validations.
Then, the best parameters were selected and used with all the data in a 10-fold
cross-validation method.

Inter-subject: For inter-subject classification in the traditional design, a leave-
n-out cross-validation was used, with n=2. Hence, 2 participants were selected
each time for testing, and the remaining 11 participants were used for training.
Therefore, every time the grid search method was used on selected training data



90 5. Mental State Estimation

of 11 participants for parameter optimization with 5 cross-validation. These
selected parameters were used to train the model with training data and tested
on the 2 selected participants for testing separately.

5.1.5.2. Ecological classification design.

To take into account the non-stationarity effects of EEG signals linked to time,
a more ecological and realistic form of classification evaluation was designed by
separating training and testing data with respect to time, as explained in the
following.

Intra-subject: For intra-subject classification in the ecological design, the
initial two blocks of mental workload data (one of Low and one of High) were
used for training and the remaining two conditions blocks were used for testing
the classifiers’ accuracy. To ensure a total separation of training and testing
sets, a custom made cross-validation was designed to meet the needs of this
ecological design. In this validation methodology, each task load condition (Low
and High) from the training and testing sets were divided into 3 smaller sub-sets.
Then using these sub-sets three groups were created. Please refer to figure 5.4
illustrating the sub-sets and groups creation for this cross-validation method.
For instance, the group G1 contained sub-set S1 and S2, group G2 contained
sub-set S2 and S3, and group G3 contained sub-set S3 and S1, for each load
condition from both training and testing sets. Then two groups were pseudo-
randomly selected from the training set and used for parameters optimization
(grid search) with 5 cross-validations and following it, the classifier was trained.
Then the test phase was performed with all 9 possible combinations of test
groups (i.e. taking 1 from Low and 1 from High load conditions it is possible
to create 9 combinations). This training and testing procedure was repeated
with all the 9 combinations of training set, which eventually gave 81 validation
scores for each classifier.

Inter-subject: For inter-subject classification in ecological design, a particular
leave-n-out cross validation was used, with n = 2. In this procedure, each time
only the last 2 blocks of mental workload data (one Low and one High) of 2
participants were selected for testing. The remaining 11 participants along with
the initial 2 blocks of mental workload data of 2 testing participants were used
for training. Therefore, the combination of training data is used for parameters
optimization (grid search) with 5 cross-validations, and following the classifier
was trained, and finally tested with the 2 selected participants separately.
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Figure 5.4: Allocation process of each participant’s data in the ecological classifica-
tion validation design for creating testing and training sets. Data from each condition
(High:H, Low:L) are divided into three subsets (S1, S2 & S3). These subsets are used
to create three groups (G1, G2 & G3; e.g. G1=S1+S2).

5.1.6. Statistical Analysis

Statistical analyses were performed on the subjective, behavioral, physiological
and classification data using the Statistica software, in order to assess the
impact of the experimental conditions and used features and techniques. Paired
t-tests and Wilcoxon tests were used for subjective and behavioral data analysis,
and for ECG features depending on the respect or not of the data distribution
normality assumption.

Regarding the EEG data analysis, in order to decrease the dimension of the
dataset, 20 electrodes that had a highest magnitude difference between high
and low task load conditions were kept: Fp1, AF3, F7, F3, FC5, T7, CP5,
P7, PO3, O1, Oz, O2, PO4, P8, T8, FC6, F4, F8, AF4, and Fp2. A repeated
measure n-way ANOVA was applied on the EEG power features (i.e. 2 load
conditions × 20 electrodes × 4 frequency bands - θ-band, α-band, β-band, and
γ-band). The sphericity assumption was checked and a Greenhouse-Geiser
correction was applied when violated. Tukey post-hoc tests were performed for
each statistically significant main effect and interaction effect.

Concerning the ET features, two different analyses were performed. A first
one was performed on features that are assusmed to be unrealted from each
other, i.e. blink latency, the number of fixations, the fixation duration, and
pupil dilation. For these, paired t-tests or Wilcoxon tests were used based on
the normality of the data. The other features that have within relation, such
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as the number of fixations on each AOI and the total fixation duration on each
AOI were analysed with a repeated n-way ANOVA. The main objective of this
analysis is to identify if there exists any statistical difference between those ET
features given the two task load conditions, and AOI (e.g. 2 load conditions
× 5 areas of interest). Note that there are 7 AOIs in total along with one ‘no
screen’ AOI. However, two AOIs were not used because they contained almost
no fixations.

Lastly, an ANOVA was performed on the classification results to assess the
impact of the type of validation pipeline -either traditional or ecological- on the
classification accuracy reached using the various features and classifiers for both
the intra-participant and the inter-participant estimations (i.e. 2 validation
pipelines × 7 classifiers × 7 feature combinations). Tukey post-hoc tests were
performed for each statistically significant main effect and interaction effect.
Additionally, the classification results were compared with the chance level
adjusted with respect to the amount of data [Müller-Putz et al., 2008a].

5.2. Results

5.2.1. Subjective and Behavioral Data

The analysis of the subjective and behavioural data showed that performance
decreased, reaction times increased, and the reported workload increased with
an increase in mental workload (i.e. task difficulty; see figure 5.5). Indeed,
the reported workload acquired through the ISA questionnaire significantly
increased with load (t = 3.26, p < 0.05). Moreover, the pilot flying and ATC
commands related scores significantly decreased with load (t = −4.77, p < 0.001
and t = −3.79, p < 0.01, respectively).

5.2.2. Physiological Data

5.2.2.1. Electrocardiogram (ECG)

A paired t−test for Heart Rate data and a paired Wilcoxon test for Heart Rate
Variability were performed with respect to the two conditions (low and high
mental workload, see figure 5.6 A and B). There was a significant effect of load
on both metrics with a significant increase in HR (t = 27, p < 0.001) and a
significant decrease in HRV (W = 0.28, p < 0.05) when load increased.
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Figure 5.5: Illustration of the statistical results for the subjective and behavioural
metrics for 14 participants using Paired t-test. ***: p < 0.001, **: p < 0.01, and *:
p < 0.05. Note: pop-up response time is multiplied by 10 for visualization purposes.

(a) Impact of load on the normalized heart
rate (HR) temporal feature (p < 0.001).

(b) Impact of load on the normalized heart
rate variability (HRV) (p < 0.05).

Figure 5.6: Impact of load on the ECG temporal features. Specifically, HRV is the
Standard Deviation of the Normal-to-Normal (SDNN) RR-interval.

5.2.2.2. Eye-Tracking (ET)

The impact of the load condition on the eye-tracking features extracted using the
processing pipeline (blink latency, number of fixations, fixation duration, and
pupil dilation) was statistically assessed using paired t-tests. Aside from blink
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latency, all the other features were significantly impacted by load. Hence, with
an increase in load, the number of fixations significantly increased (t = 3.15, p <
0.01), the average fixation duration significantly decreased (t = 2.79, p < 0.05),
and pupil dilation significantly increased (t = 3.83, p < 0.01).
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Figure 5.7: Impact of the mental wokload condition on the total duration of fixations
per AOI (**p < 0.01, *** p < 0.001).

The impact of load on the number of fixations and the total fixation duration
features for each AOI was also statistically assessed using an n-way ANOVA.
There was a significant main effect of load (F (1, 12) = 5.39, p < 0.05), and
of AOIs (F (4, 48) = 15.13, p < 0.001), as well as a significant interaction
effect (F (4, 48) = 12.08, p < 0.001) on the total fixation duration (Figure 5.7).
Hence, in the high load condition participants spent more time fixating AOI 2
(middle screen of the plane flying simulator) and AOI 4.1 (U-track sub-part
for analysing the movement of plane to avoid red zones) than in the low load
condition (p < 0.01).

Regarding the number of fixations, there was also a significant main effect of
load (F (1, 12) = 9.97, p < 0.01), of AOI (F (4, 48) = 11.87, p < 0.001) and a
significant interaction effect (F (4, 48) = 6.79, p < 0.001). Hence, participants
made more fixations on the AOI 4.1 in the high task load condition than
in the low workload one (meanlow = 2.28; stdlow = 1.70; meanhigh = 2.72;
stdhigh = 1.63; p < 0.01).
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5.2.2.3. Electroencephalography (EEG)

Mental workload had a significant impact on the EEG features (i.e. the power
in the 4 frequency bands of interest), with all ANOVA factors and interactions
being significant. In particular, there was a significant main effect of load
(F (1, 13) = 16.31, p < 0.01) with a general increase in power with an increase
in workload. However this effect was modulated by interactions with electrode
site (F (19, 247) = 1.98, p < 0.001), band (F (3, 39) = 16.17, p < 0.001) and
electrode site and band (F (57, 741) = 2.45, p < 0.001). Indeed, only the power
of the β-band and γ-band did significantly increase with an increase in load
at the following 10 electrode sites: Fp2, FC5, FC6, T7, T8, CP5, P8, O1,
Oz, and O2 (p < 0.01), that is to say mostly at fronto-central, temporal ad
occipital sites (Figure 5.8 for illustration). The decrease in α-band power with
an increase in load observed at parietal sites did not reach significance.

Figure 5.8: Topographic maps of the average power across subjects in the θ-band,
α-band, β-band and γ-band for the high and low task load conditions, and their
difference (’H’: high workload; ’L’: low workload; ’H-L’: difference between high and
low workload).

Moreover, the Engagement Index (EI) significantly increased with an increase
in workload (F (1, 13) = 9.65, p < 0.01), with a significant interaction between
load and electrodes (F (19, 247) = 3.37, p < 0.01). Hence, the EI significantly
increased with load at the FC5, FC6, T7, T8, CP5 and P8 electrode sites
(p < 0.05).

5.2.3. Classification Results

Regarding mental workload estimation results, the classification accuracy was
obtained for four different validation methods: the traditional intra-subject
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classification design (see figure 5.9), the ecological intra-subject classification
design (see figure 5.10), the traditional inter-subject classification design (see
figure 5.11), and the ecological inter-subject classification design (see figure
5.12). The results are detailed in these figures which also include an adjusted
chance level that takes into account the number of trials per class [Müller-Putz
et al., 2008b]. A detailed comparison for all features, classifiers, and validation
design combinations is also given in Table 5.1. From these results and from
the n-way repeated measures ANOVAs performed to assess the impact of the
validation method, the features used for classification and the classifier, the
following can be said:
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Figure 5.9: Intra-subject mental workload estimation results per features and
classifiers with the traditional validation design (average across participants). The
dots represent the average score of each feature combination and the vertical line
represents the associated standard deviation. The dashed horizontal red line represents
the adjusted chance level while the blue one represents the highest classification
accuracy.

• Intra-subject classification: the highest accuracy was achieved with
the traditional validation design with 74.8% (Figure 5.9) as compared
to 59.6% with the ecological validation design (Figure 5.10). With the
traditional validation design all features and classifiers gave estimation
results above the adjusted chance level, except using ET-only features for
all classifiers, and EEG and ET as well as ECG and ET with the KNN
classifier. With the ecological validation design, only a few features and
classifiers gave results above the adjusted chance level, i.e. ECG-only
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Figure 5.10: Intra-subject mental workload estimation results per features and
classifiers with the ecological validation design (average across participants). The dots
represent the average score of each feature combination and the vertical line represents
the associated standard deviation. The dashed horizontal red line represents the
adjusted chance level while the blue one represents the highest classification accuracy.

features for all classifiers except DT. There was a significant drop in clas-
sification accuracy from the traditional validation design to the ecological
one (F (1, 12) = 100.92, p < 0.001). Also, there were significant main
effects of the features used (F (6, 72) = 9.91, p < 0.001), the classifier used
(F (6, 72) = 11.18, p < 0.001), as well as significant interactions between
the validation method and the features (F (6, 72) = 4.95, p < 0.001), the
validation method and the classifier (F (6, 72) = 11.85, p < 0.001), the
features and the classifier (F (36, 432) = 5.74, p < 0.001), as well as the
double interaction between the validation method, the features and the
classifier (F (36, 432) = 3.62, p < 0.001). Indeed, whatever the classifier
and the validation design the ECG-only features gave significantly higher
estimation accuracy, and ET-only the worst (p < 0.05). However the EEG
and ECG feature sets also allowed to reach high classification accuracy
with the traditional design with AB, LDA and SVM (p < 0.05), and all
three feature types combined with the LDA (p < 0.05). Indeed, regarding
the classifiers, best performance was reached with the traditional valida-
tion design using the AB, LDA and SVM ones, LDA and SVM reaching
maximum performance (p < 0.05); no difference between classifiers was
significant with the ecological validation design.
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Figure 5.11: Inter-subject mental workload estimation results per features and
classifiers with the traditional validation design (average across participants). The
dots represent the average score of each feature combination and the vertical line
represents the associated standard deviation. The dashed horizontal red line represents
the adjusted chance level while the blue one represents the highest classification
accuracy.

• Inter-subject classification: the highest accuracy was achieved with
the ecological validation design with 59.8% (Figure 5.12) as compared
to 57.4% with the traditional design (Figure 5.11). Interestingly, 59.8%
of accuracy is also higher than the intra-subject classification accuracy
achieved in ecological settings. There was no significant impact of the
validation method, nor the features used. There was only a main ef-
fect of the classifier used (F (6, 72) = 2.73, p < 0.05), with LDA giving
significantly higher accuracy than DT (p < 0.01). Although there was
no significant effect of the features used, with the traditional validation
design the best performance was reached using ECG-only features which
was the only feature set giving results above the adjusted chance level.
Moreover, with the ecological validation design ECG features were also
giving the best estimation performance with accuracy above chance level
reached only with this feature set for LDA, QDA and SVM, with the
exception of EEG and ECG, and all three feature types with the LDA
that also gave results above the adjusted chance level.
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Figure 5.12: Inter-subject mental workload estimation results per features and
classifiers with the ecological validation design (average across participants). The dots
represent the average score of each feature combination and the vertical line represents
the associated standard deviation. The dashed horizontal red line represents the
adjusted chance level while the blue one represents the highest classification accuracy.

5.3. Discussion

The main objectives of this chapter were: i) to characterize and estimate mental
workload in a MUM-T setting with a search and rescue mission scenario; ii)
to assess the impact of the validation procedure on classification accuracy by
comparing the results obtained for the traditional and the ecological meth-
ods. To achieve these objectives, an important amount of developments and
research, ranging from different kinds of interactions between humans and
UAVs, different types of workload experienced by human agents, and about
how to alter mental workload without loosing realism of a MUM-T mission has
been conducted to create a setup that resembles all the working principles of a
MUM-T operation.

The subjective and behavioural results have enabled us to confirm the ability of
the implemented missions to elicit two levels of mental workload. Indeed, in the
high load condition participants’ performance significantly decreased and they
reported a higher load than in the low load condition, which is in accordance
with the literature [Taylor et al., 2005; Gateau et al., 2015, 2018; Bruggen,
2015]. It appeared after hand that some participants translated the English
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Table 5.1: Comparison of different features and classifiers for traditional and ecolog-
ical validation designs (mean accuracy and standard deviation). Bold: Best accuracy
per feature type and validation method.

