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Summary

Mental workload has become an important research topic, as increasing demands
on multitasking and decision-making can impair performance and compromise
safety in domains such as aviation, surgery, and driving. Understanding when and
how workload arises enables the design of adaptive systems that monitor cognitive
state and automate specific actions, improving safety and reducing fatigue.

To investigate cognitive variations, physiological measures such as ECG, respira-
tion, electrodermal activity, and eye tracking are often used. In this work, frontal
EEG was selected as the main modality, since brain electrical activity directly
reflects cognitive processing. Eight frontal electrodes were used to minimize intru-
siveness and simplify sensor placement. This thesis aimed to design an experimental
protocol capable of eliciting distinct workload levels and to extract four feature
groups (temporal, spectral, coherence, and complexity) from the processed EEG,
which were then used to train machine learning classifiers for automatic workload
recognition.

Nine task difficulty levels were defined within the Multi-Attribute Task Battery
IT (MATB-II) by manipulating event frequency. Eighteen participants completed a
5-minute rest phase followed by four MATB-II sessions combined with a secondary
arithmetic task. Each session included five 2-minute task windows and a 20-second
self-evaluation using the Bedford workload scale. EEG was recorded from eight
frontal electrodes (F10, AF8, AF4, FP2, FP1, AF3, AF7, F9) with a g. HIAMP
amplifier (g.tec). Two subjects were excluded due to corrupted data, yielding a
final dataset of 16 participants.

EEG pre-processing included resampling from 1200 Hz to 512 Hz, a 0.5-80
Hz band-pass filter and 50 Hz notch filter. Artifacts such as blinks and abrupt
movements were removed using envelope subtraction and amplitude thresholding:
samples exceeding three standard deviations, or 0.5 second windows around artifacts,
were discarded based on signal quality.

Each cleaned signal was segmented into 2, 3, and 4 second windows with
50% overlap. From each segment, 4 temporal, 15 spectral, 7 complexity, and
168 coherence features were extracted. Four statistical indices (mean, variance,
skewness, kurtosis) were computed for each feature, except coherence, where only
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mean and variance were used.

Bedford ratings, collected on a 10-point subjective workload scale, were grouped
into three levels (low, medium, high) and used as class labels for the machine
learning models. A Friedman test (p<0.05) confirmed significant differences in
subjective workload across the easy, medium, and hard conditions, validating
the effectiveness of the experimental manipulation. A classification analysis was
performed on normalized features to identify the optimal combination of feature
type and window size. Each classifier was optimized using five-fold cross-validation,
with 80% of the data used for training and 20% reserved for testing.

In binary classification, both coherence features and complexity features yielded
the highest performance, with an F1 score of 92.46% and an accuracy of 98.51%
on the test set. These results, consistent across multiple classifier—feature selector
combinations, highlight signal complexity and inter-channel connectivity as key
workload indicators. No consistent trend emerged for window length. In multi-
class classification, performance predictably decreased due to class imbalance and
subjective ratings used as class labels.
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Chapter 1
Introduction

The rapid evolution of modern technology has profoundly changed the way the
human brain manages multiple concurrent tasks. The increasing interaction between
humans and complex technological systems has raised the cognitive demands
required in many activities, stimulating research on how mental workload (MWL)
and stress manifest and affect performance. Understanding these phenomena is
essential for developing technologies that can assist operators and enhance safety
and efficiency.

Although mental workload and stress are two concepts highly correlated, they
are not interchangeable concepts. Mental workload is the demand placed on an
operator’s mental resources used for attention, perception, reasonable decision-
making and action. In contrast, stress can be described as a discrepancy between
the external demands placed on the subject and his ability to cope with them [1].

In many safety-critical fields, such as aviation, surgery and industrial operations,
maintaining an appropriate level of performance is essential. In fact, when workload
becomes too high (overload) the error rate increases, leading to critical situations.
For this reason, understanding how workload manifests and how can be controlled
is a central topic in human safety and ergonomics.

Developing a clear understanding of mental workload and how it can be measured
is crucial for designing adaptive human—machine systems capable of modifying
their behavior in response to the operator’s state. In aviation, for example, adap-
tive automation has been explored as a means to track a pilot’s workload and
provide timely assistance, helping to avoid performance degradation during highly
demanding phases of flight [2].

