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ABSTRACT

Neuronal Mechanisms of Perception and
Cognition

An anthology of abstract models and experimental
deductions in prevailing neuroscience paradigms

The thesis explores neural substrates functioning as complex networks in
several predominant neuroscience paradigms, including motor imagery,
flickering images, picture naming, semantic anomalies, auditory oddball,
and motion-onset visual evoked potentials.

The corresponding experimental designs and algorithms for recording
electrophysiological data, such as magnetoencephalography (MEG) and
electroencephalography (EEG), obtained during experimental tasks by
the subjects are presented. We use standard tools and develop new phys-
ical and mathematical methods for data analysis.

Models of underlying mechanisms of perception and cognition are dis-
cussed, proposed, tested, and compared with modern approaches and
our own experiments. Key models / mechanisms include neural commu-
nication during motor imagery, generalised perceptual models, coherence
resonance in visual perception, and the use of a neural network for object
recognition.

New brain-computer interface (BCI) applications are introduced, and ex-
isting systems are improved. Key suggestions include proper signal fil-
tering for using artificial neural networks in BCI to classify imaginary
movement, model-free estimation of brain noise, efficient BCI percept-
tracking using wavelet transforms, measuring voluntary attention per-
formance, and real-time monitoring of pedestrian traffic based on wire-
less EEG data, as well as designing a cryptosystem, whose access is only
possible through cognitive activity.

XII



Chapter 1

INTRODUCTION

1.1 Motor Imagery

Motor imagery (MI) can be defined as the mental simulation of overt move-
ments in the absence of any muscle movement. The understanding of this
phenomenon is pivotal not only in furthering fundamental neuroscience
but also for its applications in rehabilitation of stroke and trauma pa-
tients as well as brain-controlled bioprostheses and exoskeletons[159,
74, 176].

Such applications are realised by means of what are called brain-
computer interfaces (BCI) that translate brain activity associated with MI
to computer codes for controlling external devices. MI-based BCI can be
divided into three categories based on the direction of information flow:
1) feedforward brain activity to control external device(s), 2) closed-loop
brain activity with feedback for neural rehabilitation, and 3) closed-loop
brain activity with feedback to improve cognitive performance. The last
category belongs to a rather niche body of research that is in its infancy
and thus is generally not considered a separate category in the general
bifurcation [2].

The comprehension of the underlying electrophysiological activity during
MI is crucial to recognise brain activity patterns that can be used as
features to be translated into machine codes.

MI can be categorised into 2 forms, namely, visual imagery (VI) and ki-
naesthetic imagery (KI). While VI consists in the subject visualising to
move a limb that does not require any special training or sensing of the
muscles, KI requires feeling the muscles associated with that movement
that can usually only be achieved by athletes or specially trained per-
sons [157]. Functional magnetic resonance imaging (fMRI) studies report
the involvement of motor associated areas and inferior parietal (IP) cortex
for KI subjects, in contrast to VI subjects who exhibit the involvement of
visual and superior parietal cortices [76]. In KI subjects, the activated
network overlaps with the motor areas activated during real movements
[180] with marginal differences attributed to an additional mechanism
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CHAPTER 1. INTRODUCTION

for inhibiting motor commands to avoid real movements [213, 83, 77, 2].
Multiple transcranial magnetic stimulation (TMS) studies [106, 112, 215,
135, 157] confirm the overlapping activity in the brain areas during KI
and real movement. In addition, the TMS study by Lebon et al. suggests
that the IP participates in the inhibitory control of the primary motor
cortex (M1) during KI-dominated MI [131]. However, despite extensive re-
search on MI, no clear experimental evidence supporting an underlying
KI mechanism has yet been provided.

One of the most popular experimental paradigms in MI research is study-
ing sensorimotor rhythms (SMR) [2], which involves KI of large body parts,
such as whole limbs, to obtain modulations in neuronal activity [160].
Further, alpha- and beta-rhythms are crucial and ubiquitous in most
studies on MI [41]. For example, in 1991, Wolpaw et al. [241] used the
alpha-rhythm to control one-dimensional cursor position on a computer
screen. Later, more advanced and sophisticated methods, such as lin-
ear regression, logistic regression, and artificial neural networks (ANNs),
allowed controlling three-dimensional cursor positions [239, 240, 149],
prosthetics [164, 32, 192], and robots [163, 109, 198, 13, 127], and re-
habilitating stroke patients using MI [192, 168, 193] (for reviews, see [2,
6]).

MI has been studied using numerous experimental techniques [77]. The
most popular of whom are functional magnetic resonance imaging (fMRI)
[213, 83], positron emission tomography (PET) [214, 20, 146], electroen-
cephalography (EEG)[180, 235, 178, 89, 165, 55], transcranial magnetic
stimulation (TMS) [106, 112, 215, 135, 157], and magnetoencephalogra-
phy (MEG) [197, 201, 113, 82, 81]. Moreover, the most popular noninva-
sive technique to study MI is EEG [15, 141, 158, 230, 104, 138, 179, 142]
that has been used for applications such as controlling wheelchairs [15],
communication aid systems [16], assistive and rehabilitative devices for
healthy [151] and disabled people, stroke patients and people with other
neurological deficits [43, 18, 141, 158, 17]. On the other hand, a fair
amount of research has also been devoted to magnetoencephalography
(MEG) studies on MI [197, 201, 113, 82, 81], which has the advantage of
a higher spatial resolution and better resilience against artifacts in com-
parison to EEG. Although the pros of EEG over MEG, such as low cost
and portability, are crucial for BCI development but can be kept aside
while understanding the fundamental activity underlying MI.

To understand and classify MI, many methods based on time-frequency
and spatio-temporal analyses are commonly used. Among them, the
most common ones are event-related synchronization (ERS) and desyn-
chronization (ERD), power spectral density, wavelet transform, empirical
mode decomposition, common spatial patterns, as well as their combina-
tions [197, 218, 111, 239, 210, 73, 174]. Moreover, for MI classification
in EEG and MEG studies, the methods of machine learning and artificial
intelligence are also used [97, 145, 98].

To the best of our knowledge, none of the MEG studies have utilised un-
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CHAPTER 1. INTRODUCTION

trained healthy subjects for MI prior to our work. In a study with trained
healthy subjects, Halme and Parkkonen obtained commendable accura-
cies in classification of left-hand versus right-hand MI and between MI
and the resting-state using a combination of spatio-spectral decomposi-
tion and common spatial patterns [82]. Recently, the same team of au-
thors applied this method to both MEG and EEG together for training MI
classifiers in BCI [81]. Their study demonstrated a rather efficient classi-
fication of MI even in the absence of any category-specific treatment of KI
and VI participants. On the other hand, KI and VI forms affect the clas-
sification accuracy, e.g., the accuracy rates obtained for KI were shown
to be better than that for VI [165]. In this context, taking into account,
that untrained subjects are more likely to perform MI in the VI form, the
possibility to increase the accuracy rate for VI subjects is in high demand
in order to develop more pragmatic BCI applications.

With this in mind, the aim of the presented work in section 3.1 is twofold:
(i) to obtain information about MI-related electrophysiological activity for
developing optimal strategies to achieve maximal classification accura-
cies between the MI of left versus right hand in untrained subjects; and
(ii) to understand the underlying brain behaviour in MI through the lenses
of MEG. We analyse MEG signals, especially in the alpha- and beta-
frequency bands, associated with MI in the SMR paradigm. Thus, we
develop an optimisation technique that allowed us to achieve classifica-
tion accuracies in VI as high as in KI and other state-of-the-art reported
accuracies. Later, we focus on the inhibitory mechanism to avoid overt
action during KI, that was previously investigated using other neuroimag-
ing techniques, such as fMRI and TMS. Subsequently, we propose a neu-
ronal pathway and mechanism of MI that explains all empirical observa-
tions related to KI and real movements and validate our proposition at
multiple intermediate stages.