EEG ECG ET EEG EEG ECG EEG,
& ECG & ET & ET ECG & ET

T
ra

d
it

io
n

al

In
tr

a

KNN 66.0 ±13.6 70.2 ±11.4 53.5 ±10.4 67.8 ±12.0 54.4 ±10.0 53.2 ±11.0 65.7 ±13.4
DT 62.1 ±13.5 70.4 ±12.2 51.6 ±10.7 71.4 ±12.7 61.9 ±12.8 68.6 ±13.1 61.6 ±13.9
AB 64.9 ±12.6 70.3 ±12.4 52.3 ±11.2 74.1 ±11.9 65.7 ±12.3 69.1 ±12.7 65.1 ±12.8
GNB 62.6 ±14.0 69.0 ±10.9 54.3 ±13.3 65.9 ±13.2 62.5 ±13.6 63.6 ±13.2 62.6 ±14.0
LDA 67.9 ±13.4 68.9 ±10.4 55.8 ±12.0 74.8 ±11.8 67.0 ±13.2 68.9 ±11.4 74.6 ±10.6
QDA 62.4 ±12.0 69.9 ±10.8 55.2 ±10.7 63.8 ±11.1 59.3 ±11.1 59.4 ±14.7 62.4 ±12.1
SVM 68.2 ±12.5 73.7 ±11.4 56.6 ±10.8 74.1 ±10.9 66.0 ±11.8 69.2 ±10.6 71.2 ±10.8

In
te

r

KNN 51.4 ±3.2 50.9 ±6.1 52.6 ±3.1 51.7 ±4.5 52.6 ±3.7 52.5 ±4.9 52.3 ±3.8
DT 50.5 ±4.9 51.3 ±7.7 51.2 ±3.3 51.3 ±6.7 51.3 ±4.7 52.1 ±7.8 51.6 ±6.2
AB 52.4 ±5.5 54.0 ±10.7 52.7 ±3.2 52.2 ±9.6 52.9 ±5.2 53.4 ±10.2 52.9 ±9.1
GNB 52.9 ±4.7 53.2 ±11.2 53.7 ±2.3 52.6 ±4.2 53.5 ±3.5 54.3 ±4.1 53.5 ±3.3
LDA 54.2 ±5.3 57.3 ±11.9 54.4 ±3.8 54.4 ±5.8 55.3 ±5.3 56.0 ±10.1 55.1 ±5.8
QDA 53.1 ±5.2 55.6 ±12.1 53.9 ±2.8 53.0 ±4.8 53.2 ±4.2 53.9 ±5.9 52.6 ±3.7
SVM 52.1 ±5.2 55.1 ±12.5 53.9 ±3.3 50.8 ±5.4 54.5 ±5.5 54.8 ±9.2 53.1 ±5.8

E
co

lo
gi

ca
l

In
tr

a

KNN 54.9 ±9.2 56.9 ±12.1 49.4 ±6.1 54.9 ±8.5 49.6 ±6.1 49.3 ±6.2 49.6 ±6.1
DT 50.9 ±8.1 55.9 ±10.7 50.1 ±5.9 52.7 ±8.6 51.5 ±8.9 54.0 ±8.5 52.8 ±8.6
AB 52.7 ±9.1 56.8 ±11.9 49.7 ±5.5 52.7 ±8.7 52.3 ±9.2 55.3 ±9.8 53.2 ±7.8
GNB 52.8 ±8.1 59.7 ±12.6 51.0 ±5.4 53.3 ±9.2 52.0 ±8.6 54.5 ±6.5 52.4 ±8.3
LDA 51.1 ±8.3 56.9 ±16.4 51.9 ±8.9 53.3 ±10.9 52.3 ±10.4 54.2 ±12.9 52.5 ±10.5
QDA 53.1 ±7.6 57.8 ±12.8 49.7 ±5.5 53.0 ±8.9 50.4 ±6.0 52.4 ±7.2 49.8 ±5.7
SVM 52.4 ±10.3 59.4 ±12.3 49.9 ±5.9 54.2 ±9.3 52.0 ±9.5 55.8 ±10.0 53.7 ±8.8

In
te

r

KNN 54.4 ±7.3 52.1 ±9.0 52.7 ±4.3 55.2 ±6.6 55.2 ±7.7 51.5 ±6.1 55.0 ±5.7
DT 50.8 ±7.6 52.3 ±12.7 50.5 ±4.6 52.0 ±7.9 50.7 ±7.5 53.7 ±8.7 53.1 ±7.7
AB 52.3 ±6.1 55.9 ±18.3 52.2 ±4.3 53.8 ±9.7 52.8 ±6.5 54.4 ±15.4 53.7 ±10.3
GNB 52.3 ±4.2 54.3 ±16.0 51.9 ±4.1 51.4 ±3.7 53.6 ±4.8 53.8 ±4.1 52.8 ±4.5
LDA 52.6 ±5.5 59.8 ±18.6 53.0 ±4.5 55.3 ±9.1 54.3 ±6.1 56.5 ±12.9 56.1 ±8.7
QDA 52.5 ±4.4 58.3 ±17.6 53.3 ±5.4 52.8 ±4.5 53.4 ±4.9 52.9 ±7.0 53.3 ±5.3
SVM 52.6 ±5.9 57.2 ±18.8 52.1 ±5.1 54.5 ±7.6 53.8 ±6.4 53.5 ±10.7 55.6 ±8.7

ATC commands into their native language for memorization, an additional
processing step that has most certainly affected their performance. However
participants’ strategies were unfortunately not systematically recorded and
could not be analyzed. It might also have been particularly interesting to
evaluate their adherence to the given priorities. Indeed, immediately after
ATC commands, participants could make their priorities wrong. Here the
participants had to choose between shifting to the new heading first or first
putting the radio values for UAVs. In this case the longer they delayed the
heading, the worst the score would be. For the next step - implementing real
time mental state estimation and system adaptation - the design of a composite
score with weights applied on the performance scores corresponding to the
priorities will be required by the planning algorithm.
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Interestingly, in addition to the subjective and behavioral results, the physiolog-
ical measurements were also in accordance with the literature with a significant
increase in heart rate and decrease in heart rate variability [Heard et al., 2018],
as well as a significant increase in power in the EEG β and γ bands and an
increase of the engagement ratio with an increase in mental workload. These
power modulations are in accordance with the literature and have been linked
to modifications in the alertness level, integration of sensory inputs and working
memory load [Pope et al., 1995; Borghini et al., 2014; Kumar and Bhuvaneswari,
2012]. Moreover, as expected from the literature [Roy et al., 2016c; Borghini
et al., 2014], there was a decrease in alpha power at parietal sites, however
this effect did not reach significance. Concerning the results obtained for
ET features, pupil dilation increased with an increase in mental workload as
expected [Heard et al., 2018]. Moreover, fixation duration decreased with an
increase in mental workload which reflects the more demanding the scenario
was on attentional resources, the more they had to allocate these resources to
several tasks.

A thorough benchmarking of several feature combinations and classifiers was
performed in order to determine an efficient mental workload estimation pipeline
for this MUM-T scenario. Moreover, in order to assess the impact of the valida-
tion procedure, due to time-related non-stationarity effects on the physiological
signals, different classification designs were studied and implemented. In par-
ticular, an ecological design was proposed to better reflect a real world process
by training the estimation pipeline on data acquired beforehand (either from
previous subjects or data from the beginning of the session) and testing the
pipeline on new data (either from a new subject or from data of the end of
the session). This validation design was compared to a traditional one. As
was hypothesized based on the literature [Roy et al., 2013a, 2016c], mental
workload estimation dropped significantly when using the ecological design, for
the intra-subject classification. Note that this is also the case when systems are
trained in a controlled setup and then evaluated in a real world setup. However,
this accuracy performance decrease should not be seen as a limitation. Rather
it should be taken as an opportunity to work on further developments in order
to exploit new promising methods for such operational scenarios. For instance,
transfer learning, automatic feature selection, deep learning, and ensemble
learning could be good options to look forward. Fahimi et al. proposed and
evaluated a transfer learning technique based on Deep Neural Networks, in
which a classifier is trained with a leave-one-out procedure and then further
retrained using a small sample set of test subject’s data [Fahimi et al., 2019].
However, they did not consider the signal’s non-stationarity, which could bring
different results in a more realistic scenario. Whereas in this study a basic
form of transfer learning was implemented with the inter-subject ecological
classification design which took into consideration the non-stationarity effect
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of EEG.

In light of these results, it appears that HR and HRV features from ECG, pupil
dilation feature from ET, and beta, gamma, and engagement index features
from EEG could possibly be exploited in a MUM-T scenario in order to estimate
human mental workload through classification means. In addition regarding
the EEG features, specific frontal, temporal and parieto-occipital sites have
been identified that could lead to better mental workload estimation results,
i.e. Fp2, FC5, FC6, T7, T8, CP5, P8, O1, Oz, and O2. More specifically,
regarding the features that are most useful for mental workload assessment
in our scenarios, it stood out that ECG features provided the best results
compared to EEG and ET ones. One of the reasons could be the number of
features, only 2 ECG features were used for classification, compared to 60
for EEG and 16 for ET. Therefore, automatic feature selection as proposed
by Climente-González et al. [2019], could also be another promising research
venue to look into while designing a better estimation pipeline for real world
mental workload monitoring applications. Finally, concerning EEG features,
one could also look into more robust features to avoid non-stationarity effects,
such as ERPs as proposed by Roy et al. [2016c]. Besides feature combinations,
several classifiers were bench-marked in this study. The ones that gave the
best results were the Adaboost, the Linear Discriminant Analysis and the
Support Vector Machine. Although classifiers based on Riemannian geometry
are known to give outstanding results for cognitive state estimation based on
EEG data [Appriou et al., 2020b], we could not use them for features others
than EEG, and therefore they were not included in our benchmark. However
they should be investigated in combination with others for peripheral signals
in order to improve the mental workload estimation. Also, in the future, signal
conditioning methods should be considered and bench-marked, such as spatial
filtering methods [Roy et al., 2015c].

5.3.1. Limitations

Some of the limitations of this work that should be considered for future studies
could concern a more accurate chance level adjustment by considering the
number of features in addition to the number of trials per class [Combrisson
and Jerbi, 2015]. Another limitation to be addressed would be the need to
evaluate the benefit of transfer learning methods to overcome the time-related
non-stationarity issue. Moreover, these results need to be further validated by
increasing the number of participants in order to increase the amount of data
and robustness of the results, but also by either eliminating artifact sources
other than ocular ones, which might have affected the gamma range, or by
only focusing on lower frequency bands, as well as by evaluating the benefit
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of performing an individualized frequency band computation. Moreover, a
necessary step in future works consists in working on the implementation of
additional methods such as Riemmanian methods that could be employed
to fuse all physiological recordings [Jiang et al., 2019], as well as thoroughly
evaluating the potential use of data demanding algorithms such as the ones
based on deep learning [Chakladar et al., 2020; Schirrmeister et al., 2017].

5.3.2. Further Improvements

In regards with the limitations discussed earlier a research was performed
while targeting non-stationarity effect of the EEG by Sous-Lieutenant Laura
TILLY undertaking preliminary and exploratory research during her
three-month internship under our supervision with the goal of examining strate-
gies for improving the classification accuracy of mental workload estimation
based on EEG data. Therefore, three hypotheses were made and independently
tested: 1. Regarding the use of temporal features, an adapted preprocessing
could make it possible to extract ERP features usable for classification [Roy
et al., 2016c]. 2. Regarding the use of frequency characteristics, the addition of
a spatial filtering step for the extraction of features can increase classification
performance [Roy et al., 2014]. 3. Lastly, regarding the use of frequency
features, an adaptive classifier could be beneficial in increase classification
performance [Sun and Zhou, 2014].

This work is presented in Appendix C. In this additional work, the classification
results produced through the ERP processing methodology did not outperform
those obtained previously. This can be explained by a variety of factors,
including the conditions under which the data was acquired or the amount
of data used to train the classifier. Also, a potential time lag or network lag
might have occurred between the occurrence of an event and its registration,
and therefore rendered ERP extraction inaccurate. Indeed, there were lot of
different modules working together over a local area network.

With the integration of CSP filtering for spatial feature processing, the results
indicate that CSP filtering delivers superior classification performance when
four bands (θ-band, α-band, β-band, &γ-band) were used simultaneously for
the traditional inter-subject framework. Using of either six or four filters had
no effect on accuracy. The results obtained in the ecological inter-subject
framework show that the classification performance was improved, particularly
for the bands β-band, γ-band, and the four bands (θ-band, α-band, β-band,
&γ-band) combination, compared to when no CSP filtering was used. Lastly,
with an adaptive LDA classifier, performance exceeded the chance level of
55.6% for three participants when using the ecological intra-subject technique.
However, the average across all participants remained below the chance level.
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Despite the problems encountered, we can think of other methods allowing
the optimization of the EEG signal processing pipeline for estimating the
mental state of an operator. For ERPs, as an addition we can consider doing
spatial filtering to increase the classification performance [Roy et al., 2015b].
Concerning the frequency features and CSP filtering: there is an approach
called Filter Bank Common Spatial Pattern (FBCSP) [Arvaneh et al., 2015]
that optimizes spatial filters for each frequency band using the classical CSP
algorithm and extracts the best features using feature selection algorithms from
the numerous spatial filters obtained. Thus, this enables the selection of the
optimal spectral filters as well as the optimal frequency band. Additionally,
new features can be used: there are specific connection features described
in the form of a matrix that reveals the relationship between each pair of
electrodes. Indeed, methods such as the Short-term Directed Transfer Function
(SDTF) can offer information about the dynamic propagation of EEG activity,
allowing for the quantification of coupling between brain regions and the
recognition of task-dependent connectivity diagrams [Kaminski et al., 2019].
Another possibility for improving the processing chain would be to combine
various features; given that combining many types of features often increases
dimensionality, it would be required to pick a list of the most relevant features
[Dornhege et al., 2002]. Additionally, a method that has already proved its
worth in the BCI community is the combination of classifiers. The combination
of classifiers turned out to be among best performers for EEG-based BCIs, at
least in offline assessment [Lotte et al., 2018a].

5.4. Summary

• Characterization and estimation of the human agent’s mental workload
in a MUM-T setting with a search and rescue mission scenario.

• Impact of the validation procedure on classification accuracy assessed
by comparing the results obtained for the traditional and the ecological
validation methods.

• Several improvements of the EEG-based estimation were done by im-
plementing and testing solutions based on ERPs , CSP, and Adaptive
LDA.
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The different developments, analysis, and results presented in this chapter were
the subject of the following publications:

• The impact of behavioral & subjective data of preliminary experiments
were published as a poster in Understanding Human Behaviour in Complex
Systems, on the occasion of the Human Factors and Ergonomics Society
Europe Chapter Annual Meeting (HFES) [Singh et al., 2019a].

• The impact of the physiological data of preliminary experiments were
published as a poster in 1st International Conference on Cognitive Aircraft
Systems - ICCAS 2020 [Singh et al., 2020b].

• The experiment with 14 participants and its results were published as an
article in Frontiers in Human Neuroscience [Singh et al., 2021].