In this context, research on mental workload supports the development of safer
and more efficient technological systems.

Current approaches to assess cognitive load can be broadly classified into three
main categories. The first category comprises subjective rating scales, in which
operators are asked to report their perceived workload on predefined scales. When
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Introduction

properly designed, these instruments can achieve good sensitivity and reliabil-
ity; however, their accuracy may be affected by the respondent’s self-awareness,
motivation, and honesty, making them susceptible to different forms of bias.

The second one includes performance-based methods, in which workload is
evaluated based on parameters such as error rate, reaction times and other factors
related to task completion. These measures allow to capture the relation between
increased workload and performance. However, this type of measure may not catch
accurate features that describe cognitive load behavior.

The last category includes physiological measures, in which mental workload
is evaluated through the monitoring of some vital parameters. Techniques such
as electrocardiography (ECG), electrodermal activity (EDA) or electroencephalog-
raphy (EEG) provide continuous and objective information about the operator’s
state, allowing real-time assessment.

In this thesis, a novel multimodal approach combining subjective and physio-
logical measures was adopted. Specifically, frontal EEG activity was selected as
the main source of workload-related information, given that variations in electrical
brain activity are directly linked to changes in cognitive state. The exclusive use of
frontal and prefrontal electrodes was motivated by the intent to design a configu-
ration suitable for practical applications in operational environments, minimizing
discomfort and interference with the subject’s hair.

In addition, the Bedford Workload Scale was employed to record subjective
scores from the participants. The self-evaluations were used as ground truth, in
order to validate the measures conducted using EEG data.

A novel experimental protocol was designed to elicit efficiently different MWL
states. The Multi-Attribute Task Battery II (MATB-II), in combination with an
arithmetical secondary task, served as workload inductor in the study. MATB-II
was chosen for its multitasking structure, comparable to the one faced by aircraft
pilots. By changing the event rate and duration of MATB-II, different MWL
conditions were generated, allowing their measurement using EEG data.

EEG recordings collected during the experiment were processed using Visual
Studio Code and MATLAB. A customized signal-processing pipeline was developed
to clean the raw data and extract relevant features from both the time and frequency
domains. These features were then used to train several machine learning models,
with the aim of evaluating whether different workload states could be accurately
distinguished based solely on EEG activity.

Finally, the analysis aimed to determine whether mental workload could be
distinguished not only among different task intensities but also from the resting state,
thereby establishing a foundation for future developments in real-time workload
monitoring.

The development of a strong experimental protocol and the evidence of cor-
relation between changes in EEG features with workload changes represent an
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important starting point for adaptive human—machine interaction systems.

The following sections first introduce the relevant background, including an
overview of brain anatomy, the fundamentals of EEG, and the theoretical framework
of mental workload. The subsequent chapters describe the experimental setup, data
acquisition procedures, and signal-processing pipeline, as well as the classification
methods employed in this work. Finally, the results are presented and discussed in
relation to existing literature, highlighting the main findings and their implications.



Chapter 2

Background

Understanding the mechanisms underlying human cognition and behavior requires
a solid grasp of how the nervous system operates and how brain activity can be
objectively measured. This chapter provides an overview of the anatomical and
physiological foundations of the nervous system, focusing on the structures and
processes responsible for information transmission and integration. Particular
attention is devoted to electroencephalography (EEG), one of the most widely used
and accessible techniques for capturing the brain’s electrical dynamics with high
temporal resolution.

Together, the concept of mental workload (MWL) is described, as a center
topic in human performance, attention and decision-making. MWL is the cognitive
demand placed on operator’s mental resources used for task completion. Correlating
MWL and physiological measures, such as EEG enables an objective assessment of
cognitive states, allowing to develop accurate brain-machine interfaces.

The following sections described shortly the structure and functions of the ner-
vous system, the main characteristics and principles of EEG, and finally introduces
the MWL problem and the methodologies used to assess it.

2.1 The nervous system

The nervous system is the major controlling, regulatory, and communicating system
in the body. It is the center of all mental activity, including thought, learning,
and memory. The nervous system, in conjunction with the endocrine system,
plays a key role in regulating and maintaining homeostasis. Through its receptors,
the nervous system keeps us in touch with our environment, both external and
internal [3]. From the anatomical point of view, the nervous system is divided
into the central nervous system (CNS) and peripheral nervous system (PNS), as
illustrated in Figure 2.1. The CNS includes the brain and spinal cord, while the
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PNS consists of all nerves, ganglia, and sensory receptors outside the CNS. The
CNS'’s responsibilities include receiving, processing, and responding to sensory
information [4].