1.2 Perception

The brain can be considered a multistable dynamical system when it
comes to decision making, wherein thinking entails traversing of multiple
coexisting states with dissimilar stabilities [114]. Multistable perception is
a kind of decision making process where the brain considers multiple co-
existing percepts of a perceptually-ambiguous stimulus and decides on a
particular state to perceive either temporarily or permanently depending
on the degree of ambiguity of the stimulus.

Numerous theoretical models have been proposed to describe this de-
cision making process that involve suppression of rival states and self-
stabilisation [128, 129, 237]. The competition between the rival states is
manifested by means of reciprocal inhibition between the competing neu-
ronal populations. This competition is possibly accompanied by adapta-
tion which is defined as the self-destabilisation of the active state due to
its prolonged activation in the memory [103].
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These models can broadly be classified into oscillatory models and energy
models. In the former, adaptation plays a stronger hand in switching be-
tween states, whereas in the latter, noise is the sole reason behind the
switches. Nonetheless, it is widely accepted that both noise and adap-
tation guide the traversal of brain over the multistable states [24, 52,
161, 205, 150, 103]. Adaptation determines the perceptual choice [103],
whereas brain noise induces randomness in the time moments corre-
sponding to perceptual switches [227].

A new model is required that combines both noise and adaptation with
the possibility to adjust their relative strengths along with other model
parameters such as stimulus amplitudes and strength of mutual inhibi-
tion between rival percepts so that the qualitative behaviour of the model
matches the empirical observations from real experiments. For example,
one of the main drawbacks of the energy models is that they are unable to
reproduce the empirical observations such as the skewed shapes of rest-
ing time distributions. Resting time is defined as the time a multistable
system rests in one of the states before switching to another.

The aim of the presented work in section 3.2 is to develop an advanced
model of perception using simplistic mechanisms that capture the adap-
tation phenomenon accompanied by brain noise with minimal variables
and assumptions. Therein, we demonstrate the development of the model
and the resolution of its dynamics along with its relevance and implica-
tions. This work is inspired by the motion quartet model of Hock et al.
[92].

1.3 Brain Noise

Internal brain noise plays many important roles in the nervous system
[103, 68, 161, 5, 119, 190, 212]. It is needed for brain’s functionality at
all levels of its organisation, from the cellular level to the network level
[115]. Widely reported positive contributions of brain noise include co-
herence resonance based signal detection [5, 207, 222, 181, 244, 65, 34]
and prevention of deadlocks in decision making [115, 184, 196, 97, 33].
Coherence resonance entails enhancing brain response to weak stimuli
to make them detectable even when their signal strengths are below the
perception threshold. On the other hand, in decision making scenarios
in the brain, noise causes switches between the multistable alternatives
and thus prevents deadlocks.

Random fluctuations of physiological parameters in processes such as
synaptic release of neurotransmitters, synaptic input from neighbouring
neurons, switching of ion channels, etcetera are the sources of internal
brain noise [107, 49].

The existing methods of measuring brain noise are based on theoretical
models of bistable perception [184, 196]. To elaborate with an exam-
ple, Pisarchik et al. [184] conducted psychological experiments, wherein
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visually-bistable Necker cubes were presented to the subjects and the
luminance of the inner edges were varied continuously in time. The con-
trast in the luminance of the inner edges acted as a control parameter in
showing either a left oriented cube or a right oriented cube. The partic-
ipants labelled the time moments with the perceived cube orientations.
The control parameter was varied in the forward and backward direction
near the onset of bistability and the measurement of hysteresis served as
an estimate of brain noise. Although, such methods are statistically very
accurate, they are dependent on theoretical models of bistability. What
happens in the case of a visually-tristable stimulus? There is a need for
new methods that are free of any such dependence on the limited bistable
perception model.

In this work, we develop a method for estimating brain noise based on
brain responses to flickering visual stimuli. In such kind of studies,
researchers often deal with visual evoked responses. Visual evoked re-
sponses in magnetoencephalography (MEG) studies are referred to as
visual evoked fields (VEF). If the stimulus frequency is fast enough to
prevent the evoked response from returning to a baseline, the evoked
responses are continuous and called steady-state visual evoked fields
(SSVEF). Regan [194] studied steady-state evoked responses in electroen-
cephalography (EEG) recordings and found nearly sinusoidal shapes of
the steady-state evoked responses at the first and second harmonics of
the stimulus frequency.

The majority of studies based on the visual flickering paradigm are per-
formed using EEG. There are not many flickering studies which have
utilised MEG; examples of some that have are [40, 221, 110, 4, 3, 4, 195,
171]. Among them, the study by Parkkonen et al. [171] used frequency-
tagged flickering signals in examining multistable perception.

The interest in the visual flickering paradigm has gained a significant
momentum due to the development of brain-computer interfacing (BCI)
technology using steady-state visual evoked responses which was started
by Vidal’s work in 1973 [231]. Such BCI “tag” flickering targets with
unique stimulation frequencies [153], phases [147], or combinations of
both [108]. Herein, the recorded electrophysiological activity in the occip-
ital cortex exhibits the characteristics of the gazed target.

Thus, we propose a novel method of brain noise estimation based on
the visual flickering paradigm that is independent of any theoretical
model of bistable perception. The developed method is presented in sec-
tion 3.3.

1.4 Visual Perception

The human brain is a network of approximately 86 billion neurons [9]
that fire in unison at a local cluster level. Each cluster belongs to a spe-
cific region in brain with a specific function and is connected to other
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such clusters. Such clusters can be defined subject to the study at hand
and the experimental paradigm. The methods to study the connectivity
between any 2 regions of brain or clusters can be classified into 3 cate-
gories: functional, structural and effective connectivity.

Structural connectivity is aimed at identifying anatomical networks to
show possible pathways of neural communication [130, 236]. Functional
connectivity methods look for regional brain activities from different lo-
cations that correlate in terms of frequency, phase, and/or amplitude
[223]. Effective connectivity methods go one step further from functional
connectivity methods and additionally determine the direction of informa-
tion flow [26, 94]. Functional and effective connectivity can be estimated
in both time- (e.g. Granger causality [99]) and frequency-domain (e.g.
Coherence [23]).

Coherence or magnitude-squared coherence is commonly used for es-
timating synchronisation between spatially separated brain activities in
magnetoencephalography (MEG) studies [60]. Coherence is an estimate
of how consistent the relative amplitudes and phases of two considered
signals are. Thus, identical signals result in a coherence magnitude of 1,
whereas the magnitude asymptotically converges to 0 as the dissimilarity
between the signals is increased.

Substantial progress has been made in the development of computational
algorithms over the last two decades that has made it possible to compute
the connectivity between electrical sources on the brain using MEG [99]
instead of connectivity between MEG channels. Performing coherence
analysis following brain source reconstruction was introduced in 2004
by Hoechstetter et al. [93]. Herein, discrete electrical source models are
created using brain source modelling (implementation details described
in section 2.9) and coherence of the reconstructed sources is used to re-
veal connections between the brain sources. The application of source
reconstruction to estimate brain source activity from the recorded chan-
nel data has the effect of removing field leakage among adjacent channels.
This averts localisation errors that are innately tied to coherence studies
using channel data [93]. Coherence has thus been used to estimate brain
connectivity in a diverse range of studies consisting of both patient and
healthy populations [72, 75, 14, 173, 91, 118, 22, 21, 37, 38].

Coherence of the brain activity with the same stimulus can vary over dif-
ferent subjects. For instance, flickering visual stimulus induces a coher-
ent response in the visual cortex at the flicker frequency and its harmon-
ics but with varying coherent neuronal network size [39]. Each participat-
ing visual neuron and its interconnecting synapses bring noise into this
network which can desynchronise the coherent neuronal activity. There-
fore, one could argue that a larger visual neuronal network carrying a
higher brain noise should have lower coherence to the flickering stimu-
lus. On the other hand, a larger coherence in the visual cortex entails a
larger active neuronal population corresponding to a higher brain noise.
Both these speculations related to visual perception are contraindicative
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and need to be looked upon. This will be the central question explored in
section 3.4.