6
Adaptive Interaction

Policy Design
In this thesis, we are considering Mixed-initiative interaction as a hybrid of
the teamwork-centered and predictive approaches of adaptive autonomy, that
evaluates the capability and skills of each agent to assign or not a given mission
task. Hence, to incorporate adaptive automation into MUM-T interaction, a
sequential decision making system based on the Partially Observable Markov
Decision Process (POMDP) was built. The POMDP provides an elegant
probabilistic planning model including partial observability and performance
optimization, being an excellent candidate framework for controlling the MUM-
T adaptive interaction. The modelling step is explained in this chapter. The
solution policy is then compared to a random interaction policy in simulation.
The obtained results encourage the use of the POMDP policy solution to control
which task should be suggested -or not- to the operator, assuming that the UAVs
are capable of supporting the human operator.
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As seen in chapter 5, the classification methods used to estimate mental
workload based on physiological features have achieved relevant results, but they
are still lacking perfection. We recall that a higher intra-subject classification
accuracy (75% ; using a Linear Discriminant Analysis (LDA)) was reached
using combination of EEG and ECG features, or with EEG, ECG, and ET
ones when a classical training-test pipeline was used (i.e. training and testing
sets created by randomly picking data sample among the 4 missions). However,
when a more ecological (i.e. realistic) procedure was employed (i.e. mimicking
a calibration that could happen for each new user; training set at the beginning
of the session, testing set at the end), the classification accuracy generally
dropped to chance level. Indeed, when this realistic procedure is considered,
inter-subject classification results based only on ECG features gave the best
average accuracy results (59.8%; using LDA).

Based on these results, we chose to design the POMDP model using the confu-
sion matrix of the inter-subject classifier with ECG features as the observation
function. Moreover, human pilot behavioral data (i.e. human pilot performance
scores), expert knowledge and mission phases (i.e mission related-events, mental
workload levels) were also exploited to approximate the POMDP transition func-
tion for this Mixed-Initiative Human-Robot Interaction (MI-HRI) framework.
This modelling step is extensively explained in the following sections.

6.1. POMDP Model Design

6.1.1. States, Observations and Actions

The POMDP state is composed by the cross-product between a set of state
variables (S : MrS × Hp × HwL) : the mission-related state (MrS), the
performance of the human pilot (Hp), and the workload level of the human
pilot (HwL). For each state variable, the possible values are:

• MrS: {f, fpr, frar, fpr-rar}, symbolizing respectively an only piloting
situation, piloting and pop-up request arrival, piloting and UAV radio
channel setting request, and piloting along with pop-up and UAV radio
channel setting requests.

• Hp: {low-perf, high-perf }, expressing a low (or high) human pilot perfor-
mance at the current mission-related phase.

• HwL: {low-workload, high-workload}, denoting a low (or high) mental
workload level for the human pilot.
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The POMDP observation is composed by the cross-product between a set
of observation variables (Ω : oMrS × oHp × oHwL): the mission-related
observation (oMrS), the observation of the performance of the human pilot
(oHp), and the observation of the workload experienced by the human pilot
(oHwL). For each observation variable, the possible values are:

• oMrS: {of, ofpr, ofrar, ofpr-rar} symbolizing the observation of same
mission-related state values as for the MrS state variable. Respectively,
an only piloting situation, piloting and pop-up request arrival, piloting
and UAV radio channel setting request, and piloting along with pop-up
and UAV radio channel setting requests.

• oHp: {olow-perf, ohigh-perf }, expressing the observation of low (or high)
human performance.

• oHwL: {obs-low-workload, obs-high-workload}, denoting that low (or
high) mental workload that can be observed.

The set of actions considered as available to the MI-HRI POMDP agent are:

• A = {ns-pr, ns-rar, ns-pr-rar, dn}, the which are respectively related to:
not show a pop-up request to the pilot, not send a radio channel setting
request, not show pop-up and not send radio channel setting request, and
a do nothing action being equivalent to a keep monitoring action.

6.1.2. State Transition Function

The POMDP transition function is based on some conditional independence
assumptions and on expert knowledge. The transition function is defined as
follows:

T (s′, a, s) =p(MrS′, Hp′, HwL′|a,MrS,Hp,HwL)
=p(Hp′|Hp,HwL,MrS)p(HwL′|HwL)p(MrS′|a,MrS)

To approximate this state transition function, all the data collected in the
previous study were used (see chapter 5). However, before detailing the
learning method used to approach each state variable transition function, a
pre-processing step operated on the available dataset is hereafter detailed.

6.1.2.1. Dataset Preprocessing

First, data were separated following the low (resp. high) task load conditions of
the previous experiment. Then, for each mission and task load condition, epochs
consisting in 6-second time window, regrouping all available measurements,
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were obtained. Note, we will assume such a 6-second window as the decision
time step to be used by the POMDP model.

A performance score was attributed to each 6-second window (denoted wis,
where i represents the i-th window). This performance score was defined in
function of each sub-task priority and in function of the score achieved by the
participant in each sub-task given the task load condition - e.g. how well the
ATC heading command is followed while avoiding restricted zones, or if the
pilot had identified a person was present in images, or how well radio channel
was recalled in the numpad.

This performance score is formalized as a weighted score as follows:

wis = ω1fscore + ω2fpenalty + ω3popscore + ω4rascore + ω5cpenalty (6.1)

where:

• fscore is the score obtained in the flying sub-task, as:

fscore =
k∑

n=0

1
σ
√

2π
e

(xn−µ)2

2σ2 ,

with xn one of the aircraft heading observed every 500ms in this i-th
6-second time window (it means we dispose k = 12 samples within this
time window), µ the actual heading command for this i-th window, and
σ the standard deviation set to 20 degreesi;

• The fpenalty is a penalty defined as the total number of times the pilot
enters in a restricted zone during this i-th time window, such as:

fpenalty = β

m∑
n=0

Irestricted,

with Irestricted being the indicative function, multiplied by a coefficient
β = 0.5. Note, we have m = 120 because the plane position is measured
every 50ms;

• popscore is the score obtained for a right (or wrong) identification;

• rascore is the score for a right (or wrong) UAV radio channel recall;

• and finally cpenalty is the penalty associated to the task load condition
(high workload level being bigger).

iwhen xn was out of the range of µ± σ, the heading sample value xn was set to zero.
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We note that, each sub-task score was normalized between -1 and 1, and∑5
j=1 ωj = 1.

Once these scores were computed for each time window, a median score was
calculated for each mission-related state and task load condition combination.
These median scores were then used to separate the data between low-perf
and high-perf. This preprocessing step allowed us at disposing on equilibrated
low-perf vs. high-perf sets given mission-related state and task load condition.

Thus, based on these data, the state variables transition functions could be
approached as explained in the following section.

6.1.2.2. State Variables Transition Functions

The p(Hp′|Hp,HwL,MrS) probability mass function was approximated based
on those preprocessed 6-second time windows partitioned in function of the
workload level, mission-related state and human pilot performance. Specifically,
the frequency of change of the Hp state variable was calculated in function
of all the combinations between values of Hp,HwL,MrS state variables (e.g
previous state). Note, Hp it is assumed to be independent from the action,
because during the first experimental campaign all requests were triggered to
the human pilot as soon as they appeared.

For the human workload level state variable HwL, the transition function
p(HwL′|HwL) was defined based on a different a priori knowledge. It is
assumed that a low (resp. high) workload level remains at least for 5 minutes.
This assumption was done based on the experimental protocol defined in chapter
7 (section 7.1.3). So that, as a POMDP decision (i.e action) is assumed to be
triggered each 6s, there is a chance of 1/50 that the workload level will change,
and 49/50 that its remains the same. These probabilities are assumed to be
independent of the action.

The mission-related state variable MrS is assumed to be independent of the
others state variables (i.e. mission events do not depend on the workload level
or the performance). With that said, the p(MrS′|a,MrS) probability mass
function was then approximated by computing the frequency of appearance of
each event using all available data (i.e. all 6-second time windows). For example,
the probability that a pop-up request appears with respect to the mission-
related state was approximated by the frequency that this event appeared given
only the previous mission state. We highlight that this data-driven process
indicate the only transition function for the dn action (e.g. do nothing) such
as p(MrS′|a = dn,MrS). It is because in the first experimental campaign, as
already explained, all events where triggered to participants as soon as their
appeared.



112 6. Adaptive Interaction Policy Design

To design the transition function adapted to each action that does not show
or does not send a particular request, a specific normalization process was
introduced. The main idea of this process is that: it is less likely to reach a
mission-related state where the pop-up event is present if the action do not
show pop-up request is played.

More specifically, to define the transition function for the do not show pop-up re-
quest action (ns-pr), such as p(MrS′|a =ns-pr ,MrS), we used the p(MrS′|a =
nd,MrS) probability function as initial support, then, the probability of the
mission-related states where a pop-up event is present (fpr and fpr-ra) was set
to ϑ, as follows:

p̂(MrE′|a = ns-pr ,MrE) =
{
ϑ, if MrE′ = fpr or MrE′ = fpr-ra
p(MrE′|a = dn,MrE)− ϑns, otherwise

where, ϑ ∈ [0, 0.01] and ns is the number of mission-related states where the
considered event is presented (pop-up in this example). Then, the probability
function was normalized to sum-up to one:

p(MrS′|a = ns-pr ,MrS) = p̂(MrS′|a = ns-pr ,MrS)∑
MrS′ p̂(MrS′|a = ns-pr ,MrS) .

An equivalent process was applied for the other actions considering the others
missions-related events.

6.1.3. Observation Function

The observation function is defined as:

O(o, s) = p(oHwL|HwL)p(oMrS|MrS)p(oHp|Hp)

As presented in chapter 5, the first experimental campaign allowed us to define
a classifier that was able to estimate the workload level based on physiological
features. To be compliant with the fact that the POMDP MI-HRI policy would
be possibly used with participants that may differ from the participants of the
first experimental campaign, the inter-subject ecological pipeline was preferred.
Thus, the classifier that reached the best inter-subject accuracy based on ECG
temporal features - Heart-rate (HR) and Heart-rate variability (HRV) - was
used.

In detail the confusion matrix obtained for this classifier was used, as it, as
p(oHwL|HwL) observation function, as reported in Table 6.1.
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Table 6.1: Table reporting p(oHwL|HwL). The confusion matrix of the classifier is
used as is.

oHwL
obs-low-workload obs-high-workload

HwL low-workload 0.636 0.364
high-workload 0.342 0.658

For the functions p(oMrS|MrS) and p(oHp|Hp) we assume thatMrS and Hp
are fully observable state variables. In other words, the system knows which
events are present in a given decision time step, thus we have oMrS = MrS.
Additionally, the human performance score given the mission phase can be
easily (and deterministically) computed online, so we have oHp = Hp.

The Figure 6.1 summarizes all state variables and observations variables,
their relationship and independence assumptions, as well as, transition and
observation functions.
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Figure 6.1: Proposed POMDP model.

6.1.4. Reward Function

The reward function R(s, a) is defined by the average of the performance scores
obtained by Eq. 6.1 and represented in Figure 6.2, i.e the average performance
score among all 6-second belonging to a given state (MrS,Hp,HwL). Addi-
tionally and based on expert knowledge, we have decided to slightly modify



114 6. Adaptive Interaction Policy Design

Flying Flying & Popup Flying & Radio Flying, Popup, & Radio

0.8

0.6

0.4

0.2

0.0

0.2

0.4

0.6

Sc
or

es

Workload and Performance
Low workload & Low performance
Low workload & High performance
High workload & Low performance
High workload & High performance

Figure 6.2: Calculation of average rewards based on performance score achieved by
participants in 6-second time windows during the first experimental campaign.

this reward with an additional penalty in the specific case were the human-pilot
is confronting more than one sub-task, presenting a low performance and high
workload level.

The main idea here was to incite the POMDP policy to avoid as much as possible
such states. We also notice that, this performance is actually independent of
the action. But, it does not prevent the system to find a relevant policy - the
POMDP policy based on the current state estimation (i.e. the belief state) will
try to induce the MI-HRI system to states that favor gains.

Additionally, we have set R(s, a) = −1 to state-action pairs when a given action
is not applicable in a given state. This trick allows to model the fact that the
POMDP policy may avoid to launch the do not show the pop-up request (ns-pr)
action if such request is not effectively send by the UAVs, for instance.

6.2. Policy Generation & Simulation

6.2.1. Offline Policy Generation

After processing all the POMDP parameters states, actions, observations,
transition, observation, and reward functions using previous data, we have
created a python script to automatically generate POMDP file in a specific
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POMDP file format ii. This file also defines the discount factor γ = 0.95,
and the initial belief state. The initial belief state was defined as an uniform
distribution over the workload-level and performance state variable, given that
the initial mission phase is known.

This file was then provided to the SARSOPiii algorithm [Kurniawati et al.,
2008a]. We have set ε = 0.01 to generate an optimal policy. We recall that this
ε parameters defines the accepted width (e.g. error) between low and upper
bound on the value of the initial belief state (see Sec. 3.3). The SARSOP
algorithm took 2.22 seconds to generate an ε-optimal policy with 193 trials,
which have generated a belief tree composed by 328 belief nodes. The ε-optimal
value function obtained is parametrized by 793 α-vectors.

In the following section the POMDP policy simulation tool and the setup used
are described.

6.2.2. Offline Policy Simulation

Prior to merging the policy with the real system, we evaluated it using an
in-house simulator based on PyPOMDP libraryiv. This simulator is capable of
simulating the POMDP model dynamics and performing appropriate actions
based on the policy specified. With this simulator, it is also possible to perform
simulations using a random policy, i.e, a policy that samples actions following
a uniform distribution independently of the belief state.

The simulation setup aims to be compliant with the experiment timeline
planned for the second experimental campaign of this thesis (the which is
detailed in Chapter 7, where each experimental condition (e.g with or without
adaptation) will last for 20 minutes. Therefore, based on the 6-second time
window (e.g. the POMDP decision step), the POMDP policy is expected to
take 200 decisions. Thus, based on this, we performed 1000 simulations with
200 decision steps with the ε-optimal policy and with the random policy.

6.3. Simulation Results

The simulated policies were evaluated based on the average of total rewards.
Let V π∗sim be the average total rewards achieved by the ε-optimal policy during
simulation and σπ∗ be its standard deviation. Let V πrsim be the average total
rewards achieved by the random policy and σπr be its standard deviation.

iiPOMDP file format: https://pomdp.org/code/pomdp-file-spec.html
iiiSARSOP library: https://github.com/AdaCompNUS/sarsop
ivPOMDP library: https://github.com/namoshizun/PyPOMDP

https://pomdp.org/code/pomdp-file-spec.html
https://github.com/AdaCompNUS/sarsop
https://github.com/namoshizun/PyPOMDP
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The ε-optimal policy obtained V π
∗

sim = 8.68 with σπ
∗ = 8.96, whereas, the

random policy got V πrsim = −130.09 with σπr = 7.88. Additionally, the paired
t-test have shown significant difference between the achieved rewards of these
two policies (t = 358.73, p < 0.001).
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Figure 6.3: Sample of POMDP policy’s behavior taken from simulated output.
Representing 5 states (yellow blocks), their associated beliefs(gray circles) and ob-
servations (blue blocks), along with actions taken (red blocks) and reward received
(green blocks). Whereas, Lw - Low workload and Hw - High workload.

The policy was also studied in a meticulous way. Regarding the details in the
files produced by the simulator, it was feasible to estimate which action the
POMDP policy initiates based on the computed belief state probability. Figure
6.3 demonstrates few results of the analysis of a small portion of POMDP
policy’s simulation. It illustrates an observed behavior of policy with respect
to the simulated states encountered and related belief state. At state st, even
though the participant is estimated in high performing state, a slightly higher
belief of 0.53 on high workload state made the policy to chose not to show
the radio task. Where as in the next state st+1, for which the belief state is
much higher (0.67) on high workload and high performance state, even though,
policy chose to show popup task to the participant. Which is possibly due
to the fact that one can get more reward when answering the popup request,
additionally it contributes less to the workload following the model. Contrary
to this, in state st+3, where the task to assign, is again "popup", the policy
chose not to show the popup to the participant. This must be due to the fact
that the belief state of being in high workload state is much higher (0.86) than
previous belief states, along with that the participant is in a low performing
state. These results demonstrate that the policy analyses both the factors (i.e.
workload and performance) while taking an action in a given mission-related
state MrS.