Central Nervous System Peripheral Nervous System

Brain

Spinal cord

Nerve

(@) (b)

Figure 2.1: CNS and PNS composition.

2.1.1 Brain

The brain is the primary organ of the CNS and represents the most complex
structure in the human body, containing billions of information-processing cells
called neurons. It is entirely enclosed and protected within the skull. The brain is
responsible for a wide range of functions, including learning, memory, perception,
and the initiation of voluntary movements. Anatomically, the brain consists on
three components: cerebrum, cerebellum and brainstem [5], as showed in Figure
2.2.

The cerebrum is the largest part of the brain and it is divided into the left and
right hemispheres. Both hemispheres are composed of an outer layer of gray matter
called cerebral cortex and an inner subcortical white matter. The cerebrum is
involved in processing sensory inputs, controlling movement, language, emotions,
learning and reasoning.

The cerebellum is a bilaterally symmetrical structure, with a cortex situated
on the outside and nuclei on the inside. The cerebellum’s primary function is to
modulate motor coordination, posture, and balance [6].

The brainstem is the most caudal portion of the brain, and contains ten of the
twelve pairs of cranial nerves, which are peripheral nerves that propagate directly
from the brain and not from the spinal cord. In the brainstem there is also the
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reticular formation, a network that plays a key role in regulating the sleep-wake
cycle, cortical arousal, and states of consciousness [6].

cerebrum

cerebellum

brainstem

Figure 2.2: Cerebrum, cerebellum and brainstem location.

2.1.2 Cerebral cortex

The cerebral cortex is the outer layer of the cerebrum and represents the most
evolutionarily advanced region of the brain, as well as the last to develop. It is
composed by folds and convolutions, with the ridges between the convolutions called
gyri and the valleys between the gyri called sulci [5]. This structural organization
increases the surface area of the cortex, allowing a greater volume of gray matter
to be accommodated within the limited space of the skull.

The cerebral cortex enables the perception of the surrounding environment,
the formulation of thoughts, the expression of emotions, and the recollection of
past events. It is also the region from which all motor commands for voluntary
movements originate [6]. To perform these tasks, each hemisphere is divided into
four regions called lobes (Figure 2.3):

o Frontal lobe;
o Parietal lobe;
e Occipital lobe;
« Temporal lobe.

Within each lobe, the cerebral cortex is further divided into regions that support
specific functions. A clear example of this organization is the topographic arrange-
ment of the primary motor and somatosensory cortices. Their somatotopic maps,
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known as the motor and sensory homunculi, illustrate the correspondence between
different body parts and distinct cortical areas. In these representations, the size
assigned to each body region reflects the amount of cortical resources dedicated to
it, as shown in Figure 2.4.

Human Brain Anatomy

Frontal lobe Parietal lobe

Figure 2.3: Lateral view of brain lobes

Shoulder

Gums
Pharyny

Figure 2.4: Motor and sensory homunculi from the transversal section of the
primary motor and sensory cortex.
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2.1.3 Neuron

Neurons (also called nerve cells) are the fundamental units of the brain and nervous
system, the cells responsible for receiving sensory input from the external world,
for sending motor commands to our muscles, and for transforming and relaying
the electrical signals at every step in between [7]. Alongside neurons, the brain
also contains glial cells, which represent the second major class of cells in the
nervous system. These cells do not conduct electrical impulses but play crucial
supportive roles, including maintaining homeostasis, forming myelin, and providing
structural and metabolic support to neurons. A typical neuron comprises four
morphologically distinct regions: the cell body (soma), dendrites, the axon, and the
presynaptic terminals. Each of these regions has a distinct role in the generation
and transmission of neural signals.

The cell body acts as the metabolic center of the neuron. It contains the nucleus,
which holds the cell’s genetic material, as well as the endoplasmic reticulum, where
proteins essential for neuronal function are synthesized. Extending from the soma
are the dendrites and, in most cases, a single axon. The dendrites receive incoming
signals, while the axon is a long, tubular projection that carries electrical impulses
to downstream neurons.