1.5 Visual Attention

Wilhelm Wundt was the first to suggest that there are two forms of at-
tention, namely voluntary and involuntary attention[242]. These two
forms of attention have distinguishable functions and are controlled by
distinct mechanisms. Prinzmetal et al. [188] suggest that voluntary at-
tention is tied to perceptual focus, whereas involuntary attention influ-
ences response-selection decisions. The same authors also introduced
the ideas of channel enhancement and channel selection to explain the
manifestations of the two forms of attention.

Channel enhancement is a mechanism of voluntary attention that enables
the perceptual system to gather more information from the attended stim-
ulus than from the unattended stimulus. The perceptual representation
is modified to promote a clearer view of the stimulus one is attending
to [186, 187, 189]. In fact, voluntary attention improves the perceived
contrast of the attended-to-unattended image [29, 140, 224]. Channel
selection, on the other hand, is a mechanism of involuntary attention
that facilitates perceptual decision-making such as selecting from shown
responses or locating cued targets.

There is a general agreement on the Stroop effect only engaging channel
selection and not channel enhancement [12, 232]. To elaborate, consider
the word RED written in blue ink being shown to a person and the person
being asked to name the used ink colour. Due to a competition between
red or blue as the response (channel selection), the response might be
delayed but the perceived colour would not be altered (NO channel en-
hancement). Thus, involuntary attention, i.e. attention to the stimulus
without any specific effort to perceive it in a certain way, driven by chan-
nel selection only affects response selection and not perceptual accuracy
(channel enhancement). Indeed, studies have reported that involuntary
attention to the stimulus only affects channel selection and not channel
enhancement [84, 156, 169].

Multistable perception is a phenomenon where the same stimulus can be
perceived in more ways than one. The simplest form of multistable per-
ception is bistable perception where two different interpretations of the
same stimulus exist. Bistable perception has been a hot topic since the
last two decades and many theoretical models aimed at describing the
phenomenon have surfaced [161, 205, 103, 150, 52, 33]. Research sug-
gests that brain noise and a process called adaptation (for definition of
adaptation, see section 1.2) are collectively responsible for switches be-
tween the two possible percepts or states [205, 103, 33, 24, 52, 161,
150]. Each percept competes with the rival percept and the active per-
cept tends to suppress its alternative. Similarly, visual attention demon-
strates a competition between alternate percepts for enhanced perceptual
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representation. This suggests that multistable perception and attention
might be related processes [88, 133].

We designed a novel set of experiments using visually-bistable Necker
cubes that selectively engage voluntary and involuntary attention.
Frequency-tagged stimuli can be used to elicit brain responses in the vi-
sual cortex at the chosen tag frequencies [182, 36]. Therefore, tagging the
two orientations of the Necker cube with different frequencies allowed us
to monitor the attention of the subjects on the two percepts by analysing
the spectral content of the brain activity in the visual cortex. The ex-
periments were conducted while we measured the MEG activities of the
subjects. The first experiment (Experiment-2B in section 2.2) required
the subjects to focus on either of the two percepts in multiple disjoint tri-
als of 5 s. The analysis of this data served dual purposes: i) validated that
the perceived cube orientation can be tracked using the spectral content
of the visual brain activity; and ii) produced a measure of the ability of
the subjects to voluntarily attend to a given cube percept. In the second
experiment (Experiment-2C in section 2.2), the subjects simply fixated at
the centre of the stimulus without any effort to focus on either of the cube
percepts. The analysis of MEG data from the second experiment exploited
the findings of the first experiment in developing an algorithm to track the
perceived cube orientation and characterised the spontaneous switching
between the cube percepts in all subjects. All analyses are presented in
section 3.5.

Another interesting direction in the visual perception research is that of
noise-assisted detection of sub-threshold stimulus. In a system of oscil-
lators such as neurons, a weaker sub-threshold periodic stimulus cannot
evoke a response and thus would remain undetected. However, addition
of just the right amount of noise to the stimulus signal can provide the
necessary jump to cross the threshold of evoking a coherent response
in the system. Lesser amount of noise would not enable matching the
threshold and greater amount of noise would desynchronise the system
response. Thus, the oscillatory response of the system would be most
coherent with the periodic stimulus only after the addition of an opti-
mal amount of noise. This phenomenon is called coherence resonance
(CR).

Andreev et al. [5] studied CR in a network of Rulkov neural oscillators.
Herein, neurons with intrinsic noise were coupled all-to-all with randomly
distributed coupling strengths. A subpopulation of variable size was
stimulated directly and coherence of the whole network with the stim-
ulus signal was measured. The researchers found an optimal size of the
stimulated sub-network, corresponding to an optimal amount of noise as
each neuron brought its own noise to the sub-network, for which the co-
herence of the larger sub-network peaked. Subsequently, the same team
of researchers found experimental evidence of CR in EEG experiments
based on visual perception in healthy human subjects [183].

In this work (section 3.5), we too test the involvement of CR in visual
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perception in our voluntary attention experiments with healthy human
subjects. Herein, the system of oscillators is composed of the early visual
cortex and the lateral occipital (LO) cortex which has been shown to play
a pivotal role in object recognition [71, 59, 35]. The smaller subsystem
corresponding to the LO was assumed to be feeding the object identifying
information along with noise to the early visual cortex (larger subsystem)
for sustained visual detection. This model was based on the idea that
visual detection of an object is affected by our ability to recognise that
object. Thus, we studied the effect of the LO sub-network size on the
sustained percept detection or coherence of the larger early visual cortex
sub-network with the periodic stimulus.

1.6 Object Recognition

The mental faculty to name everyday objects is a key brain function and
is popularly studied in picture-naming experiments. Therein, the sub-
jects try to name an object after it is described to them either visually or
auditorily [71, 59].

The brain response in a picture-naming task can be divided into three
stages [59]: 1) sensory processing, 2) semantic processing, and 3) artic-
ulation. In case of visual picture-naming, sensory processing occurs in
the lateral occipital (LO) cortex [59]. From the occipital cortex, the brain
activity moves anteriorly along two routes: 1) ventral route and 2) dor-
sal route [226, 57]. In the ventral route, the activity passes from caudal
to rostral fusiform gyrus (FG), whereas in the dorsal route, the activity
moves from occipital pole to intraparietal sulcus (IPS).

Moreover, Forseth et al. reported activation of inferior frontal gyrus (IFG)
and posterior middle-temporal gyrus (pMTG) along with FG and IPS dur-
ing the semantic processing stage [59]. The ability to recollect the mean-
ing of a noun, irrespective of any specific context, can be attributed to the
semantic memory [191, 225]. The neuronal substrate underlying seman-
tic memory has been localised to the fusiform gyrus [59]. On the other
hand, IFG participates in semantic selection and phonological process-
ing [220, 234, 90]. It consists of the pars triangularis or Brodmann area
45 and the pars opercularis or Brodmann area 44, collectively known as
the Broca’s area (BA). To perform semantic control, the BA is assisted
by the pMTG [167, 10] which overlaps with the Wernicke’s area (WA) or
Brodmann area 22.

To the best of our knowledge, there are currently no studies discussing
the underlying mechanism of picture-naming through the lenses of MEG.
In this work, we study the MEG activations in FG, BA, WA, and LO dur-
ing the sensory and semantic processing stages using the covert visual
picture-naming paradigm. The task involves naming the shown picture in
a given language mentally, avoiding any muscle movement. The naming
language was taken to be different from the native language of the sub-
jects. In particular, the naming was performed in the second language
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(L2) of all subjects which was English. Subjects from different programs
of English training were included that allowed identifying the semantic
processing stage. Since covert picture naming lacks muscle movements,
we expected articulation stage to be absent. The results from this study
are presented in section 3.6.