The value achieved in simulation by the ε-optimal POMDP policy and the value
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achieved by the random policy support the hypothesis that having a POMDP
policy could benefit in maximizing the long-term expected rewards. Moreover,
it was useful to provided us a positive result to proceed with the closed-loop
experiments. The closed-loop experiment was designed to validate the entire
MI-HRI framework. The following chapter presents this second experimental
campaign and discusses its results.

6.4. Summary

• The POMDP model parameters were learned from available interaction
data from the first experimental campaign.

• The inter-subject ecological pipeline classification results were utilized
to be compliant with the fact that the model will be used for different
participants.

• The confusion matrix from this pipeline was used as is to define the
observation function related to the workload-level of the human operator
in the POMDP model.

• The POMDP model was solved using the SARSOP algorithm, and the
obtained policy was compared in simulation with a random policy.

• The simulation results validate our decisional model and enable us to
proceed with the closed-loop experiments that are meant to evaluate the
MI-HRI framework as a whole.
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MUM-T Adaptive

Interaction Experiment
To validate the MUM-T adaptive interaction control policy, this chapter makes
the hypothesis that adapting the interaction using a mixed-initiative approach
which exploits the human agent’s mental state estimate, will increase the
performance of the human operator while lowering her/his mental workload
as measured through subjective, behavioral and physiological metrics. To test
this hypothesis, we built our approach based on the POMDP model presented in
the previous chapter and designed a specific experimental protocol to evaluate
the proposed system with 13 participants. According to the adaptive systems
literature, the obtained results illustrated that, indeed a POMDP-based adaptive
interaction control can improve performance while reducing operator workload,
paving the way for a more efficient and enhanced MUM-T.
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7.1. Material and Methods

7.1.1. Online system Integration

After designing and separately validating all the required modules i.e. Mental
workload estimator (see chapter 5), and POMDP policy to control the adaptive
interaction (see chapter 6); the whole system (see chapter 4) was modified to
integrate the online processing requirements.

In this new setup we have utilized three systems: one for the Aerofly simulator,
a second one for the U-track application (see figure 4.2), and a third one to
run the background server of the U-track application, the eye-tracker software
developed by us (see section 4.3.2.2) and the LabRecorder application to record
data streams for storage and later analysis. Contrary to the first experimental
campaign, this time we utilized only 2 screens (Aerofly simulator and U-track
application). A picture showing a participant and the system environment can
be seen in figure 7.1.

Figure 7.1: A participant of the second experimental campaign performing the flying
task while interacting with the UAVs via the tactile tablet (U-track application).

The online (real-time) pipeline can be seen in figure 7.2, it contains the Adaptive
Interaction Coordinator (AIC). The AIC takes as input:

• the estimated mental workload (MW) given by the Workload estimator
module. More specifically, this module uses the classifier which obtained
the best accuracy results based on ECG features (e.g. HR and HRV) in
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the inter-subject ecological pipeline (see chapter 5). At each 6-second,
HR and HRV normalized features (with respect to a rest period) are used
by the classifier that outputs a label (high or low workload) which is used
as the oHwL observation.

• the estimated performance and mission state given by the Performance
Estimator module. In detail, the U-track application reports the mission
state (i.e. MrS=oMrS), as well as, all necessary measurements allowing
to compute a current performance score of the human pilot in an online
manner (see the performance score presented in chapter 6, equation 6.1).
This score is then mapped to the low-perf (resp. high-perf ) observation
variable (i.e. Hp=oHp).

• the optimal POMDP policy generated by SARSOP along with the
POMDP model useful for belief update purposes.

Based on the current belief state about the operator’s MW, performance and
mission state, the POMDP policy solution is consulted and then the action
given by the POMDP policy is used to control which task should be suggested
-or not- to the operator, assuming that the UAVs are capable of supporting the
human agent. Note that the belief state is updated every 6 seconds.
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Figure 7.2: Model integration for the real-time (online) mental state estimation and
adaptive interaction coordinator.
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Figure 7.3: Second experimental protocol timeline. C: consent form signature, T:
task training, E: ECG set up, R: resting state (ECG baseline), L: low workload block,
H: high workload block. Mission runs, with or without adaptive interaction policy
were counter-balanced between participants; workload blocks were counter-balanced
within mission runs with either the L-H-H-L or the H-L-L-H pattern.

7.1.2. Participants

Thirteen healthy volunteers participants performed the experiment (2 females,
11 males; 25.8 y.o. ± 3.5) for evaluating the MI-HRI adaptive control POMDP-
based policy proposed. All participants gave their written consent for data
collection storage and processing in an anonymous manner. The experiment
was approved and authorized by the local ethical committee (CER Toulouse,
id number: 2019− 137).

7.1.3. Experimental Protocol

The experimental protocol was designed to evaluate the POMDP-based inter-
action control policy with regards to human performance and mental workload
management when compared with a non adaptive interaction system. To this
end, all developments were integrated and played online: physiological features’
extraction and processing, human mental state monitoring, and adaptation of
the interaction. Two mission runs were counter-balanced between participants,
one where the POMDP-based adaptive policy was played, and one where no
adaptive action was taken (i.e. all pop-up and radio requests were triggered to
the participants as soon as they appeared during the mission).

The experimental protocol is presented in figure 7.3. In this protocol, partici-
pants where first invited to give their informed consent. Then, they performed
a training session in order to understand the tasks and the procedure, and get
comfortable with system. The participants were then equipped with the ECG
device. A mission block started after a resting state of 1 minute, which allowed
us to record the ECG baseline which is used to compute the normalized HR
and HRV features. During a mission run, the workload was manipulated per
blocks of 5 minutes. If we use L for low workload, and H for high workload, the



7.1. Material and Methods 123

Figure 7.4: Nasa Task Load Index [Hart and Staveland, 1988], with an Engagement
scale.

variation followed L-H-H-L or H-L-L-H patterns, and it was pseudo-randomized
between participants.

7.1.4. Data Acquisition, Analysis and Policy Execution

7.1.4.1. Subjective Feedback

At the end of each workload block, participants were asked to answer an
interactive version of the Instantaneous Self Assessment (ISA) of workload
[Tattersall and Foord, 1996] displayed in the application screen (see figure 5.2),
and at the end of each mission run the NASA-TLX [Hart and Staveland, 1988]
questionnaire was given to evaluate the quality of interaction in each condition.
The participants were also asked how engaged they had felt during the previous
mission run using a home-made scale and the question: "Engagement: How
engaged and focused were you?", which is shown along the NASA-TLX on the
screen (see figure 7.4)
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7.1.4.2. Behavioral Features

The scoring for human pilot performance used in this experiment was computed
following the weighted score defined in equation 6.1 as explained in section 6.1.
This score was then translated as a POMDP observation variable oHp (low-perf
or high-perf ) following the median scores values from the given database (see
section 6.1.2.1).

7.1.4.3. Physiological Features

Physiological data from the participants were acquired and recorded thanks to
Lab Streaming Layer (LSL) streamsi. Streams were created and published in
a local network, to perform an online processing of the features, and also to
record them with LabRecorderii, an LSL-based software.

The ECG acquisition device (Faros eMotion 360◦) can be configured to provide
ECG raw data and online RR intervals (based on R-peak detection), which
were broadcasted using a Bluetooth protocol. The Faros Streamer applicationiii

allows streaming these data through LSL. Additionally, a script based on
a library proposed by Aura Healthcareiv was used to compute online ECG
temporal features, such as Heart-rate (HR) and Heart-rate Variability (HRV),
from RR intervals. At each 6-second non-overlapping window, HR and HRV
features were computed and provided to the classifier for mental workload
estimation. The chosen classifier following the former work (see chapter 5) was
a Linear Discriminant Analysis (LDA) with shrinkage of the covariance matrix.
The feature vector was only comprised of two features: the normalized HR
and HRV. The output of this classifier is the value of the observation variable
oHwL used in the POMDP model.

The Eye-tracking data were acquired using Tobii glassesv that were connected
using the WiFi network provided by the glasses. The in house designed tracking
application, which is explained in section 4.3.2.2 was used to extract raw eye
tracking data, and process online (real-time) the presence of gaze in 4 Areas of
Interest (AOIs) (recalling AOI 2 is the Flying simulator screen and AOI4.1,
AOI4.2 and AOI 4.3 are regions of the U-track screen, cf. figures 4.1, 4.2 and
4.4.d), and also when the gaze was out of the screens. The process result
was then provided to LSL along with other features directly provided by the
Tobii glasses, such as pupil dilation, for later analysis. It should be noted that

ihttps://labstreaminglayer.readthedocs.io/index.html
iihttps://github.com/labstreaminglayer/App-LabRecorder

iiihttps://github.com/bwrc/faros-streamer-2
ivhttps://github.com/Aura-healthcare/hrv-analysis
vTobii glasses https://www.tobiipro.com/product-listing/tobii-pro-glasses-2

https://www.tobiipro.com/product-listing/tobii-pro-glasses-2


7.1. Material and Methods 125

we had to remove 2 participants from eye-tracking data analysis because of
inconsistency and therefore only 11 participants’ eye-tracking data were used
for analysis.

7.1.4.4. POMDP Policy Execution

The policy solution was obtained with the SARSOP algorithm (see section
6.2.1), which delivers a list of α-vectors representing the optimal value function
(see chapter 3.3). This policy was executed in parallel with other applications
using a dedicated script (run in the Adaptive Interaction Coordinator module
showed in figure 7.2).

More specifically, starting from the initial belief state, the action to be performed
is computed following:

V ∗(b) = max
α∈Γ

∑
s∈S

α(s)b(s)

a∗ ← a(α∗)|α∗ = arg max
α∈Γ

∑
s∈S

α(s)b(s) (7.1)

where a∗ is the action to be launched. Then, 6 seconds after the action
execution, the observation o = (oMsE, oHp, oHwL) is received and used to
update the belief state with the help of Bayes’ rule (equation 3.5). Note, it
works as an online monitoring of the human mental state. Then, based on the
current belief state, the POMDP action is chosen following equation 7.1 again,
and after 6 seconds a new observation is received, and so on.

7.1.5. Statistical Analyses

In order to assess the impact of the experimental conditions, statistical analyses
were performed on the subjective, behavioral, and physiological data using
the Statistica software. Subjective measures acquired through the NASA-TLX
questionnaire were analyzed for each scale using paired t-tests when the data
were normally distributed, and using a Wilcoxon test when they were not. All
other measures -i.e. ISA questionnaire, mean performance and mean cardiac
features HR and HRV were analyzed using two-way repeated measure ANOVAs
(i.e. 2 load conditions × 2 types of interaction: adaptive vs non-adaptive).
Tukey post-hoc tests were performed for each statistically significant main effect
and interaction effect.
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Figure 7.5: Subjective workload measured using the ISA questionnaire (***:
p<0.001).

7.2. Results

7.2.1. Adaptive Interaction Impact on Subjective Measures

Participants’ workload as reported through the ISA questionnaire was signifi-
cantly lower in the low task load condition than in the high one, and lower in
the adaptive condition compared to the non-adaptive condition (respectively
F (1, 12) = 30.96, p < 0.01, η2 = 0.72, and F (1, 12) = 79.14, p < 0.01, η2 = 0.87).
Moreover, the interaction between workload and adaptive condition was sig-
nificant, with a stronger increase in reported workload with workload in the
non-adaptive condition than in the adaptive one (F (1, 12) = 8.21, p < 0.05, η2 =
0.41). These results are illustrated in figure 7.5.

Regarding participants’ workload scales from the NASA-TLX questionnaire,
their reported mental demand, physical demand, temporal demand, effort
and frustration significantly decreased with the adaptive interaction policy
(respectively t = 5.17, p < 0.001, t = 2.24, p < 0.05, W = 2.00, p < 0.001,
t = 4.56, p < 0.001, t = 2.99, p < 0.05). No significant effect was found for
reported performance and engagement. These results are illustrated in figure
7.6.
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Figure 7.6: Subjective workload components measured using the NASA-TLX ques-
tionnaire and subjective engagement level (***: p<0.001, and *: p<0.05).

7.2.2. Adaptive Interaction Impact on Performance Measures

Participants’ mean performance, which was computed based on the weighted
score (see equation 6.1), only revealed a significant decrease with workload
(F (1, 12) = 56.84, p < 0.01, η2 = 0.52): participants had a better score in the
low task load condition than in the high one. Regarding participant’s mean
flying score only, it was significantly lower in the high task load condition
than in the low task load condition (F (1, 12) = 56.84, p < 0.05, η2 = 0.32), as
well as significantly higher in the adaptive condition than in the non-adaptive
condition (F (1, 12) = 136.55, p < 0.01, η2 = 0.53). These results are illustrated
in figure 7.7. The interaction between factors was not significant.

7.2.3. Adaptive Interaction Impact on Physiological Features

Participants’ normalized HRV significantly decreased with an increase in work-
load (F (1, 12) = 904.92, p < 0.05, η2 = 0.43) - see figure 7.9 (for the individual
participant’s HRV distribution see figure E.1 in appendix E). Yet, no significant
effect of adaptive condition or interaction with workload was found. Moreover,
even though participants’ normalized HR was higher in the non-adaptive than
adaptive conditions, and in the high workload than in the low task load con-
ditions, these effects were not significant (for the individual participant’s HR
distribution see figure D.1 in appendix D).
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Figure 7.7: Flying Score (**: p<0.01 and *: p<0.05).

Regarding, participants’ ocular features, pupil dilation significantly decreased in
the adaptive condition (F (1, 12) = 12.264, p < 0.01, η2 = 0.55), and significantly
increased with an increase in workload (F (1, 12) = 10.182, p < 0.01, η2 = 0, 50),
but only in the non-adaptive condition (F (1, 12) = 5.524, p < 0.05, η2 =
0.35). Next, the AOI fixation duration analysis revealed that participants had
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Figure 7.8: Normalized Heat Rate Variability depending on workload and adaptive
interaction conditions (*: p<0.05).
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significantly longer fixations out of the screens. Moreover, there was a decrease
in fixation duration for each AOI in decreasing order: AOI 2, AOI4.1, AOI4.2
and AOI 4.3. Although there was an increased fixation duration on AOI2
(Flying simulator screen) and a decreased fixation duration on AOI4.1, 4.2 and
4.3 (U-track screen) in the adaptive condition - as could be expected with the
reduction in task demand, the effect was not significant.
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Figure 7.9: Pupil dilation depending on workload and adaptive interaction condition
(** p<0.01).

7.3. Discussion

This study was designed to evaluate the adaptive interaction framework in
MI-HRI systems that use human mental state estimation based on physiological
measures. Subjective and behavioral results have confirmed the ability of the
implemented adaptive interaction behavior to mitigate mental demand, physical
demand, temporal demand, frustration and effort. Indeed, in accordance with
the literature [Parasuraman and Mouloua, 2018; Parasuraman et al., 2009], the
results indicate that participants have experienced significantly less workload
in adaptive interaction conditions then in non-adaptive conditions, as evaluated
using the ISA and NASA-TLX questionnaires. Additionally, the flying score
revealed that participants performed significantly better in conditions involving
adaptive interaction.
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Interestingly, the expected general effect of workload on cardiac features was
present, but only significant for the normalized HRV measure that decreased
with a increase in workload in accordance with the literature [Roy et al., 2013b;
Heard et al., 2018]. Contrary to our expectations, no significant effect of the
adaptive condition was found on cardiac features. This could reflect a high
engagement level from the participants in the adaptive condition which helped
them achieve a high flying performance, as reflected by the subjective engage-
ment measure that did not differ between adaptive non-adaptive conditions.
This is a very positive point for adaptive interaction, as no disengagement was
observed from the participants in the adaptive condition.