The axon originates from the cell body and carries action potentials, the funda-
mental electrical signals of the nervous system, which are initiated at a specialized
region called the axon initial segment. These signals travel without loss of strength
or distortion at speeds between 1 and 100 meters per second due to the all-or-none
nature of action potentials, which are regenerated along the axon. To increase con-
duction speed, many axons are wrapped in a myelin sheath, a lipid-rich insulating
layer generated by the Schwann cells. This sheath is periodically interrupted by
nodes of Ranvier, which are essential for the regeneration of the action potential,
enabling rapid and efficient signal propagation through a mechanism known as
saltatory conduction [8]. A schematic overview is illustrated in Figure 2.5.

2.1.4 Synapses

Synapses are specialized junctions that mediate information transfer between
neurons, typically from the axon terminal of a presynaptic neuron to the dendrite
of a postsynaptic neuron. However, synapses can also occur between axon and
soma, between two axons, or even between two dendrites. Synapses are broadly
classified into electrical and chemical types [9].

Electrical synapses (Figure 2.6(a)) are direct cytoplasmic connections formed
by protein channels between adjacent neurons, allowing for almost instantaneous
transmission of electrical signals with minimal delay. Though relatively rare, they
are prevalent in certain brain regions such as the thalamus and support synchronous
activity. These synapses can also undergo forms of plasticity.
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Dendrite
Axon
terminal

Node of /
Ranvier

Schwann
cell

Myelin
sheath

Nucleus

Figure 2.5: Anatomy of the neuron.

Chemical synapses (Figure 2.6(b)), the more common type, consist of a presy-
naptic terminal, a synaptic cleft, and a postsynaptic membrane. Neurotransmitters
stored in vesicles within the presynaptic terminal are released in response to action
potentials, triggered by calcium ion influx. These neurotransmitters then diffuse
across the cleft and bind to specific receptors on the postsynaptic membrane,
eliciting either fast (ionotropic) or slow (metabotropic) responses.

Figure 2.6: Basic structure and operation of chemical (a) and electrical synapses
(b) [10].
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2.1.5 Action potential

An action potential is a rapid sequence of changes in the voltage across a membrane.
The membrane voltage, or potential, is determined at any time by the relative
ratio of ions, extracellular to intracellular, and the permeability of each ion. In
neurons, the rapid rise in potential, depolarization, is an all-or-nothing event that is
initiated by the opening of sodium ion channels within the plasma membrane. The
subsequent return to resting potential, repolarization, is mediated by the opening
of potassium ion channels [11].

A neuronal action potential can be described in three consecutive phases: de-
polarization, repolarization, and hyperpolarization. Depolarization begins when
the membrane potential reaches the threshold level, triggering the opening of
voltage-gated sodium channels (Nav). The resulting influx of sodium ions further
depolarizes the membrane and creates a positive feedback effect that drives the
opening of additional Nav channels. In mature neurons, this phase lasts roughly 1
ms, after which the sodium channels enter an inactivated state and are temporarily
unable to conduct ions.

Repolarization follows with the activation of voltage-gated potassium channels
(Kv). Although they are sensitive to a threshold similar to Nav channels, Kv
channels exhibit slower kinetics. Consequently, their opening occurs approximately
when Nav channels are already inactivated. The outward flow of potassium ions
drives the membrane potential back toward resting values. Due to their delayed
closure, Kv channels remain open slightly longer than required, producing a transient
hyperpolarization, in which the membrane potential falls below its resting level.
While the channel remains open when the cell is above the threshold voltage, the
channel is said to be inactivated because it does not allow ion movement. Therefore,
following each action potential the cell has an absolute refractory period in which
Nav are inactivated and cannot be recruited to induce another action potential.
The process is illustrated in Figure 2.7

The propagation of the action potential depends on whether the axon is myeli-
nated or unmyelinated. In myelinated axons, the insulating myelin sheath restricts
ion flow, concentrating depolarization events at the nodes of Ranvier. This mech-
anism, known as saltatory conduction, allows the signal to jump from node to
node, thereby increasing conduction velocity by more than an order of magnitude
compared to unmyelinated axons. In contrast, in unmyelinated fibers, the depo-
larization must spread continuously to adjacent membrane regions, generating a
slower wave of excitation.