1.7 Semantic Processing

We suppose that there are specialised neuronal networks in the brain
for different language processing tasks such as syntactic and semantic
processing, phonology, and articulation [59].

Electrophysiological brain activity can be used in mapping neuronal net-
works involved in these different language processing tasks [117]. In
2015, Kieler et al. [116] studied semantic processing with MEG using
the semantic anomaly paradigm and the responses were localised to the
posterior left hemisphere (PLH) which included inferior temporal, medial
temporal, superior temporal, supramarginal, inferior parietal, superior
parietal, and lateral occipital cortices.

Semantically incongruent words ending sentences compared to congru-
ent words elicit a negativity (N400) peaking at 400 ms post word onset in
evoked responses [124, 62, 61, 125]. The N400 response is an indicator
of whether the current word can be semantically integrated in the con-
text built up on the previous words. This experimental paradigm is called
semantic anomaly.

We studied the evoked responses in the PLH of subjects with differential
language skills. In particular, we studied three groups of subjects that
belonged to different programs of English (L2) training. The results of
this study are presented in section 3.7.

1.8 Auditory Attention

For developing more practical BCI applications, a trend of using mobile
EEG systems in real-life environments is emerging [48, 45, 87, 154, 7,
44, 247]. Moreover, it has been shown that modern day mobile EEG can
perform comparably to the traditional EEG [46].

Real-life scenarios such as walking have been studied in auditory atten-
tion research [87, 154]. However, these studies face the challenge that
the observed differences in attention during the walking and resting con-
ditions can be explained by either higher cognitive demands or physical
activity.

In order to study auditory attention, we chose the auditory oddball
paradigm which produces the P300 response. The P300 response is the
most popular EEG feature in BCI research [185, 64, 47, 80]. It is gener-
ated in response to rare and task-relevant stimuli.
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The experiments were carefully designed to systematically increase the
cognitive demands and physical activity, allowing the association of the
observed differences with attention and not movement artefacts. The
results of this study are presented in section 3.8.

1.9 Cognitive Cryptography

The evoked potentials in processing visual motion are called motion-onset
visually evoked potentials (mVEP). For a review on mVEP research, see
[122]. Preliminary studies have demonstrated reproducibility of mVEP
features that are seemingly unique for a person after empirical mode de-
composition. Using such a paradigm, one can develop a cryptosystem
that can only be accessed by the brain activity of a user.

A cryptosystem allows converting the input data (called plaintext) to a
seemingly random form (called ciphertext) and then converting it back to
the plaintext using secret key(s) to ensure the plaintext is only accessible
to the intended user(s). Such cryptosystems are all around us, from tele-
phonic calls to biometric passports. Although, the security standards of
the current cryptosystems in use are extremely high, the need for inno-
vation against modern attacks on the system security is undying.

In comparison to forging someone’s signature, having the ability to mimic
someone’s brain activity seems highly unlikely. Therefore, in section 3.9,
we describe our proposition in its infancy to develop a cryptosystem based
on the unique and reproducible mVEP features acting as secret keys.
Herein, instead of pursuing the underlying neuronal processing in visual
motion, we contribute in laying the foundations of a radical BCI applica-
tion.
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MATERIALS AND METHODS

2.1 Experiment-1: Motor Imagery

Magnetoencephalography (MEG) data from human subjects were
recorded while they performed cued motor imagery (MI) tasks. The MEG
recording procedure is detailed in section 2.4.

2.1.1 Task

The participants were required to imagine whole-limb movements, avoid-
ing any muscle contractions, on hearing auditory beeps as cues.

The entire experimental protocol was divided into four series with one-
fourth of the total number of trials in each series (Fig. 2.1a). Each series
corresponded to recording MEG data during MI of each of the four limbs
in a random order, i.e., left hand (LH), right hand (RH), left leg (LL), and
right leg (RL). The order of presentation shown in Fig.2.1a represents
a typical protocol which differed for every subject. Before MI of each
limb, a visual message was presented to the subject asking him/her to
be ready to perform MI of the indicated limb in the message as soon as
he/she hears a beep. Each beep followed the subject performing MI of
the indicated limb. The subsequent beeps were presented every 6–8 s (the
inter-beep time varied randomly). The MI of each limb counted as one
trial. Figure 2.1b shows a typical example of beep presentation for left
hand MI-trials. The number of trials per limb varied among the subjects
between 4 and 7 per series. After finishing all the trials of each series, the
subjects had a 40 s rest during which they listened to relaxing music.

Resting-state recordings were performed at the start and end of each
experiment with open eyes (OE) and closed eyes (CE), respectively (Fig.
2.1a). Even though, the subjects were free to choose to either perform MI
with open or closed eyes, all subjects invariably chose to perform MI with
closed eyes. The duration of CE recordings differed across subjects and
ranged from 40 to 280 s.
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(a) Order of presentation.

(b) MI trials for left hand.

Figure 2.1: Experimental protocol: Motor Imagery.

Participants

10 healthy and “untrained” human subjects (Age: 20–31 years; 2 females)
with normal or corrected-to-normal visual acuity and hearing partici-
pated in this experiment.

2.1.2 Implementation details

The experimental stimuli were generated using the Cogent1 toolbox in
MATLAB. MATLAB was used to produce all audio and visual cues in this
study as well as to log the time of the beginning of each MI trial in a
protocol file. This protocol file was later used to find the moments in
time corresponding to the MI onsets when analysing the MEG recordings
in the Brainstorm interface [217]. Once the MI onsets were manually
marked in the MEG recordings, we extracted 5 s trials starting from these
marks. Similarly, resting-state data with eyes closed recorded at the end
of the experiment were also marked and 10 s epochs were extracted as
the background activity for each subject.

2.2 Experiment-2: Ambiguous Perception

MEG data were recorded from human subjects whilst they attentively
gazed at flickering visual stimuli. See section 2.4 for details about the
recording procedure.

The experimental protocol was explained to the subjects before the start
of the experiment in addition to textual directives presented on screen
throughout the duration of the experiment.

The stimuli were based on an image of a grey Necker cube on a grey
background (luminance: 127 out of 255) which were projected on a screen
located 150 cm in front of the subject with a 60 Hz frame rate. The cube
edges were white in colour. There was a red dot at the centre of the cube

1This study was supported by software provided by the Cogent 2000 team at the
Functional Imaging Laboratory and the Institute of Cognitive Neuroscience and Cogent
Graphics developed by John Romaya at the Laboratory of Neurobiology at the Wellcome
Department of Imaging Neuroscience.
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on which the participants fixated their gaze throughout the experiment.
The cube image was as shown in Fig. 2.2a.

2.2.1 Task

The experiment started with the recording of MEG data whilst the subject
gazed at the stimulus shown in Figure 2.2a for 120 s. The brain activity
thus recorded served as a background state of the subject. The corre-
sponding trials were labelled as B.

(a) (b)

(c)

Figure 2.2: Experimental stimulus: (a) Non-flickering Necker cube pre-
sentation. (b) Front face of the left-oriented cube flickers at frequency
fm = 6.67 Hz (60/9). (c) Front faces of the left- and right-oriented cubes
simultaneously flicker at frequencies fm = 6.67 Hz (60/9) and fm = 8.57 Hz
(60/7), respectively.