To further detail and understand the ECG results, we individually visualized the
HR data for each participant. More specifically, we plotted the distribution of
normalized HR values for adaptive/non-adaptive interaction conditions (figure
D.1 in appendix D). These plots revealed a high variability in participants data.
A higher heart rate in non-adaptive conditions can hence be observed in several
participant’s HR distributions. This supports the hypothesis that adaptive
interaction could help manage the mental workload, in accordance with the
literature [Borghini et al., 2014]. Additionally, two participants had opposite
HR results i.e., higher HR in the adaptive condition than in the non-adaptive
one. The reason behind these results are quite unclear. However, it was seen
that even-though normalization significantly aids with the generalization of
classification, it is also not perfect. Hence, if the baseline that is used is
not reflecting a true resting state, the normalized values are impacted. This
is what might have happened to some participants that might have been
feeling anxious in the resting state period as reflected by an elevated HR.
Additionally, some participants presented no major change in their HR between
adaptive conditions, this could for instance be due to a biased baseline, or to a
maintained engagement level, as reflected by their engagement score that also
did not differ.

Concerning the results obtained for ET features, pupil dilation significantly
decreased in the adaptive condition which reflects the decrease in workload
that was expected with the lower task demands [Cain, 2007; Ahlstrom and
Friedman-Berg, 2006; Klingner et al., 2008]. Moreover, although we expected
to observe a decrease in fixation duration for the U-track application and an
increase in fixation duration for the flying task screen in the adaptive condition,
the result were going in this direction but had too high a variance to present a
significant effect.

The experiment and the results presented in this Chapter have been submitted
as an article to the ACM/IEEE International Conference on Human-Robot
Interaction (HRI) 2022.
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7.4. Summary

• The MII framework was evaluated in experimental settings with 13
participants.

• The ISA results reveal that the participants felt significantly less work-
load when the adaptive approach was used compared with a non-adaptive
system.

• Similarly, the NASA-TLX questionnaire results showed that mental,
physical, and temporal demand, frustration and effort were significantly
reduced in the adaptive condition.

• Participant’s flying score was also significantly improved in the adaptive
condition.

• Additionally, cardiac and ocular features reflect workload modulations
in the non-adaptive condition only.
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8.1. General Conclusion

In this work we have tackled the problem of the adaptive control of the interac-
tion in a Manned-Unmanned Teaming (MUM-T) framework. This framework
should help a single pilot to work collaboratively with multiple Unmanned
Aerial Vehicles (UAVs) while maximizing the human agent’s performance and
keeping the mental workload at an acceptable level. To tackle this problem we
hypothesized that: 1. Physiological features can be used with machine learning
methods to estimate the human operators’ mental workload in a MUM-T
scenario. 2. Adapting the interaction using a mixed-initiative approach using
the human agent’s mental state estimation would increase the performance of
the operator while lowering their mental workload.

In our point of view, in the Mixed-Initiative Interaction (MII) framework, the
tasks are shared between the agents, and the authority to lead a task is assigned
based on the current state of each agent. In this work, the requirement of
knowing the current state of the human pilot is served by mental workload
estimation using physiological computing. Given that the mental workload
estimation is not a straight forward task (achieving 100% accuracy is still not
viable as shown in chapter 5), and our aim is to maximize the human agent’s
performance, one may have to choose agents’ actions carefully. Thus, we have
to design and evaluate such a control system based on an adapted planning
technique and an experimental protocol respectively.

In order to achieve the desired solution, we worked toward three reachable
objectives:

1. Firstly, we designed a search and rescue mission scenario involving MUM-
T environment, and performed a first experimental campaign to collect
and analyse data in order to identify the best suited features to create a
mental workload estimation model for MUM-T scenario.

2. Secondly, based on the knowledge gained from the first experiment,
we created an Adaptive Interaction Controller (AIC) that chooses to
trigger or not a given task to the pilot, in order to maximize his/her
performance while maintaining a comfortable workload level. The AIC
is based on Partially Observable Markov Decision Process (POMDP)
planning framework. The POMDP was created by utilizing the data
acquired during the first experimental campaign along with the chosen
mental workload estimator. The POMDP was then solved to obtain an
optimized policy to control the interaction.

3. Thirdly, all the developed modules i.e., the mental workload estimator
and POMDP policy for adaptive interaction control, were integrated
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into the MUM-T framework for online (real-time) closed-loop adaptation.
Finally, this research was concluded with a second experimental campaign
to evaluate the proposed adaptive MUM-T interaction framework.

8.2. Contributions

8.2.1. MUM-T Framework Design - Chapter 4

In chapter 4, we have designed a Manned-Unmanned Teaming based search
and rescue mission scenario. The overall system was composed of a human
pilot and three Unmanned Aerial Vehicles (UAVs) working on a shared search
and rescue mission, with both agents committed to scanning all affected zones,
locating casualties inside them. Thus, to fulfill these goals, UAVs were meant
to communicate with the human pilot in order to authenticate the prospective
targets they saw in the Detection and identification task. Alongside, the pilot
receives the Air Traffic Control (ATC) heading instructions in order to actively
position themselves in the most crucial zones. Lastly, a Working memory task
was also included to better represent the workload that the pilot would face
in a real-world event. In this working memory task, the pilot had to recall
radio signal values supplied by the ATC and reassign them to the appropriate
UAVs.

Therefore, to meet the experimental design requirements, we used the Aerofly
simulator for the flying task, and created an application named U-track that
shows the geolocation of plane flown by the pilot in the simulator along with
the accompanying UAVs. The U-track application is also designed to handle
the interaction between the pilot and the UAVs in the form of working memory,
and detection and identification tasks. Additionally, the ATC instructions
are also delivered to the pilot through the U-track application. The proposed
framework and the experiment protocol were accepted as a position paper in
the 12th International Joint Conference on Biomedical Engineering Systems
and Technologies [Singh et al., 2019b].

In addition to the experimental design, we also designed a real-time eye-tracking
and processing application using Tobii glasses. The developed real-time eye-
tracking processing system was the object of a paper published in the 1st
International Workshop on Eye-Tracking in Aviation [Singh et al., 2020a].

8.2.2. Mental Workload Estimation - Chapter 5

The main outcome of this chapter is a Mental Workload (MW) estimation
pipeline. Therefore, to achieve this task we moved further with the first
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experiment including 14 participants from which we collected physiological,
behavioral, and subjective data. The experiment was designed to characterize
and estimate MW in a MUM-T setting based on physiological signals, and
to assess the impact of the validation procedure on classification accuracy.
Additionally, the impact of non-stationarity of the physiological signals onto
the classification pipelines’ accuracy was also analyzed with respect to the
validation design.

Further more, seven supervised classification algorithms were used and bench-
marked based on various combinations of physiological features. Alongside,
two validation procedures were compared (i.e. a traditional one that does not
take time into account vs. an ecological one that does). The obtained results
showed a significant impact of MW on all measures. And, the intra-subject
classification accuracy of 75% in average was achieved using a combination of
EEG and ECG features and with EEG, ECG, and ET. Alongside, a significant
drop in classification accuracy using the ecological validation procedure was
noticed. Interestingly, inter-subject classification results using ECG with the
ecological validation reached 59.8% of average accuracy. These results sur-
passed both intra-subject with ecological and inter-subject with traditional
validation accuracy results. Additional developments were done to improve the
classification accuracy. Nevertheless, these improvement results highlighted the
need for further developments to perform robust MW monitoring in operational
contexts.

The impact of behavioral & subjective data of preliminary experiments were
published as a poster in Understanding Human Behaviour in Complex Systems,
on the occasion of the Human Factors and Ergonomics Society Europe Chapter
Annual Meeting (HFES) [Singh et al., 2019a]. The impact of the physiological
data of preliminary experiments were published as a poster in 1st International
Conference on Cognitive Aircraft Systems - ICCAS 2020 [Singh et al., 2020b].
And, the experiment with 14 participants and its results were published as an
article in Frontiers in Human Neuroscience [Singh et al., 2021].

8.2.3. Adaptive Interaction Policy Design - Chapter 6

Based on the results obtained in chapter 5, a POMDP model was designed to
control the Mixed-Initiative Human-Robot Interaction (MI-HRI). The POMDP
model used the confusion matrix of the inter-subject classifier with ECG
features as the observation function. Alongside, the human pilots’ behavioral
data (i.e. human pilot performance scores), expert knowledge, and mission
phases (i.e mission related-events, mental workload levels) were also utilized to
approximate the POMDP transition function. Moreover, the POMDP reward
function was defined by a weighted performance score achieved by participants



8.2. Contributions 137

in the first experimental campaign in each sub-task with respect to the workload
condition.

The designed POMDP model was solved using the SARSOP algorithm to
generate an ε-optimal policy. The solution policy was evaluate using an in-
house POMDP simulator, that simulates the POMDP model dynamics and
performs appropriate actions based on the policy specified. The obtained results
were compared with a random policy without any intelligent behavior. Results
were significantly different between both the policies, where the ε-optimal
policy obtained V π∗sim = 8.68 (average total reward) with σπ∗ = 8.96 (standard
deviation), whereas, the random policy got V πrsim = −130.09 with σπr = 7.88.
These simulation results validated our decisional model and enabled us to
proceed with the closed-loop tests meant to evaluate the MI-HRI framework as
a whole.

8.2.4. MUM-T Adaptive Interaction Experiment - Chapter 7

After designing and separately validating all the required modules i.e. Mental
workload estimator, and POMDP policy to control the adaptive interaction;
the whole system (cf. chapter 4) was modified to integrate the online processing
requirements. The whole system was then evaluated online (real-time) to prove
the hypothesis that: adapting the interaction using a mixed-initiative approach
that exploits the human agent’s mental state, will increase the performance of
the human operator while lowering her/his mental workload. Therefore, the
second experiment campaign took place with 13 participants, performing 2
experimental conditions: one that integrates adaptive interaction and another
one without adaptive interaction; each experimental condition comprised 4
blocks (2 for low and 2 for high workload). Subjective, behavioral, and physi-
ological data were recorded; whereas physiological and behavioral data were
processed online; alongside, all the data were analyzed offline.

The obtained results have revealed that participants have experienced sig-
nificantly less workload in adaptive conditions as compared to non-adaptive
conditions. The NASA-TLX questionnaire also showed that mental, physical,
and temporal demand, frustration and effort were significantly reduced in the
adaptive condition. Participants achieved significantly higher flying scores in
adaptive conditions. Moreover, at the physiological level, both eye-tracking
data (pupil dilation) and cardiac data (hear rate variability) have shown signif-
icant workload reduction in adaptive conditions, which is also aligned with the
literature.

The POMDP model design, experiment, and the results presented in chapter
6 & 7 have been submitted as an article to the ACM/IEEE International
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Conference on Human-Robot Interaction (HRI) 2022.

8.3. Perspectives

This research investigated, developed, and analyzed every significant factor
of Adaptive Automation based Manned-Unmanned Teaming (MUM-T), inte-
grated with a Mixed-Initiative Interaction (MII) behavior. This thesis’ work
has achieved a positive result by demonstrating the capabilities of adaptive
automation and MII by managing tasks between agents (human & artificial)
and maintaining the mental workload of human agent in a level that is neither
too high (overload) nor too low (unengaged); while maximizing the human
agent’s performance. This research uncovered other possibilities of expansion
of this work that are discussed in the following.

One could start with mental workload estimation improvement. There are
possible ways that could tackle the improvement problem. A way could be to
enhance the dataset to include more experiments/participants. Another way
is to exploit transfer learning techniques that could be helpful in eliminating
the time specific non-stationarity problem as discussed earlier in chapter 5
section 5.3. As the fundamental principle of transfer learning is to use already
trained models to further train and optimize with new similar kind or related
data [Torrey and Shavlik, 2010], it could also be helpful to tackle the problem
of having small datasets. For instance, the research work of Bashivan et al.
[2015] which estimates mental workload provides a dataseti in the form of
three frequency bands (θ-band, α-band, and β-band) over 62 electrodes along
with a Convolution Neural Network based model. Their trained model could
be optimized further with our data by applying transfer learning techniques.
The resulting model could be re-optimized online with respect to each new
participant, for instance using few minute of initial data.

Another idea to expand the work of Ms. Laura Tilly detailed in appendix C
and also discussed in section 5.3.2. In this work we observed an improvement in
the classification accuracy using Common Spatial Patterns (CSP). Though the
improvement was not significant enough, there is another technique of CSP that
is known as Filter Bank Common Spatial Patterns (FBCSP) [Arvaneh et al.,
2015]. FBCSP employs CSP to extract spatial features, and automates the
process of optimum feature selection. FBCSP appears to be a viable strategy
to investigate, since it has been shown to considerably improve the estimation
accuracy of EEG data [Arvaneh et al., 2015], and has been reported to achieve
the best accuracy with EEG for BCI applications [Zhang and Eskandarian,

iEEG data by Bashivan et al. [2015]: https://github.com/pbashivan/EEGLearn

https://github.com/pbashivan/EEGLearn
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2020]. Moreover, spatial filtering of the ERP features might also enable better
estimation as demonstrated by the work of Roy et al. [2015a, 2016c].

Additionally, the second experiment campaign revealed various system pa-
rameters that may be adjusted or modified. The most critical of these is the
normalization of cardiac features. Due to the fact that baseline data were
obtained for 1 minute of resting state prior to each condition (adaptive and
non-adaptive), the normalization is highly reliant on baseline data. While data
features normalization is useful in terms of inter-subject classification, any dis-
crepancy in the baseline data could result in the classification being biased for
all subsequent states. Rather than gathering the entire one minute of baseline
data to extract the baseline features, it may be interesting to compute those
features based on the average of several short-time windows after removing any
outliers.

Additionally, the POMDP model could be strengthened through the use of a
more sophisticated performance score. The current model places considerable
emphasis on improving the performance of human agents (i.e. pilot). However,
in MUM-T settings, it may be preferable to place more emphasis on team
performance. Besides that, additional research is needed to incorporate the
states of UAVs into the model, as well as the scores achieved by them on tasks
that are not assigned to human participants (e.g., identification tasks). These
scores should also be included in the POMDP’s reward function to improve
expected team performance.

Another critical aspect that should be investigated in future works is perfor-
mance estimate. In contrast to mental workload estimation, performance in
the POMDP model was kept totally observable. This enabled the POMDP
belief to transition entirely from one performance state to another. This does
not appear to be adapted to the real-world situations, in which a person is
high performing among several time-windows and unfortunatly show a poor
performance in one time-window. It would be more adapted to have a sort of
memory on the performance score instead of taking current performance score.
It should be noted that such an assumption invalidates the Markov’s property
and thus further developments are needed to solve this problem. A simpler way
could be to modify the observation function of the human performance state
and then to consider this state variable as partially observable, in this sense
the belief state would handle such a memory about the human performance.