Action potentials typically originate at the axon hillock, where excitatory inputs
are integrated and the threshold for activation is most easily reached. In sensory
neurons, however, initiation often takes place at the distal terminals of the axon
[11].

10



Background

Action potential

+40
Na® ions in
sl |3 ©
= o
- ~ o3
S o0 9 5 N
1S B‘ ™ K+ i
= 3 (] ions out
2 ¢ 5
s 9 >
o
- Threshold  / Failed (5
-55 initiations
Resting state
70 |— e e

Hyperpolarization
0 1 2 3 4 5
Time (ms)

Figure 2.7: Schematic representation of the action potential,

2.2 Electroencephalography

Electroencephalography (EEG) is a record of the electric signal generated by the
cooperative action of brain cells, or more precisely, the time course of extracellular
field potentials generated by their synchronous action. The term electroencephalog-
raphy originates from the Greek words enkephalos (brain) and graphein (to write)
[12].

EEG signals can be recorded using electrodes placed either on the scalp or
directly on the cortical surface. In the latter case, the technique is referred to as
electrocorticography (ECoG). When electric fields are measured intracortically, they
are known as local field potentials (LFPs). EEG activity recorded in the absence
of external stimuli is termed spontaneous EEG, whereas EEG responses elicited by
external or internal stimuli are referred to as event-related potentials (ERPs). EEG
has multiple applications, including the diagnosis of epileptic seizures, monitoring
of anesthesia during surgery, assessment of brain lesions, and investigation of sleep
disorders. It is also employed in the evaluation of neurological and psychiatric
conditions such as Alzheimer’s disease, Parkinson’s disease, schizophrenia, and
depression. Furthermore, EEG is used to monitor brain activity in patients admitted
to intensive care units and in the application of therapeutic interventions such as
deep brain stimulation.

Richard Caton (1842-1926), an English scientist, is credited with discovering
11
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the electrical properties of the brain, by recording electrical activity from the brains
of animals using a sensitive galvanometer, noting fluctuations in activity during
sleep and absence of activity following death. Hans Berger (1873-1941), a German
psychiatrist, recorded the first human EEGs in 1924 [13].

2.2.1 EEG characteristics

The EEG signal exhibits notable characteristics that can be observed in the time
domain:

o Amplitude: variable between 10 and 500 xV, and can be distinguished in
low (<30 pV), medium (30-70 xV) and high (>70 V) amplitude.

e Morphology: represents the way in which a repetitive signal with a dominant
frequency manifests and can be classified as either polymorphic or monomor-
phic. A polymorphic signal consists of a sequence of potentials within the same
frequency band but with irregular periodicity and often varying amplitudes.
In contrast, a monomorphic signal consists of a sequence of potentials with
perfectly regular periodicity and, frequently, identical amplitudes.

o Topography: defines the cerebral areas where an electrical event takes place
and can be identified with reference to the distinction between lobes (frontal,
parietal, occipital or temporal) and hemispheres (left or right).

o Symmetry/Asymmentry: signals are considered symmetric if they manifest
in both hemispheres with the same frequency, amplitude and duration, even if
they occur at different times. Signals are considered asymmetric if they appear
only in one hemisphere or, when bilateral, exhibit different characteristics.

o Synchrony/Asynchrony: signals are considered synchronous if they appear
simultaneously in both hemispheres, and asynchronous if they appear in both
hemispheres at different times.

2.2.2 EEG rhythms

EEG signals exhibit distinct components in the frequency domain that have been
associated with different physiological or cognitive states. While they are primarily
used in sleep analysis, they also hold great potential for applications in other areas,
such as mental workload assessment and stress classification. These components,
also called EEG rhythms, are shown in Table 2.1. Figure 2.8, instead, depict the
primary five waveforms of the different bands.
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Rhythm | Frequency (Hz) | Amplitude (¢V) | Characteristics
delta (9) 0.5-4 20-200 Pathological  conditions,
deep sleep
theta () 4-8 5-100 Falling asleep, light sleep
alpha («) 8-12 10-200 Mental relax
beta () 12-30 1-20 Attention, concentration
gamma (7) >30 1-20 Learning process, high con-
centration and memory
tasks

Table 2.1: EEG rhythms and their associated status.
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Figure 2.8: EEG signal decomposed into its frequency bands. From the top: o
(0.5-4 Hz), 6 (4-8 Hz), v (8-12 Hz), 8 (12-30 Hz), v (>30 Hz) [14].