Experiment-2A: Visual Flickering

After a short rest, the participants were informed that the front face of the
left-oriented cube will flicker in the following cube presentations. Subse-
quently, the luminance of the left front-face of the cube was modulated
by a sinusoidal signal between black (luminance: 0 out of 255) and white
(luminance: 255 out of 255) at a frequency fm = 6.67 Hz (60/9) which was
an integral fraction of the 60 Hz monitor frame rate (see Fig. 2.2b). The
task of the subjects did not change much during such flickering trials.
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The subjects were still required to only focus at the central red dot. The
flickering trials (labelled as F) also lasted for 120 s and were conducted
at least three times in all subjects except “sub10” for whom only two tri-
als were conducted. There was a 30 s resting period with a blank screen
between any two consecutive F-trials.

Participants

15 healthy human subjects (Age: 17–64 years; 10 males) with normal or
corrected-to-normal visual acuity effectively participated in this experi-
ment.

Experiment-2B: Voluntary Attention

After a short rest, the participants were informed via textual directives on
the screen of the commencement of the voluntary attention trials wherein
the subjects needed to focus on either the left- or the right-oriented
cubes. Subsequently, the luminance of the front faces of the left- and
right-oriented cubes were modulated by sinusoidal signals between black
(luminance: 0 out of 255) and white (luminance: 255 out of 255) at frequen-
cies fm = 6.67 Hz (60/9) and fm = 8.57 Hz (60/7), respectively (see Fig.
2.2c).

The subjects needed to fixate at the central red dot and perceive the cube
as left or right oriented for 5 s as informed on the screen. There were 12
trials for the left oriented (L) cube, and 12 for the right (R). There was a
5 s resting period with a blank screen between any two consecutive L or
R trials.

Participants

11 healthy human subjects (Age: 17–64 years; 6 males) with normal or
corrected-to-normal visual acuity effectively participated in this experi-
ment.

Experiment-2C: Involuntary Attention

After a short rest, the participants were informed via textual directives
on the screen of the commencement of the involuntary attention trials
wherein the subjects were to let the switching between cube percepts
happen spontaneously. Subsequently, the luminance of the front faces
of the left- and right-oriented cubes were modulated by sinusoidal sig-
nals between black (luminance: 0 out of 255) and white (luminance: 255
out of 255) at frequencies fm = 6.67 Hz (60/9) and fm = 8.57 Hz (60/7),
respectively (see Fig. 2.2c).

During a single 120 s involuntary attention (I) trial, the subjects needed
to fixate at the central red dot and let the two alternate percepts occur
naturally.
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Participants

9 healthy human subjects (Age: 17–64 years; 6 males) with normal or
corrected-to-normal visual acuity effectively participated in this experi-
ment.

2.2.2 Implementation details

The starting times of the background (B), flickering (F), voluntary atten-
tion (L and R), and involuntary attention trials (I) were marked in the
recordings using event triggers as described in subsection 2.4.2. The
MATLAB code for performing the experiment, including the presentation
of the visual stimulus, utilised the Cogent toolbox2 and is publicly avail-
able on GitHub. The data analyses were performed using a combination
of MATLAB and Brainstorm [217].

2.3 Experiment-3: Auditory Oddball

Wireless electroencephalography (EEG) data were recorded from healthy
human subjects as they performed auditory oddball tasks while walking
in the main vestibule of the Leuven railway station, Belgium.

2.3.1 Task

The subjects participated in a three-class auditory oddball experiment
[80] with 1 standard tone (S: 900 Hz) and 2 deviant tones (D1: 600 Hz and
D2: 1200 Hz). The auditory stimulus consisted of 210 standard, and 70
target and non-target deviant tones in a random order. The participants
were required to count the total number of target tones and report the
number at the end of the experiment. Half the subjects treated D1 as
target, while the other half treated D2 as target. Attention to the target
tone elicits a positivity near 300 ms post stimulus onset (P300) in the
evoked response when contrasted against that of the standard tone.

The experimental task with randomly ordered tones was performed in
three experimental conditions: 1) Heavy (H): the subject walked through
the main hallway of the railway station during heavy pedestrian traffic,
2) Light (L): the subject walked through the main hallway of the railway
station during light pedestrian traffic, and 3) Control (C): the subject sat
still in a comfortable chair in an isolated room. The order of experimental
conditions was balanced between the subjects. Each experiment lasted
for about 12 minutes in each condition depending upon the random inter-
stimulus interval.

2This study was supported by software provided by the Cogent 2000 team at the
Functional Imaging Laboratory and the Institute of Cognitive Neuroscience and Cogent
Graphics developed by John Romaya at the Laboratory of Neurobiology at the Wellcome
Department of Imaging Neuroscience.
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Figure 2.3: Illustration of wireless EEG recordings while a subject is
walking in heavy pedestrian traffic at the railway station in Leuven, Bel-
gium.

Fig. 2.3 illustrates a subject performing the experiment during the H
condition.

Participants

10 healthy human subjects (Age: 23–32 years; 4 females) with normal or
corrected-to-normal visual acuity and hearing participated in this exper-
iment.

2.3.2 Implementation details

Wireless EEG data were acquired from a Unicorn Hybrid Black device
using 8 dry electrodes with a sampling frequency of 250 Hz. Reference
electrodes were placed over the mastoids of the subjects. The electrode
positions followed the 10-20 international system. The headset was wire-
lessly connected to a laptop placed inside a backpack carried by the sub-
ject. There was a camera on the left shoulder of the subject to record
audio and video to validate the pedestrian traffic later.

All recordings were performed between September and October of the
year 2020. Due to COVID-19 restrictions, all subjects and most pedes-
trians wore masks. All participants provided a written informed consent
before the commencement of the experiment and the research was ap-
proved by the Ethics Committee of the Katholieke Universiteit Leuven,
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Belgium. A custom-made C++ program was used for stimulus delivery,
experimental control, and recording the data. The data analyses were
performed in MATLAB R2019a.

2.4 Recordings and Preprocessing

2.4.1 MEG recordings

MEG data were acquired using an Elekta-Neuromag system with 306
channels (102 magnetometers and 204 planar gradiometers) that has
been housed inside a light magnetically shielded room at the Labora-
tory of Cognitive and Computational Neuroscience, Centro de Tecnologı́a
Biomédica, Universidad Politécnica de Madrid, Spain. Polhemus Fastrak
system was used to digitise the three-dimensional head shape of each
subject using approximately 300 points on the scalp which could be later
used to warp the subject’s anatomy on a standardised average MRI.

Four head position indicator (HPI) coils were attached to the subject’s
head to track head movements inside the machine which were later used
in compensation procedures accounting for the effects of head move-
ments on the recorded activity. Additionally, three fiducial points (na-
sion, left and right pre-auricular) were acquired for grossly matching head
shapes to the template MRI and co-registration of the HPI coils with the
head shape. To support later artefact correction, vertical electrooculo-
gram (EOG) and electrocardiogram (ECG) were simultaneously recorded
with MEG to capture eye blinks and cardiac activity, respectively.

A single empty-room recording of more than two-minutes duration was
performed on each day of the experiment to measure the instrumental
noise. Data were sampled at 1000 Hz with an online bandpass filter be-
tween 0.1 Hz and 330 Hz.

The participants sat in a comfortable reclining chair with their legs
straight and arms resting on an armrest in front of them or on their
laps. All participants were required to take off any metallic items above
their waist such as jewellery, belts, and brassieres, along with their shoes
before entering the magnetically shielded room. Visual stimuli/cues were
generated on a dedicated personal computer with a 60 Hz frame-rate
monitor and were sequentially projected on a translucent screen placed
150 cm in front of the subject. Auditory cues were also generated on the
same computer and presented using special earphones with no magnetic
components. A schematic representation of the MEG recording is shown
in Fig. 2.4.

The shielded room had a microphone attached close to the machine
which was connected to an intercom that allowed us to communicate with
the subjects. In addition, a camera allowed us to monitor the subjects
throughout the experiment. All participants provided a written informed
consent before the commencement of the experiment and the research
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Projector

Figure 2.4: Schematic: MEG recordings.

was approved by the Ethics Committee of the Universidad Politécnica de
Madrid.