Lastly, the POMDP model could also be optimized with respect to each new
participant exploiting mental workload estimation using transfer learning. Note
that when classifiers are re-optimized for each new participant using transfer
learning, the resulting confusion matrix changes. Then, the POMDP model
should also be adapted to integrate such a new observation function. Thus,
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more specifically, initial data could be utilized to optimize the classifier, after
the confusion matrix could be supplied to the POMDP and the POMDP
would be solved for each participant, providing a participant dependent policy.
Hence, this research work has brought interesting results that pave the way
towards more efficient systems, but has also opened new research questions to
be addressed in future work.
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1. SUCCINCT DESCRIPTION OF THE PROJECT
Background and scientific interestRecent automation progress in terms of control, navigation, and decision making brings the speculation ofautonomous decision-making multi-UAV systems’ deployment closer to reality (Schulte et al., 2015). However,keeping the human in the (decisional) loop is still a compulsory point (Valavanis and Vachtsevanos, 2015; Schurr etal., 2009). In particular, unmanned aircraft’s engineering for optimal control strategies are still evolving and the ideaof having better control of an unmanned aircraft is shifting to the desire of controlling several UAVs at once.The actual ratio factor between UAV operators (O) and UAV units (N) is O≥N. For example, in the US army, a UAV ismanaged by several operators: one is in charge of following the flight parameters, other is in charge of payload, andthe last one is responsible for the mission supervision. In the next future, this ratio would probably be inverted(O<N) (Gangl et al., 2013a).Indeed, UAVs are getting more and more automated, taking decisions by themselves, which lightens the need forsuch a number of operators. The idea is that UAVs could explore safety automation to ensure a completelyautonomous navigation and even a completely autonomous mission planning. However, the human operator is stillvital, and unfortunately, considered as a providential agent (Schurr et al., 2009; Casper and Murphy, 2003), whogets over the autonomous or automatic system when some hazardous event occurs. Yet, it is known that, in UAVoperations, Human Factors represent the most important part of accidents (Williams, 2004; Haddal and Gertler,2010). Nevertheless, in some cases, it is mandatory to handle a mission from close proximity, by keeping humanagents in the loop, which are in charge of taking the difficult decisions.However, to leverage the advantage of being smart and adaptable like humans, and consistent and precise likemachines, the idea is to bring them in close contact beforehand, and so, to design a system that provides authorityand integrity to both (non unerring) actors - human and machine - while helping a single human to workcollaboratively with multiple UAVs. In particular, considering that neither of them is leading, but both of them arehelping each other in accomplishing the mission goal(s). This interesting positioning is also known as mixed-initiativefor Human Machine Interaction (HMI) (Jiang and Arkin, 2015), which should consider that each of the agents couldseize (e.g. relinquish) the initiative from the other(s). From a human point of view, such a system that takes over usis not always acceptable (or even desirable), but should at least be welcome when human capabilities (cognitive orphysical) are not forthcoming.Therefore, this research proposes a human-multi-UAV interaction driving concept. Where multiple UAVs areinteracting with a single human agent from a plane’s cockpit (e.g. pilot) while the latter is being part of the mission,and its physiological measurements are exploited to enhance coordination between man and machine. In otherwords, the human and UAVs can be seen as a Manned-Unmanned Teaming (MUM-T).In missions scenarios, where a MUM-T is suitable, hot events can occur and the human agent, which is in charge ofharder decisions, can experience degraded mental states. In this context, the main idea is to explore the use ofmental state estimation in real time (Singh et al., 2018) to drive the Human and Multi-UAVs Interaction by allocatingtasks toagentswith respect to the actual context and mission goals.
AimsThis work focuses on unveiling and estimating human pilot’s mental states involved in the mission to enhanceHuman-UAVs interaction and coordination. Secondly, it focuses on developing decisional systems that understandthe situation and choose appropriate actions. Therefore:1. Understanding the situation means how the overall system’s coordinator estimates the state of both humanand UAV units, being able to predicts its influence on mission achievement.2. The appropriate actions could be:a. managing the amount of work the human pilot could (or should) handle;b. managing the tasks that could be done by the UAV;c. when and how information should be transferred to the human pilot;d. and how tasks should be shared between human and UAVs.These concepts should bring to a coordinative approach towards mission success and aid in achieving the belowmention goals of this project’s work:1. Analyse human physiology to understand and predict cognitive state of human operator2. Predict future states of mission and requirements3. Finding the flow engagement window for human operator4. Plan and re-plan mission tasks in realtime: it introduces adaptive high-level automation to balance task loadbetween human and UAVs



General hypothesesH1) Human pilot’s involved in the manned-unmanned team (MUM-T) mission can experience degraded mentalstates, possibly undermining the overal mission performance, which is intrinsically dependent on the human’sperformance.To addresses this issue, a first experimental campaign will be held. Collected data will then be used to learn Human-related physiological markers and behavior models that expected be useful in a second campaign that will addressthe follow hypothesis.H2) Human-UAVs interaction and coordination can be enhanced, by taking into account the human state estimationin Manned-UnManned aerial Team’s (MUM-T) supervisory mission control. This would be beneficial to the overallsystem’s mission performance, and to the human (e.g. subjective feedback).
Conflicts of interestNone.
2. EQUIPMENT AND METHODS
A. Participants
Exact number of participants or approximate "range" and criteria used to set this number:
Based on the risks α = 5%, correlation significant effects (ρ=0.6), and the consideration of possible subjects to beremoved from the analyses following a technical problem or movements during acquisitions, we wish to recruit atotal of 50 participants, with 25 participants per experimental campaign.
RecruitmentRecruitment method: the participants, all ISAE students and pilots, are recruited by e-mail and via paperannouncements in the school buildings.
Place of recruitment: participants will be recruited at ISAE- SUPAERO
Selection criteria: Subjects must be between 18 and 50 years old, have a level of study baccalaureate minimum,have normal (or corrected) vision and hearing, be affiliated with social security and have signed an informed consentform.
Exclusion criteria: Protected persons, person outside the ISAE, presence of known neuropsychological disorder,significant visual or hearing impairment, taking psychotropic medication or substance, g-test positive, nursingwoman.
Include documents used to collect the data (example: questionnaires, interview grids…)All surveys are included in the appendix part of this document.
Possible compensation of subjects: Subjects will not be compensated.

B.Method
Context:The overall system will contain an human pilot and several UAVs working as a team (MUM-T) on a common mission,see Figure 1a as example. There will be a main system i.e. Mission and Interaction Coordinator (MIC) that hasknowledge of overall mission plan and goals, see Figure 1b.A search and rescue mission (Souza et al., 2016; Gateau et al., 2016) will be the core of the scenario. In such a missionseveral actions would be considered: UAV requests to perform identification and confirmation of possible targets;which agent should visit dangerous or accidental zones; communicate the targets position; present or not to presentthe information to the human pilot; etc. The application the human pilot will use to perform identification and followUAVs position, such as design new zones to visit, is shown in Figure 2.



The challenge behind it is to choose when to launch a request to the pilot. The system’s coordinator should decidebased on the availability of the human pilot i.e. when there is less workload (Gateau et al., 2016), based on ethicalor emotional commitment (Souza et al., 2016), or based on estimated mental states like disengagement, or over-engagement (e.g. attentional tunneling as in Régis et al. (2014)).

Figure 1a: Project layout Figure 1b: Project architecture
On the basis of these, the overall mission coordinator has to estimate human pilot’s mental state, to assign tasks toUAVs, and to change the level of autonomy to help maintain a human pilot’s engagement within a suitable windowi.e. neither too high nor too low (Ewing et al., 2016), while maintaining an acceptable system’s performance toachieve mission’s goal(s).
Description of the protocol:This research will be carried out in three phases: i) data collection, ii) implementation, and iii) closed-loop validation.In the first phase, the hard-coded experiment (first experimental campaign) should allow behavioral andphysiological data collection from the human pilot, equipped with EEG (Electroencephalogramme), ECG(Electrocardiogramme), and ET (Eye Tracker) devices. Therefore, for this phase, a controlled environment, where ahuman pilot will handle a simulated flight along with interactions with the UAVs is considered, though the applicationshown in Figure 2. This application is also used to display subjective questionnaires during the experiment.On theother hand, the pilot will have access to the right side of the interface, and will be able to respond to the groundoperator's instructions with simple answers such as "copy", "visual", "no visual" or "lost".

Figure 2: UAV interaction application showing position of UAVs and plane.
First Experimental Campaign



The first experiment is designed with the objective of data acquisition and will take place considering twoexperimental conditions: low workload (LW), high workload (HW). The two considered conditions will be split in apseudo-random manner: LW-HW-LW-HW or HW-LW-HW-LW, and are expected to bring up engagement variations.
The human pilot’s workload level will be manipulated by means of: choosing from time to time way-points to meet the requirement of staying in a given distance range thatallows to maintain communicating with UAVs. These way-points will transform into Air Traffic Control (ATC)instructions for flying the plane and will be given to pilot in the form of audio messages. (Risser et al., 2002)and (Gateau et al., 2018) showed that, depending on their length and complexity, recalling ATCs instruction(e.g. speed, altitude, heading) can create a high cognitive load. The human pilot would then bring his plane tothe waypoint indicated by the ATC command. The piloting task will perform using the AeroFly simulatoravailable at ISAE-SUPAERO facility (see Fig. 3).

Figure 3 : Aerofly flight simulator
 answering to pop-ups containing UAVs’ requests that concern the identification and recognition of detected

targets as in (Gateau et al., 2016) using the UAV interaction application (see. Fig 2). Particularly in a searchand rescue mission, where lives are at stake (de Souza et al., 2016), errors of human identification orrecognition may be avoided, which implies an important human involvement. In Figures 4 and 5, someexamples of identification and recognition tasks are given. These images are artificially merged based on theNORB dataset (LeCun et al., 2004).

Figure 4: Images with no human present for “Is there waldo?”-like task.



Figure 5: Images with human present for “Is there waldo?”-like task.

The complete experimental protocol is shown in Figure 6. Firstly, the participants will be asked to read the notice ofinformation, to fill inclusion form and to sign the consent form. Then, all devices will be installed on the participant,it may takes about 15 min including tests on measured data. Than a baseline of 5 min, in which the participant will beasked to see a dot on black screen. A training section of 15 min will be performed followed by a instantaneous selfassessment (ISA) workload survey (Jordan and Brennen, 1992) (Tattersall and Foord, 1996) and a subjective taskengagement survey. Then the mission scenario will be deployed. It consists of 4 blocks of 8 minutes, 2 of LW and 2of HW split in a pseudo-random manner. However, it should be noticed from the figure that transition states (LW toHW and HW to LW) are considered for one minute each and they will be used to ensure a condition change. In theseperiods of time, participants will be asked to answer again ISA survey and task engagement survey in order to gettheir subjective feedback concerning workload and commitment. Once all 4 blocs are done, the last 10 minutes wereused for debriefing and for removing devices.

Figure 6: Timeline of experiment procedure.
Second Experimental Campaing
The participants will have to carry out the same mission context again. However, in such search and rescue mission,temporal pressure and task demand may bring up degraded mental states. A decision-making policy, fed by amental state estimator, could then drive and adapt the artificial agents’ behavior (UAVs). It includes switchingbetween flight zones, identification and recognition task, and depending on the mission context, would also triggercountermeasures if a degraded cognitive state is detected.
As in the first experimental campaign, the participants will be asked to read the notice of information, to fillinclusion form and to sign the consent form. The device installation part, baseline and training sessions will remainthe same as in the first experimental campaign. Then, the participants will be asked to carry out 4 missions, eachone for a duration of about 10 minutes. 2 missions will be led by a dummy policy that does not take into accountcognitive state estimation from physiological computing (based on EEG, ECG and ET sensors) and 2 missions wherethe policy will take into account such an estimation. The missions will be randomly choosen. After each mission anISA (or equivalent) and task engagement surveys will be proposed to the participant. The experience will last about2 hours.
The second experimental campaign’s objective is to verify the relevance and hypothetical improvement, in termsof human-agents’ system performance and subjective feedback. Taking into account online cognitive stateestimation, based on physiological sensors during human-UAVs interaction and mission coordinator policyexecution.



Equipment used in both experimental campaigns:The measuring equipment used in these experimental campaigns is an EEG (electroencephalography) BIOSEMI 32Ag-AgCl with active electrodes. This measurement technique does not present any risk for the participants, theconductive gel placed in the electrode well ensures an easy conduction of the neural electrical current. Apreliminary test on the hand to check for any allergic reactions from the gel will be done. Similarly, passiveelectrodes dedicated to recording peripheral electrocardiographic activity will be placed on the subject: 2 ECG(electrocardiography) electrodes on the torso - 1 on the plexus and one on the left 5th intercostal - with the aimof measuring cardiac activity; 2 at the corner of the eyes and 2 above and below, respectively, the left eye tomeasure ocular activity (electrooculography).In addition, 2 gazepoint GP3 HD 150Hz eye-trackers, and a webcam will be used. The eye-trackers will be locatedunder the aerofly central screen simulator and under the UAV application screen. If necessary, we plan to use awebcam as a third ET, placed over the Aerofly simulator screens - if more than one screen will be used for theaerofly simulator. This webcam will only record the pilot’s gaze direction. Video recordings from participants willnot be stored.
Study premises: The experiment will take place in the experimental box of the Aeronautical and Space VehicleDesign and Driving Department of the ISAE-SUPAERO in the Henri Fabre building, where the aerofly simulator iscurrently installed.
Evaluations/observations schedule:We plan to start the first experimental campaign in April 2019. This first experimental session would take about 2months. This first experiment is planned to last 1 hour 30 minutes per participant. The second experimentalcampaign would be held around May 2020, which comprises preliminary testing of models, revisions and finaltesting with real participants. This second experiment is also planned to get between 1h30-2h per participant.

Figure 6: Project schedule.
Duration of the study: This study is programmed to take 4 years. First data collection would start as soon as wereceive the committee agreement.
Data analysis:The physiological data will be analyzed quantitatively both offline and online using traditional methods used forbrain-computer interfaces (BCIs) , including data classification algorithms (e.g. LDA, SVM, Deep NN technics). Themarkers that will be extracted from the EEG and ECG data and which will be classified by these methods will befrequency, temporal (i.e. potential evoked by stimulation – ERPs - and by the ocular fixations) and connectivitymeasures both in the sensor space and in the source space. In addition, thanks to the eye traking (ET) and the EOG,pupillometry measurements will be performed, as well as measurements of saccades , fixations and blink(depending on the considered area of interest). Finally, the behavioral data (reaction time and accuracy) andsubjective reports will also be recorded. A statistical analysis will be carried out on all collected data (subjective,behavioral and neurophysiological) by using Matlab®, Statistica® or R® softwares.
C. Predictable and known benefits and dangers for mental and physical health (self-esteem, etc.) and social life
(reputation)
On the scientific level, this study aims to characterize mental states of interest for a human pilot’s interaction withartificial agents (UAVs) in a MUM-T mission scenario. This proposes to study the applicability of joint initiativemission management method that take into account these cognitive states.On a societal level, this work aims to improve the long-term performance of operators and human-agents systems.To our knowledge, this study does not involve any foreseeable or known health risks on physical, mental, or sociallife of participants.