2.2.3 EEG recording standards and the International 10-20
System

EEG can be recorded invasively, for example through methods such as ECoG, or
more commonly in a non-invasive manner using electrodes placed on the scalp.
In this work, the latter approach is considered, as it enables the acquisition of
brain activity without surgical intervention while maintaining adequate spatial and
temporal resolution.

In scalp EEG, electrode—skin impedance plays a crucial role in defining the
electrical properties of the recording interface. Lower impedance values generally
lead to higher signal quality, as they enhance the transmission of the brain’s
electrical potentials to the recording system. Moreover, reduced electrode—skin
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impedance minimizes power line interference and increases the robustness of EEG
recordings against motion-related artifacts, including those generated by cable
movements. There are two types of electrodes that can be used to record an EEG
signal, as illustrated in Figure 2.9:

« Wet/Gel electrodes: exhibit the lowest electrode—skin impedance (typically
below 5 kS2). The most common type is the silver/silver chloride (Ag/AgCl)
electrode, which uses an electrolyte gel to ensure good conductivity. Although
considered the clinical gold standard, wet electrodes have notable drawbacks:
the gel can dry out over time, adjacent electrodes may form conductive
bridges, and both scalp preparation and gel application can be uncomfortable
or inconvenient for the subject [15].

e Dry electrodes: have been introduced as an alternative to wet electrodes for
long-term EEG recordings, as they avoid scalp preparation and gel application.
They can be divided into contact, noncontact, and insulating types. Contact
dry electrodes, which rest directly on the scalp, are the most common due
to their lower impedance and better performance compared to other dry
designs. However, the absence of conductive gel results in higher electrode—skin
impedance (up to several MQ at 50/60 Hz), making the signal more sensitive to
noise, interference, and motion artifacts. Proper shielding is therefore required.
Passive dry electrodes, connected to the amplifier through unshielded cables,
often provide lower signal quality, so active dry electrodes (that features on-site
amplification to reduce environmental noise) are generally preferred [15].

Up to 1947 there was a lack of uniformity in the positioning, numbering system
and montages of electrodes on the scalp. In 1949, the first standardized system was
presented at the 2nd International Congress of IFSECN in Paris, and published by
Jasper in 1958. It is still universally used and known as the International 10-20
System (SI 10-20) [16].

The traditional 10-20 electrode placement system defines the positions of 19
EEG electrodes on the scalp, along with two additional electrodes located on the
earlobes (A1/A2), in relation to specific anatomical landmarks. The system is
based on distances corresponding to 10% or 20% of the total length between these
landmarks (Fig. 3). The naming convention of each electrode derivation consists
of two parts: the first indicates the row of the array from the front of the head
(Fp, F, C, P, O, T), while the second specifies the hemisphere, with even numbers
assigned to the left side, odd numbers to the right, and the central line denoted by
'z’ (or ’0) [12], as can be observed in Figure 2.10.

Progress in topographic representation of EEG recordings brought demand for a
larger amount of derivations. Electrode sites halfway between those defined by the
standard 10-20 system were introduced in the extended 10-20 system, as shown in
Figure 2.11.
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Figure 2.9: Top: comparison of wet (on the left) and dry (on the right) electrodes.
Bottom: electrical model of the various electrode-skin interface [15]
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Figure 2.10: Frontal and lateral views of the International 10-20 System.
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Figure 2.11: Frontal view of the extended 10-20 system.

2.2.4 Unipolar and bipolar configurations

Once the electrodes are positioned on the scalp, there are two possible approaches to
perform the signal acquisition. The first one is monopolar (referential) acquisition,
in which each electrode records the potential difference with respect to a common
reference. The reference electrode is ideally electrically neutral and can be placed
on the earlobe, mastoid, chin, or neck, although no universally accepted standard
exists for its placement [12]. This configuration, showed in Figure 2.12(a) provides
information on the absolute potential at different scalp sites and is particularly
sensitive to widespread brain activity. However, it is also more susceptible to noise
and artifac