2.4.2 Event triggers

Important events during the recordings, such as stimulus onsets, need to
be marked alongside the recorded electrophysiological data. In our MEG
experiments, we used a parallel port connection between the stimulating
computer and the recording computer to send triggers corresponding to
the instances of key events in the stimulating computer. This procedure
was applied in all experiments except the motor imagery and the auditory
attention experiments. In the former (section 2.1), the stimulus onsets
were logged in a separate file and later manually marked in the record-
ings. While in the latter (section 2.3), the stimulating and recording com-
puters were the same and thus, the events were marked directly in the
recordings without needing an additional parallel port connection.

Internal delays in stimulus triggers

Due to inherent delays in the graphic card of the stimulating comput-
ers, the actual stimulus presentations occurred later than the marked
event triggers in the recordings. For the stimulation delays in the MEG
experiments, we used a photo-diode to capture the actual visual stimu-
lus onsets on the projection screen in a separate experiment. The delays
between the actual stimulus onsets and the corresponding event triggers
were evaluated and an average delay of 56 ms was obtained. For the audi-
tory attention experiment using wireless EEG, we measured the auditory
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stimulation delays using the Audacity software and an average delay of
40 ms was estimated.

2.4.3 Artifact correction

Spatio-temporal signal space separation method [219] was applied to sep-
arate neuronal signals from nearby electromagnetic interference. The
signals from “bad” MEG channels were replaced with spatially-averaged
signals of the nearby well-functioning MEG channels. The software Max-
Filter was used for this preprocessing task.

All MEG data were recorded in Spain and thus were prone to 50 Hz
line-noise and its higher harmonics. Consequently, we performed notch-
filtering at 50, 100 and 150 Hz. Further, all recorded MEG data underwent
artifact correction based on signal-space projections for cancellation of
noise corresponding to eye blinks and cardiac activity.

In all experiments with automatic marking of stimulus onsets, the delays
between the marked events and the actual stimulus presentation times
were corrected by shifting of the marked events in the forward direction
by 56 or 40 ms, depending on the stimulating computer.

2.5 Data Segmentation and Evoked Re-
sponses

2.5.1 Segmentation into trials

Before loading our MEG/EEG data, we segment them into trials cor-
responding to experimental conditions. A common approach to mark-
ing trial epochs in the recordings is using automatic triggering of the
start/end of the trial epochs as described in subsection 2.4.2. In the
absence of such sophisticated machinery, the events are logged in a sep-
arate protocol file.

Once the trial epochs are marked, shorter segments of data correspond-
ing to each trial are independently loaded for further analysis.

2.5.2 Evoked responses

Nomenclature

Evoked potentials (EPs) are stereotypically shaped electrical potentials
evoked by specific types of stimuli from specific parts of the nervous sys-
tem. For instance, visual evoked potentials (VEPs) are evoked by visual
stimuli in the central nervous system. All EPs measured in the brain
are called event-related potentials (ERPs). The ERPs are measured us-
ing EEG and their equivalent in the MEG studies are called event-related
fields (ERFs).
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These ERP/F waveforms consist of a series of positive and/or negative
peaks that are related to the underlying stages of the brain response
evoked by the stimulus. Therefore, it is not surprising that there exists a
nomenclature system to name these peaks. The peaks are labelled by a
letter (P/N) indicating polarity (positive/negative), followed by a number
reflecting either the latencies of the peaks in milliseconds or the ordinal
positions of the labelled peaks in the given waveform. Note, however,
that the actual occurrence of each peak varies a lot. For example, a
P300 peak can occur any time between 250–750 ms after the stimulus
presentation.

Procedure

The evoked brain responses are time-locked to the stimulus presenta-
tion and therefore after segmenting the recorded brain activity into trials,
the trials corresponding to the same stimulus presentation are averaged
together to improve the signal-to-noise ratio (SNR) [155].

2.5.3 Visual induced responses

Typically, ERP/F peak latencies discussed above are of the order of a
tenth of a second and thus, we only look for ERP/F peaks until the first
second post stimulus onset or so. Such responses are called transient
evoked responses. On the other hand, there are also longer reactions that
are triggered by constantly presented stimuli that do not subside until
the stimuli are removed. Such responses are termed as steady-steady
evoked responses. A popular example of this can be seen in the visual
flickering paradigm where we observe continuous entrainment of visual
brain activity with periodic flickering signals. Here, the ongoing average
visual activity due to continuous periodic stimulation is called steady-
state visual evoked potential/field (SSVEP/F). Often in visual flickering
studies, we transform the SSVEP/F data from time-domain to frequency-
domain using Fast Fourier Transforms (FFT) and are only interested in
the observed frequencies of the brain response. This makes it possible to
average steady-state evoked responses from multiple trials corresponding
to the same stimulus to improve SNR that have different phases but same
frequencies.

However, in studies where the phase of the visual response is of interest
and needs to be preserved, we cannot add steady-state evoked responses
from multiple trials as the sum signal would have a completely different
phase with no direct physical significance to the experiment. Moreover,
we observe intermediate phase-slips at unpredictable moments in visual
flickering experiments with longer durations (e.g. 120 s) [182]. There-
fore, to extract the steady-state visual response in such cases and in
cases where each individual trial needs to be analysed separately as a
requirement of the study, we average the visual brain activity the same
way as for SSVEP/F but do not perform any inter-trial averaging subse-
quently. Thus, the resulting signal is something very similar to SSVEP/F
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but with a minor-yet-clear distinction. We refer to these signals as vi-
sual induced potentials/fields (VIP/F) in our studies to acknowledge that
distinction.

Procedure

The recorded brain activity is first segmented into trials corresponding to
the same experimental condition. After finding the inverse solution from
source modelling (see section 2.9), all channel recordings in each seg-
mented trial are linearly transformed to give cortical responses for each
trial. The average cortical activity over the early visual cortex, consisting
of the V1 and V2 cortices in the Brodmann atlas, gives the VIF for each
trial.

2.6 Advanced Processing

2.6.1 Time-frequency analysis

The time-frequency structure of the recorded signals was analysed using
the continuous wavelet transform, a well-known tool for the analysis of
non-stationary time series in medicine and biology [105]. We used Mor-
let wavelets with f0 = 1 Hz central frequency and 3-s full width at half
maximum (FWHM) to evaluate spectrograms for all extracted trials.

The spectrograms En(f, t) =
√
Wn(f, t)2 of N time series signals are calcu-

lated, where n = 1, ..., N is the index of the studied time series signal Xn(t),
f is frequency, and t is time. Here, Wn(f, t) is a complex-valued wavelet
coefficient numerically calculated as [100]

Wn(f, t) =
√
f

t+4/f∫
t−4/f

Xn(t)ψ∗(f, t)dt, (2.1)

where “*” refers to complex conjugation. The mother wavelet function
ψ(f, t) is the Morlet wavelet, defined as

ψ(f, t) =
√
fπ1/4ejω0f(t−t0)ef(t−t0)

2/2, (2.2)

where ω0 = 2πf0 is the central frequency of the Morlet wavelet and j =√
−1.

The time-frequency analysis was carried out using different combinations
of MATLAB (R2017a – R2020a; Mathworks Inc., MA, USA), Brainstorm
[217] and MNE-Python [70].
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Spectral power time series

In some studies, we require monitoring the variation of a particular fre-
quency component in a signal with time. In other words, we would like
to estimate the spectral power time series defined at a particular fre-
quency, say fc. As we already know how to evaluate spectrograms En(f, t)
for all n = 1, ..., N signals, we can obtain the spectral power time series
P n
c (t) = En(fc, t) by substituting f = fc in the spectrograms.