Below the table, indicate other potential risks linked to the study.
NO Does your protocol include an experimental setup aimed at concealing part of the objective ormethodology to subjects or make them believe in other objectives or methodologies?If so, this application must include a description of the setup used and explain how subjects will bedebriefed at the end of the study about the real objectives and methodology. Moreover, the case mustbe made that concealment of some aspects of the protocol to subjects is indispensable in regards withthe objectives and stakes, and that none of the concealed aspects can threaten their security or theirdignity.
NO Questions or situations which can put participants ill at ease?
NO Materials which can be considered menacing, shocking or disgusting by participants?
NO Possibility that the participant’s private life or his/her family’s will be affected, including the use ofpersonal information?
NO Use of physical stimuli (auditive, visual, haptic, etc.) other than stimuli associated with normalactivities?
NO Deprivation of physiological needs (drinking, eating, sleeping, etc.)
NO Manipulation of psychological or social factors such as sensory privation, social isolation orpsychological stress?
NO Physical efforts beyond what can be considered moderate for the participant?
NO Exposure to drugs, chemicals or potentially toxic agents?

D. Vigilance/Early interruption of the study
Interruption criteria for a participating subjectThe participation in this study is based on voluntary work. Also, any participant may leave the study upon simplerequest without being held responsible. In addition, the study will end for a participant in the case of non-compliancewith the task.

3. DATA PROCESSING – RESPECT OF THE PARTICIPANT’S PRIVATE LIFE
A. Confidentiality
De-identification process
Confidentiality will be guaranteed by the fact that each subject will be identified by an identifier in the form of arandom number in digital or paper documents. Any correspondence of data with the actual contact details of thevolunteers will be possible. The de-identification process will be applied is the Case 1, recalled here after.Case 1 – The protocol is such that processed data is anonymous, or de-identified using randomly assigned numbers.The person cannot be identified even indirectly and by any possible means; it is depersonalized data and nocorrelation table exists between each person’s identity and a random number referring to a set of individual data.
People having access to dataCaroline P.C. Chanel, Research Engineer, DCAS, ISAE-SUPAERO, Raphaëlle N. Roy, Associated Professor, DCAS, ISAE-SUPAERO, Nicolas Drougard, Post-doctorate, DCAS, ISAE-SUPAERO, Gaganpreet Singh, PhD candidate, DCAS, ISAE-SUPAERO, Frédéric Dehais, Full Professor, DCAS, ISAE-SUPAERO, Sébastien Scannella, Research Engineer, DCAS,ISAE-SUPAERO.
B. Storage
Type of data stored (specify if identifying data, directly or by cross checking)
Digital (ISAE-SUPAERO secured server) and paper documents will be archived for 15 years after the end of theresearch project. As for the archiving of consent forms, it will be for an equal period of 15 years, in a sealed



envelope marked: "I certify that this envelope contains x (number) consent(s) and x compliant information form(s),collected as part of the AIRTIME study", followed by the name of the person in charge.
Storage premises: The digital and paper data (sealed envelope) will be stored in a secured ISAE-SUPAERO serverand in a secured cabinet at ISAE-SUPAERO, respectively.
Person in charge: Dr. Caroline P. C. CHANEL
Possibility to destroy data upon participant’s request (see scenario in section 4):Following the section 3.A, and the de-identification (case 1) concerning rigorous anonymity, it will be informed toparticipants that this process makes impossible to correct or destroy their information after completion of theirparticipation.
4. INFORMED CONSENT FORM INCLUDING INFORMATION FOR PARTICIPANTS

Any participant will be informed in advance by one of the scientific persons involved in project (experimenter)about the study's objectives, methodology, duration, constraints and revisable risks. In particular, the participantwill be informed that he or she is entirely free to refuse to participate in the study at any time, without incurringany prejudice as a result. He will also be informed of the possibility of requesting the destruction of his personaldata. The information and informed consent form will be provided, is in Appendix 1.
Specify how the informed consent will be obtained:This form will be offered to volunteer participants before the experiment.The experiment will only take place if the participant gives his or her consent. The participant will sign theinformation and informed consent form in two copies prior to the study (Appendix 2). The scientific supervisor willkeep one copy and give the other to the participant.
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APPENDIX 1 – INFORMED CONSENT AND INFORMATION FORM
Project title: AIRTIME : Adaptive human-agents InteRacTIon based on Mental state Estimation
Tenured researcher – project’s scientific supervisor:Caroline P. C. ChanelResearch Engineer at ISAE-SUPAERO, DCAS10, Av Edouard Belin BP 52034, 31055 Toulouse Cedex 4+33 05 61 33 81 50caroline.chanel@isae-supaero.fr
Premises for the study: ISAE-SUPAERO
Aim of the research project:This project aims to propose a method, based on tools from the field of artificial intelligence, to lead a mixed-initiative Manned-UnManned Team (MUM-T) mission. Online estimation of cognitive states will allow, throughpilot’s monitoring, to trigger action to the artificial agents (UAVs) or countermeasures, and adapt the interactionand mission tasks, if a degraded cognitive state is detected. We focus our project on mental states such as:engagement, disengagement and over-commitment (attentional tunnelling).This study led us to deal with two experimental campaigns. Initially, a data acquisition phase with off-line processingwill take place in order to characterize the mental states of interest and develop a processing chain that is adaptedto them. Then a second phase will take place which will consist in carrying out the online processing of the data; theoutput of this processing chain will be the input of the state estimator used by the policy (interaction and missioncoordinator strategy) that will lead the mission. We hope that this will ultimately improve the performance of a suchMUM-T or even human-system interactions in general.
What is expected from you (methodology)If you agree to participate in this study, you will be potentially included in one or two of the following experiments.
Experiemental campaign 1:You will be asked, installed in front of the AeroFly simulator, to perform a Manned-UnManned Teaming (MUM-T)missions, in which you will have to cooperate with some UAVs to search victims is an uneven area. Your role will beto ensure that humans are well identified and recognized in pictures taken by the UAVs using the available interfaceto this aim, that is next to the simulator. And in parallel, to control the aircraft to ensure the right path-tracking thatallows you to keep communicating with the UAVs. The path will be give to you by ATC commands. At any momentyou can assign new zones to UAVs. Your main object if to find, as many as possible, human victims. Throughout theexperiment, we will record your behavioral and physiological activity using EEG, ECG and eye-tracking devices.
Experimental campaign 2:You will be asked, installed in front of the AeroFly simulator, to perform a Manned-UnManned Teaming (MUM-T)missions, in which you will have to cooperate with some UAVs to search victims is an uneven area. Your role will beto ensure that humans are well identified and recognized in pictures taken by the UAVs using the available interfaceto this aim, that is next to the simulator. And in parallel, to control the aircraft to ensure the right path-tracking thatallows you to keep communicating with the UAVs. The path will be givento you by ATC commands. At any momentyou can assign new zones to UAVs. Your main object if to find, as many as possible, human victims. Throughout theexperiment, we will online treat your behavioral and physiological activity using the measures acquired with EEG,ECG and eye-tracking devices.
Rights to withdraw from the study at any time1. Your contribution to this study is voluntary, and you will not be compensate;2. You can stop your participation at any time;3. Your decision to participate, or refuse to participate, or interrupt your participation will not impact yourgrades, status or future relations with our research unit DCAS or any other person at ISAE-SUPAERO.



Rights to confidentiality and respect of private life1. The data obtained will be processed in the utmost confidentiality;2. Your identity will be concealed using a randomly assigned number;3. No other information will be disclosed which could reveal your identity;4. All the data will be kept in a secured server and paper documents in a secured place. Only the scientificsupervisor and associate researchers will be allowed access;5. Note that the rigorous anonymity process here applied makes it impossible to correct or destroy yourinformation after completion of your participation.
BenefitsOn the scientific level, the aim of this study is to characterize mental states of interest for the monitoring of pilotsinteracting with artificial agents, as UAVs, and to propose methods of mission management based on mixed-initiative models. Such a model would take pilot’s cognitive states into account to adapt the interaction andcoordinate allocate mission tasks between agents.On a societal level, this work aims to improve the long-term performance of pilot’s and artificial agents teams(MUM-T), and human-systems interaction in general.
Potential risksTo our knowledge, this study entails no risk or inconvenience other than in daily life. Eye movements are recordedusing a device which reflects the pupil and cornea’s infra-red light. The pupil and the cornea absorb a small amountof the energy of the infra-red light, but this energy is less than the amount allowed under internationalrecommendations (American Standards Institute: ANSI Z 136.1-1973). It is more or less the same amount that youreceive during a sunny day.Concerning EEG and ECG devices, they neither entails risk nor inconvenience. The conductive gel placed in theelectrode wells ensures an easy conduction of the neural electrical current and the related potential is very low(micro Volts order). Anyway a preliminary test on your hand can be done to control the absence of allergy to thegel.
DiffusionThis research will be disseminated through symposiums, conferences and workshops and will be published inconference, workshops or symposiums proceedings and academic journals articles.
Rights to ask questions at all timeYou can ask questions about the research at any time during the experiment or after it by contacting the project'sscientific leaders:Dr. Caroline CHANEL, phone number: 05 61 33 81 50, e-mail: caroline.chanel@isae-supaero.fror Dr. Raphaëlle ROY, phone number: 05 61 33 87 20, e-mail: raphaelle.roy@isae-supaero.freven by postal correspondance: 10, Av. Edouard Belin, BP 52034, 31055 Toulouse Cedex 4
Participation consentBy signing the consent form, you certify that you have read and understood the information above, that yourquestions were answered in a satisfactory way and that you were informed that you are free to cancel your consentor to withdraw from this study at any moment, with no harm.
Please copy this texte before sign:I have read and understood the information above and I accept of my own free will to take part inthis study.

First name, last name – Date – Signature



One copy of this document is given to you, the other is kept in the record by the project’s leader.APPENDICE 1 bis – FORMULAIRE D’INFORMATION ET DE CONSENTEMENT ÉCLAIRÉ
Titre du Projet (en anglais):AIRTIME : Adaptive human-agents InteRacTIon based on Mental state Estimation
Responsable scientifique:Caroline P. C. ChanelResearch Engineer at ISAE-SUPAERO, DCAS10, Av Edouard Belin BP 52034, 31055 Toulouse Cedex 4+33 05 61 33 81 50caroline.chanel@isae-supaero.fr
Local de l’étude: ISAE-SUPAERO
Objectif du projet:Ce projet vise à proposer une méthode, basée sur des outils du domaine de l'intelligence artificielle, pour dirigerl’interaction d’une équipe constiutée par un pitole et multiples drones (Manned-UnManned Team (MUM-T)) lorsd’une mission. Le monitoring du pilote, réalisé grâce à l'estimation en ligne de son état cognitif, permettra dedéclencher des contre-mesures ou des action des agents artificiels (drones). Nous concentrons notre étude sur lesétats mentaux tels que : l'engagement, le désengagement et le sur-engagement (focalisation attentionnelle). Parexample, si un état cognitif dégradé est détecté (focalisation attentionnelle), on cherchera à adapter l'interactiondrone-pilote par la manipulation d’atribution des tâches de la mission entre les agents.Cette étude nous amène à réaliser deux campagnes expérimentales. Dans un premier temps, une phased'acquisition de données, avec un traitement a posteriori aura lieu, afin de caractériser les états mentaux d'intérêtet de développer une chaîne de traitement qui leur soit adaptée. Ensuite, il y aura une deuxième phase quiconsistera, d’une part à effectuer le traitement en ligne des données; et d’autre part, d’utiliser le résultat de cettechaîne de traitement comme entrée d’un l'estimateur d'état; celui-ci sera exploité par un système décisionnel autravers d’une politique (stratégie d’interaction) qui dirigera la mission. Nous espérons en fin de compte, démontrerque la prise en compte de l’état cognitif du pilote améliorera la performance de l’équipe toute entière, ou même,la performance des interactions homme-système en général.
What is expected from you (methodology)Si vous acceptez de participer à cette étude, vous serez potentiellement inclus dans une ou deux des expériencessuivantes.
Campagne Experimentale 1:Il vous sera demandé de vous installer devant le simulateur AeroFly, et d'effectuer un certain nombre des missions,dans lesquelles, vous devrez coopérer avec multiples drones pour rechercher des victimes dans une zoneaccidentée. Votre rôle sera de vous assurer que les possibles victimes humaines sont bien identifiées dans les photosprises par les drones en utilisant l'interface disponible à cet effet, c'est-à-dire à côté du simulateur. Et en parallèlede cela, vous devez piloter votre avion pour s'assurer de suivre la bonne trajectoire qui vous permet de continuerà communiquer avec les drones. Le chemin vous sera donné par les commandes ATC. A tout moment, vous pouvezassigner de nouvelles zones de recherche aux drones. Votre objectif principal, est d’identifer autant que possibledes victimes humaines. Tout au long de l'expérience, nous enregistrerons votre activité comportementale (touchesclavier, par exemple) et physiologique à l'aide d'EEG, d'ECG et d'appareils de suivi oculaire.
Campagne Experimentale 2:Il vous sera demandé de vous installer devant le simulateur AeroFly, et d'effectuer un certain nombre des missions,dans lesquelles, vous devrez coopérer avec multiples drones pour rechercher des victimes dans une zoneaccidentée. Votre rôle sera de vous assurer que les possibles victimes humaines sont bien identifiées dans les photosprises par les drones en utilisant l'interface disponible à cet effet, c'est-à-dire à côté du simulateur. Et en parallèlede cela, vous devez piloter votre avion pour s'assurer de suivre la bonne trajectoire qui vous permet de continuerà communiquer avec les drones. Le chemin vous sera donné par les commandes ATC. A tout moment, vous pouvezassigner de nouvelles zones de recherche aux drones. Votre objectif principal, est d’identifer autant que possibledes victimes humaines. Tout au long de l'expérience, nous enregistrerons votre activité comportementale (touchesclavier, par exemple) et physiologique à l'aide d'EEG, d'ECG et d'appareils de suivi oculaire.
Droit de se retirer de l’étude à tout moment



1. Votre contribution à cette étude est bénévole et vous ne serez pas indemnisé;2. Vous pouvez mettre fin à votre participation à tout moment;3. Votre décision de participer, de refuser de participer ou d'interrompre votre participation n'affectera pasvos notes, votre statut ou vos relations futures avec notre unité de recherche ou toute autre personne àl’ISAE-SUPAERO.
Rights to confidentiality and respect of private life

1. Les données obtenues seront traitées dans la plus grande confidentialité;
2. Votre identité sera dissimulée à l'aide d'un numéro attribué au hasard;3. Aucune autre information qui pourrait révéler votre identité ne sera divulguée;4. Toutes les données seront conservées dans un serveur sécurisé et les documents papier dans un endroit5. sécurisé. Seuls le responsable scientifique et les chercheurs associés y auront accès;6. Notez que le rigoureux processus d'anonymat utilisé ici rend impossible la correction ou la destruction devos informations après la fin de votre participation.