Event-related synchronisation/desynchronisation (ERS/ERD)

Following the method described in Sec. 2.6.1, spectrograms are evaluated
from the recordings corresponding to the trials of interest (associated with
some experimental condition C) and the trials of non-interest (referred to
as “background” or B). Subsequently, the spectrograms of trials belonging
to the same experimental condition are averaged together and spectral
energy time series are evaluated in the frequency ranges of interest, such
as δ (1–5 Hz), α (8–12 Hz) and β bands (15–30 Hz), corresponding to each of
the N signals Xn(t).

After averaging the spectrograms over all trials, the spectral energy time
series in any frequency band, such as α for instance, is calculated for
each n-th time series as

En
α(t) =

1

∆f

∫
f∈α

En(f, t)df. (2.3)

To evaluate ERS/ERD in a particular frequency range for each of the N
signals, we took the difference between the averaged-over-time spectral
energy corresponding to the C trials and B trials and then normalised it
to that of the B trials. In case of ERS and ERD, this normalised difference
yielded positive and negative values, respectively.

Numerically, in order to estimate ERS (or ERD) associated with experi-
mental condition C in contrast to the background condition B in a fre-
quency range, say α-band, we solved for dCn

α as

dCn
α =

∫
t∈T

En
α,C(t)dt−

∫
t∈T

En
α,B(t)dt∫

t∈T
En
α,B(t)dt

, (2.4)

where T is the trial length. Herein, dCn
α > 0 for ERS in α and dCn

α < 0 for
ERD in α.

2.6.2 Connectivity

Connectivity between any two brain regions is measured using
magnitude-squared coherence between brain activities in these two re-
gions.
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The connectivity analysis can be performed at either a channel level (306
MEG channels) or at a source level (15000 cortical sources). The only
requirement is of representational time series of two different regions.
At the channel level, we take the average channel activity in the vicinity
of the regions of interest from two different locations and evaluate the
magnitude-squared coherence between the two signals.

At the source-level, we first estimate the current distribution on the corti-
cal surface of the brain from the recorded MEG channel data as described
in section 2.9. Then, we average the source-activities after identifying the
included cortical sources in a region of interest using different atlases
such as Desikan-Killany, Brodmann, etc. Subsequently, we estimate con-
nectivity between the two regions by calculating the magnitude-squared
coherence between the average source-activities in both regions.

2.6.3 Event-related coherence

In order to find the spectral contrast evoked by a stimulus in the brain’s
electrophysiological response from the resting or background state, we
developed a new method, aptly named event-related coherence (ERC). It
allowed us to comment upon the activated brain network size and the ac-
tivation strength. It can also be used as a method to map cortical regions
that are coherent at some frequency fc. This method is only applicable to
studies where we expect the stimulus to induce a long-lasting response
in the brain at particular frequencies.

For computation, we start by estimating the current distribution on the
cortical surface of the brain from the recorded MEG channel data as de-
scribed in section 2.9. This gives us the activation time series of about
15000 cortical sources. Then, we calculate the magnitude-squared co-
herence between the cortical activations and a reference sinusoidal sig-
nal, Sref = sin(2πfct), at the given frequency fc separately for all trials of
interest (say, F) and the background trial (B).

To evaluate ERC of the F-trials, we calculate the difference between the
coherence values of all cortical sources in the F-trials and the B-trial.
Subsequently, we average the ERC obtained from all F-trials resulting
into a single ERC cortical map for every subject. The ERC values from
the cortical sources of a particular region of interest, such as the visual
cortex, can be averaged to obtain a quantitative measure of ERC in that
region.

2.6.4 Empirical mode decomposition

The empirical mode decomposition (EMD) method is used to decompose a
signal x(t) into so-called intrinsic mode functions (IMF ) In(t) and a residual
rN (t).
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Figure 2.5: Multilayer perceptron (MLP) with an input layer supplied by
N inputs from selected time series data (x1,...,N ), three hidden layers (H1,
H2 and H3) with 30, 15 and 5 neurons, respectively, and an output layer
containing a single neuron.

X(t) =
N∑
n=1

In(t) + rN(t) (2.5)

The method involves finding the upper and lower envelopes of the signal
using the local extrema, and then subtracting the mean of the envelopes
from the signal. This process is called sifting and is applied recursively
until a stopping criterion is met, e.g. maximum number of IMF (N ) have
been evaluated. For more details on the method, see [102].

The produced IMF are purely data-dependent and are thus intrinsic to
the data. EMD can be used to decompose the input data into signals that
carry information corresponding to processes at different time scales. For
example, it can be used to extract sub-second transient evoked responses
without having to use a frequency filter.

2.7 Multilayer Perceptron

For classification of brain states associated with any experimental condi-
tion ‘C’, we used a popular type of artificial neural network (ANN) called
multilayer perceptron (MLP) [86] schematically shown in Fig. 2.5. Previ-
ously, the MLP architecture was effectively used in a MEG study for detec-
tion of human decision-making uncertainties [97] and an EEG analysis
of interpretations of bistable images [98]. The MLP represents a rela-
tively simple structure of a feedforward ANN, wherein informative signal
X(t) fed into the input layer sequentially propagates through the hidden
layers to the output layer where the output signal Y (t) is measured.

The constructed MLP consists of an input layer with selected number of
MEG channels for training/testing the network, followed by three hidden
layers with 30, 15 and 5 neurons, respectively. The output layer com-
prises of a single neuron. The output Y (t) describes an instantaneous
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brain state at time tj according to the N-dimensional input vector signal:

Xj(t) = [x1(tj), x2(tj), ..., xN(tj)]
T , (2.6)

where xn(tj) is the MEG value from n-th MEG channel measured at time
tj and N is the vector dimension equal to the number of input MEG chan-
nels taken for training/testing the neural network.

Every layer l in this MLP transforms the informative input signal Xl into

Ul = f(WlXl + Bl), (2.7)

where Ul is the output vector signal of layer l, Wl is the weight matrix of
links between input elements and neurons of layer l, Bl is the vector of
displacement weights, and f(.) is the sigmoid function defined as

f(v) =
2

1 + e−2v
− 1. (2.8)

All studies with artificial neural networks were performed in MATLAB
(R2017a; Mathworks Inc., MA, USA) using the Neural Network Tool-
box.

2.7.1 MLP training

We taught the MLP to classify the brain states through the optimisation of
link weights Wl and displacements Bl to minimise the root-mean squared
error [86]. We used the training algorithm called scaled conjugate gradient
because it provides a higher efficiency for pattern recognition problems
than other algorithms. The training stopped as soon as batch training
with all input data ran for a large number of times after which the im-
provements seemingly saturate, in this case 5000 times. It should be
noted that the above configuration is not universal or even the best for
this particular application. They have only been found using hit-and-trial
method and chosen to provide better results than the results obtained in
previous similar studies.

Mixing the input data often improves the efficiency of the machine learn-
ing algorithm. In this work, we used a random mixing of the input signals
maintaining the correspondence between the input data and brain states.
For example, to classify motor imagery of left hand (LH) and right hand
(RH) we mixed the MEG time series of all collected trials related to the LH
and RH for each channel without losing their corresponding targets (0 for
LH and 1 for RH) and time instants. First, we trained the MLP using 75%
of the MEG trials and then tested it with the remaining 25% trials.

To save training time and improve classification accuracy, we also re-
duced the length of the input MEG trials until further reduction resulted
in a drop in classification performance. Particularly, the trial length in
the motor imagery study (section 2.1) was reduced from 5 s to 2 s before
applying ANN classification.

26



CHAPTER 2. MATERIALS AND METHODS

2.7.2 Training on frequency-filtered input

Depending on the study, the input data were filtered using either a low-
pass filter or a bandpass filter with the cut-off or bandpass frequencies
changing according to the study. We were interested in the relative per-
formances of different filtering configurations in order to determine which
frequency component of the brain activity was most useful in the classi-
fication of brain states. For example, in the motor imagery study (sec-
tion 2.1), time series data from 102 magnetometers were bandpass fil-
tered with a variable passband window of 10-Hz width before being fed to
the input layer of the MLP. This passband window was varied from 5 Hz to
60 Hz in 5-Hz steps, i.e., (5–15), (10–20), (15–25), ..., and (50–60) Hz, and
the subsequent ANN classification accuracies were independently calcu-
lated for each passband.