AvantagesSur le plan scientifique, cette étude vise à caractériser les état mentaux d’interêt pour le monitoring d’un pitlotequi intéragit avec multiples drones (agents artificiels) dans le context d’une mission; et de proposer une méthodede conduite de mission à initiative-mixte. Une telle méthode prendra en compte l’état cognitif estimé pour adapterau mieux l’itéraction et la distribution de tâches parmis les agents (humain ou artificiel). Dans le plan societal, ceprojet vise à améliorer la performance des équipes pilotes-drones (MUM-T), et l’intéraction humain-sytème engénéral.
Risques PotentielsA notre connaissance, cette étude n'entraîne pas plus de risque ou d’inconvénients que la vie quotidienne. Lesmouvements oculaires sont enregistrés à l'aide d'un dispositif qui réfléchit la lumière infrarouge de la pupille etde la cornée. La pupille et la cornée absorbent une petite quantité d'énergie de la lumière infrarouge, mais cetteénergie est inférieure à celle autorisée par les recommandations internationales (American Standards Institute:ANSI Z 136.1-1973). C'est à peu près le même montant que celui que vous recevez pendant une journée ensoleillée.En ce qui concerne les équipements EEG et ECG, ils n'entraînent aucun risque ou inconvénient. Le gelconducteur placé dans les cavités des électrodes facilite la conduction du courant électrique neuronal et lepotentiel associé est très faible (de l’ordre du microvolt). Quoi qu'il en soit, un test préliminaire sur votre mainpeut être fait pour contrôler l'absence d'allergie au gel.
DiffusionCette recherche sera présentée dans des symposiums, des conférences et des workshops, et sera publiée dansdes actes de conferences, workshops et symposiums ainsi que des articles de revues universitaires.
Droit de poser des questions en tout tempsVous pouvez poser des questions sur cette recherche à tout moment, pendant ou après l'expérience encontactant les responsables scientifiques du projet :Dr. Caroline CHANEL, numéro de téléphone: 05 61 33 81 50, e-mail: caroline.chanel@isae-supaero.frou Dr. Raphaëlle ROY, numéro de téléphone: 05 61 33 87 20, e-mail: raphaelle.roy@isae-supaero.frou encore, par voir postale: 10, Av. Edouard Belin, BP 52034, 31055 Toulouse Cedex 4
Consentement de participationEn signant le formulaire de consentement, vous certifiez que vous avez lu et compris les renseignements ci-dessus,que vos questions ont reçu une réponse satisfaisante et que vous avez été informé que vous êtes libre d'annulervotre consentement ou de vous retirer de cette étude à tout moment, sans danger.
Veuillez copier ce texte avant de le signer:J'ai lu et compris les informations ci-dessus et j'accepte de mon plein gré de participer à cette étude.

Nom, Prénom – Date – Signature
Une copie de ce document vous est remise, l'autre est conservée dans le dossier par le responsable du projet.



APPENDIX 2 – INCLUSION FORM

In order to minimise privacy infringement, we are listing all the criteria (inclusion and/or exclusion) and asking if the youmeets all of them at once.
Inclusion Criteria:Please answer YES or NO if you meet or not all the listed points: Age between 18 and 60 years old, you have a level of study baccalaureate minimum, you have normal (or corrected) vision and hearing, you are affiliated with social security

 you have signed an informed consent form.
Answer:

Exclusion Criteria:Please answer YES or NO if you meet or not all the listed points: Protected person; person exterior to the ISAE-SUPAERO; presence of known neuropsychological disorder; significant visual or hearing impairment; taking psychotropic medication or substance; positive g-test nursing woman.
Answer:

Date:

Participant’s name and signature :

Experimenter’s name and signature :

This document is kept in the record by the project’s leader.



APPENDIX 3 – INSTANTANEOUS SELF ASSESSMENT WORKLOAD AND TASK ENGAGEMENTSURVEYS

Instantaneous self assessmentThe ISA questionnaire will be presented to the participant at the end of each bloc condition in experiment 1, or atthe end of each mission in experiment 2.

Figure 1: ISA questionnary (available at https://ext.eurocontrol.int/ehp/?q=node/1585)

Task subjective engagementThe task subjective engagement survey will be also presented to the participant at the end of each bloc condition inexperiment 1, or at the end of each mission in experiment 2.
Until which point have you committed yourself, invested, in the achievement of the task.

Of piloting the aircraft to follow ATC instructions / 10Of answering UAVs requests to identify and recognize human victimes / 10Both tasks / 10
Do you think you missed any UAVs request during this bloc ?If yes, how many ?

Have you feel disengagement, due to a hard task demand during this experiment bloc?
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Laura’s Internship

C.1. Advancing With Classification Enhancements

As seen in chapter 5, the difficulty arises from the fact that the non-
stationary nature of EEG signals has a detrimental effect on classi-
fication accuracy, which is exacerbated when time is taken into ac-
count while constructing the training and testing data, as discussed
in section 5.1.5.2. A specific work made by Sous-Lieutenant Laura
TILLY undertook preliminary and exploratory research dur-
ing her three-month internship under our supervision with the goal
of examining strategies for improving the classification accuracy of
mental workload estimation based on EEG data collected during
the experiment described in chapter 5.

To accomplish the primary goal of improving the EEG signal process-
ing pipeline, the following hypotheses were made and independently
tested:

• Regarding the use of temporal features: an adapted preprocess-
ing makes it possible to extract ERP features in accordance
with the literature, usable for classification [Roy et al., 2016c].

• Regarding the use of frequency characteristics: the addition
of a spatial filtering step for the extraction of features can
increase classification performance [Roy et al., 2014].

• Regarding the use of frequency characteristics: an adaptive
classifier allows to increase classification performance [Sun and
Zhou, 2014].
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C.1.1. Temporal Features - ERP

As detailed in section 2.2.2.2, Event Related Potentials (ERPs) are
the brain responses to specific events that are time-locked [Fu and
Parasuraman, 2007]. The amplitude of these voltage variations may
be determined at several time points and is known to vary with
mental workload. Following are the different steps used to design a
processing pipeline of EEG data for ERP extraction using the data
acquired in the first campaign:

• Epoching: The signal is epoched around the appearance of a
specific event: an auditory stimulus broadcast at the time of
"pop-ups" (t = 0 s). THence, the signal was extracted −700
ms before and 1300 ms after the event.

• Filtering: Contrary to the band-pass filter used for frequency
features, here the epoched data are filtered between 1 to 30
Hz.

• Downsampling: Then downsampling is performed to take
the data from 2048Hz to 512Hz.

• Channel rejection and interpolation: Then bad elec-
trodes are captures and interpolated using "interpolate_bads"
function of MNE (Python).

• Denoising: Ocular artifacts were automatically removed
based on an Independent Component Analysis (ICA, fastica
algorithm) using EOG channels as reference signals.

• Baseline correction: In the baseline correction step here
average of each time point from the interval -200 ms to 0
seconds is subtracted from the whole signal.

• Feature extraction: Finally the data is processed for ERP
feature extraction.
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C.1.1.1. ERP Feature Extraction

Based on epoched and denoised ERPs, several features can be
extracted. Examples are the average amplitude in a specific win-
dow, and the latency of a given peak (e.g. P300 component). An
evaluation of the relevance of such features was accomplished using
the graphs generated during the ERP’s pre-processing. The ampli-
tudes of the electrodes Cz, Pz, and Fz (see figure 2.3 for electrode
location) were averaged over all individuals, and a time period of
300–600 ms was chosen based on visual analysis. Once this time
window was defined, the average of the signal’s amplitude over this
window was calculated for the 20 electrodes that were most relevant.
According to the literature, the signal amplitude should be higher
in the low workload condition than in the high workload condition.
This is seen in figure C.1, which shows the average signal for the
Cz electrode across all participants. Similar results were achieved
and are consistent with the literature for the T8, T7, and even F8
electrodes.

Figure C.1: Average signal for the Cz electrode across all participants Green: LW;
Red: HW). Image source [Tilly, 2021]
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C.1.1.2. ERP Results

The preprocessing of ERPs provides a vectors of temporal infor-
mation for extraction and classification. ERPs have been used
successfully for workload estimation and are supposed to be more
robust than frequency features to the impact of time-on-task related
non-stationarity for classification of EEG signals [Roy et al., 2016c].
However, the classification results produced through this processing
methodology did not outperform those obtained previously (see
C.2) for any of the four methods stated previously. This can be
explained by a variety of factors, including the conditions under
which the data was acquired or the amount of data used to train
the classifier. There could be possibility of time lag, between the
occurrence of event and registration of even, or network lag, as
there were lot of different modules working together over a local
area network.

Figure C.2: Summary of classification performances obtained with ERP processing
and those obtained with frequency characteristics (No_ERP) during previous work.
Dotted green line represents the average chance level. Image source [Tilly, 2021]

C.1.2. Spatial Filtering

To improve the classification accuracy of EEG-based mental work-
load estimation, a spatial filtering technique called "Common Spatial
Pattern" (CSP) was applied to data from 13 subjects filtered in spe-
cific frequency bands. The purpose of this section is to incorporate
spatial filtering into the processing pipeline, which provides a more
relevant representation of the data in a spatial domain [Chouaib,
2011] and aids in the extraction and classification of EEG data,



C.1. Advancing With Classification Enhancements 191

with the goal of obtaining potentially better classification perfor-
mance than that obtained in previous work without using CSP
filtering. As detailed in section 2.3.3, spatial filtering is achieved
by employing a small number of new electrodes (virtual) defined as
a linear combination of the original electrodes. Spatial filtering is
generally defined as:

x̃ =
∑
i

uixi = uX (C.1)

with x̃ representing the spatially filtered signal, x representing the
EEG signal of an electrode i, ui representing the weight assigned
to this electrode in the spatial filter, and X representing a matrix
whose ith row corresponds to xi. Thus, X is the matrix of each
electrode’s EEG signals. Spatial filtering decreases the quantity
of data from multiple electrodes to a small number of spatially
filtered signals, depending on the number of filters used. The CSP
method generates spatial filters u such that the variance of the
filtered signal is maximal for one class and minimum for the other
(see figure C.3).

CSP(u) = uX1X
>
1 u
>

uX2X>2 u
> (C.2)

After selecting a subset of filters and applying them onto our
preprocessed data, we then extract the log variance from these
signals, as described in section 5.1.4.3.

C.1.2.1. Spatial Filtering Results

For the traditional inter-subject framework, the results indicate that
CSP filtering delivers superior single classification performance when
four bands (θ-band, α-band, β, &γ-band) were used simultaneously.
Using six or four filters had no effect on categorization accuracy.
Using a subset of 20 electrodes rather than all 32 electrodes did not
result in improved classification accuracy. Additionally, regardless
of whether CSP filtering was used, the classification performance
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Figure C.3: EEG signals spatially filtered with the CSP algorithm. The first two
spatial filters minimize the variance of the "first class (in green)" of signals while
maximize those of the "second class (in red)". The bottom two filters do the opposite
by maximizing the variance of the "first class" while minimizing the variance of the
"second class". Image source [Lotte, 2014].

attained in traditional inter-subject classification did not exceed
the adjusted chance level. These findings are illustrated in C.4.

Figure C.4: Summary of the classification performances obtained for the CSP spatial
filtering method with a traditional inter-subject validation method. Green dotted
represents the chance level. Image source [Tilly, 2021]

The results obtained in the ecological inter-subject framework are
depicted in figure C.5. When CSP filtering was used, classifica-
tion performance was improved, particularly for the bands β-band,
γ-band, and the four bands (θ-band, α-band, β-band, &γ-band) to-
gether, compared to when no CSP filtering was used. The use of
six filters rather than four improved classification performance. For
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the use of β-band power and the 4 bands, it can be seen that the
classification accuracy was better with 20 electrodes rather than 32
electrodes.

Figure C.5: Summary of the classification performance obtained for the CSP spatial
filtering method with an ecological cross-subject validation method. Green dotted
represents the chance level. Image source [Tilly, 2021]

In summary, when using frequency features, the addition of a
spatial filtering step during the feature extraction process improved
classification accuracy. This was true only for two exceptional
circumstances, namely ecological inter-subject and traditional inter-
subject classification using the frequency band beta-band. However,
a statistical analysis of these two outcomes did not show that this
improvement was statistically significant.

C.1.3. Adaptive Classification Method

Another approach to enhance classification accuracy is to adapt the
classifier that is employed, in this case, the best performing LDA
classifier. The purpose of this section is to obtain the classification
accuracy of an adaptive LDA that is expected to be more resistant
to the impacts of the EEG signal’s non-stationarity. Due to the
non-stationary nature of these EEG signals, a classification model
developed using training data may not always represent the testing
data well (which comes later in time). As a result, adaptive updates
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to the classification model are required to account for the changes
[Sun and Zhou, 2014].

The Adaptiv LDAi algorithm used in this part is inspired by Cai
and Zhang [2018]. The method adapts by computing the difference
in the means of each class for a given subject. The parameters
(such as the signal-to-noise ratio, which enables the best direction
of separation to be defined) are thus customized to the subject’s
data, while taking into consideration the subject’s variability over
time.

C.1.3.1. Adaptive Classification Results

Classification performance exceeded the chance accuracy level of
55.6% for three participants when using the ecological intra-subject
technique. The average of all participants, however, remained below
the chance level at 53.4%, and an increase in mean classification
accuracy (51.08%) was noticed when compared to earlier studies
using the same validation procedure. Whereas, there has not been
any improvement in classification performance with other validation
methods in comparison to previous work.

C.1.4. Discussion

The classification accuracy obtained with ERP did not demon-
strate an increase in estimation when compared to earlier studies.
Whereas, when spatial filtering is used, the estimation accuracy of
the traditional inter-subject and ecological inter-subject validation
methods using the β band feature is increased. Adaptive classi-
fiers, on the other hand, improve the performance acquired by the
intra-subject ecological validation method.

In case of ERP, it is possible that there was a latency issue during
the experiment’s data collecting, given the experiment involved
multiple devices (simulation flight, U-track application, eye-tracker,
EEG, and ECG). Due of ERP’s reliance on a limited time window,

iSee the AdaLDA.m code via the link https://github.com/linjunz/ADAM
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this possible temporal shift is extremely detrimental. If it is not
properly focused, we will miss out on important info. On the other
hand, the window used for the ERP (300–600 ms) should be studied
further, and various windows should be analyzed in the future for
improved possibilities. Additionally, rejection and interpolation
were performed on "bad electrodes" but not on "bad windows", which
would have affected the processing and hence the classification per-
formance. Finally, due to the reduced size and number of available
windows, the classification of temporal features is significantly less
than that of frequency features (per participant, respective 15 2-
seconds windows vs. 80 6-seconds windows). It is likely that the
classifier for the ERP was trained in a substantially less efficient
manner.

Despite the problems encountered, we can think of other methods
allowing the optimization of the EEG signal processing pipeline
for estimating the mental state of an operator. For ERPs, as an
addition we can consider doing spatial filtering to increase the classi-
fication performance [Roy et al., 2015b]. Concerning the frequency
features and CSP filtering: there is an approach called Filter Bank
Common Spatial Pattern (FBCSP) [Arvaneh et al., 2015] that opti-
mizes spatial filters for each frequency band using the classical CSP
algorithm and extracts the best features using feature selection
algorithms from the numerous spatial filters obtained. Thus, this
enables the selection of the optimal spectral filters as well as the
optimal frequency band. Additionally, new features can be used:
there are specific connection features described in the form of a
matrix that reveals the relationship between each pair of electrodes.
Indeed, methods such as the Short-term Directed Transfer Function
(SDTF) can offer information about the dynamic propagation of
EEG activity, allowing for the quantification of coupling between
brain regions and the recognition of task-dependent connectivity
diagrams [Kaminski et al., 2019]. Another possibility for improving
the processing chain would be to combine various features; given
that combining many types of features often increases dimensional-
ity, it would be required to pick a list of the most relevant features
[Dornhege et al., 2002]. Additionally, a method that has already
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proved its worth in the BCI community is the combination of clas-
sifiers. The combination of classifiers turned out to be among best
performers for EEG-based BCIs, at least in offline assessment [Lotte
et al., 2018a].
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Figure D.1: Heart rate distribution of each participant for adaptive and non-adaptive
condition. Graphs ordered by participant number.
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Figure E.1: Heart rate variability distribution of each participant for adaptive and
non-adaptive condition. Graphs ordered by participant number.
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