2.8 Spectral Difference

This method is meant to find the contrast between spectral powers of a
signal at two given frequencies f1 and f2.

From the signal, we first obtain the spectral power time series P1(t) and
P2(t) at f1 and f2, respectively, using the method detailed in section 2.6.1.
Note that we used a 1-Hz central frequency and a 12-s full width at half
maximum in defining the mother wavelet. The spectral powers decay with
increasing frequency as governed by the 1/f law. Therefore, in order to
scale the spectral powers to a comparable level, we normalise them by
multiplying their defining frequencies to them as

E1(t) = P1(t)f1 and E2(t) = P2(t)f2. (2.9)

The spectral difference or the difference between the scaled energies at
the two given frequencies is calculated as

∆E(t) = E1(t)− E2(t), (2.10)

and then normalised to its maximum absolute value

∆E(t) =
∆E(t)

max |∆E(t)|
. (2.11)

2.8.1 Voluntary attention performance

Spectral difference can be used to measure voluntary attention perfor-
mance µ. This method is based on the voluntary attention experiments
described in section 2.2.1 that show the Necker cube images whose left
and right front-faces are flickering at 6.67 Hz and 8.57 Hz frequencies,
respectively. The subjects are required to voluntarily perceive the cube as
either left- or right-oriented in multiple disjoint trials, labelled as L and
R, respectively.
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Using Eq. 2.9, we find the normalised spectral power time series E1(t) and
E2(t) at f1 = 13.33 Hz and f2 = 17.14 Hz (second harmonics of the flicker
frequencies), respectively, in the visual cortex. We average E1 and E2

over time and then over all L and R trials separately, resulting in average
spectral powers HL

1 and HL
2 for L trials and HR

1 and HR
2 for R trials.

The difference in the average spectral power at either of the frequencies
between the left- and right-oriented percepts signifies the bias (D1 or D2)
in the spectral reflection evoked by the left orientation in comparison to
the right orientation (Eq. 2.12), i.e.,

D1 = HL
1 −HR

1 and D2 = HL
2 −HR

2 . (2.12)

To estimate the subject’s attention performance, we introduce the value
of voluntary attention performance µ as the difference between D1 and D2,
namely,

µ = D1 −D2. (2.13)

The better the spectral reflection of the left orientation when looking at f1
(D1 ↑) and that of the right orientation when looking at f2 (D2 ↓), the better
the subject’s ability to voluntary attend the given tasks.

2.8.2 Tracking percepts

To track the cube percepts from the subject’s brain activity at any given
moment in the involuntary attention experiments (section 2.2.1), we de-
vised a new method based on our gained knowledge from the analysis
of voluntary attention experiments. The subjects were shown the same
stimulus as in the voluntary attention experiments but for a 120-s dura-
tion without any directives to focus on a particular cube orientation.

We track the cube percepts by evaluating the time series of normalised
spectral difference (∆E(t)) (Eq. 2.11) between f1 = 13.33 Hz and f2 =
17.14 Hz in the visual brain activity. Positive ∆E corresponds to the
left orientation, whereas negative ∆E corresponds to the right. How-
ever, there might be intermittent insignificant variations of ∆E near zero
that need to be ignored, and therefore any switch from the currently ac-
tive percept requires a sufficiently large energy difference ∆E to qualify a
threshold equal to its standard deviation δ, i.e.,

|∆E| > δ. (2.14)

The active percept, thus, will be considered as left-oriented (Switch = 1)
if ∆E > δ and as right-oriented (Switch = 0) if ∆E < −δ. In cases where
−δ < ∆E < δ, the algorithm does not imply any switch from the current
state and sticks to it.
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2.9 Source Modelling

This method can be applied to estimate electrical sources at the cor-
tical level that are likely responsible in producing the recorded MEG
data. Source-level analysis provides better anatomical localisations [123],
which is a key factor in performing cross-subject or group analysis, since
brain activity can be projected to a standardised space.

2.9.1 Artefact correction

All recorded MEG data were contaminated with external magnetic inter-
ferences, 50-Hz line-noise, and artefacts due to eye blinks and cardiac
activity. Therefore, if not done prior to using this method, we apply stan-
dard artefact removal methods described in subsection 2.4.3 to filter the
aforementioned artefacts out.

2.9.2 Aligning MEG with MRI

Accurate source reconstruction requires correct integration of recorded
MEG data with structural anatomical data given by the magnetic reso-
nance imaging (MRI) scans. We align the MEG and MRI data by defining
a subject coordinate system using three fiducial points on the subject’s
head located at the nasion, the left- and the right-preauricular points.
The alignment is further refined using approximately 300 points on the
scalp of every subject that were recorded using a 3D digitiser. A standard-
ised average MRI was warped to match the digitised head points with a
2% fit-tolerance.

2.9.3 Forward model

First we construct a lead field matrix or the so-called forward model, typ-
ically constructed for every subject. The lead field matrix allows one to
estimate the field activity recorded by the MEG sensors for a given cur-
rent distribution in the brain. The estimation of the lead fields can be
accomplished by various algorithms that vary in complexity and their
ability to capture realistic brain geometries. The one that we use, unless
stated otherwise, is the overlapping spheres method that models each
brain source as an appropriately scaled and positioned spherical conduc-
tor [101]. This method is the recommended forward model in Brainstorm
to be used with 15000 brain sources [217]. We will adhere to studying
only cortical sources.

2.9.4 Inverse solution

The inverse solution allows one to estimate the location and strength of
brain activity for a given record of MEG sensor data. The inverse problem
is ill-posed in that there are multiple combinations in which the brain ac-
tivations (from ≈ 15000 sources) can superpose to produce the recorded
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MEG data (from ≈ 300 channels). Thus, we need additional constraints to
solve the inverse problem, such as minimizing the total brain energy.

Further, when working with multiple sensor types (e.g., magnetometers
and gradiometers) to form a joint source model, the weights of the sen-
sors in the joint model are computed from the empirical noise covariance
of the sensors. Such noise covariance matrices are typically constructed
from empty-room recordings that capture instrumental and environmen-
tal noise.

The effects of depth-dependent sensitivity and spatial resolution were
normalised using the standardised low-resolution brain electromagnetic
tomography (sLORETA) method [172], unless stated otherwise.
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RESULTS AND DISCUSSION

3.1 Motor Imagery and Control

3.1.1 Setup

Here, we present and discuss the results of our studies that we set
out to do in section 1.1. Previously, we recorded magnetoencephalog-
raphy (MEG) data from human participants performing motor imagery
(MI) tasks as described in section 2.1.

As opposed to trained subjects instructed to perform kinaesthetic (KI) or
visual imagery (VI), such as in Neuper et al. [165], herein, untrained
subjects were instructed to perform KI to the best of their ability. Some
succeeded, and some simply resorted to VI.

First, all data underwent standard data cleaning procedures described in
subsection 2.4.3 to filter out external magnetic interferences, 50-Hz line-
noise, and artefacts due to eye blinks and cardiac activity. To classify
participants into VI and KI categories, we applied time-frequency analy-
sis to the MEG recordings to find event-related synchronisation (ERS) or
event-related desynchronisation (ERD) as described in section 2.6.1.

3.1.2 Event-related (de)synchronisation

It is known, that MI is accompanied by a significant change in neural
activity in the α (8–12 Hz) and β (15–30 Hz) frequency bands [180, 177].
Therefore, we looked for synchronisation of brain activity in these fre-
quency bands during MI, which allowed us to classify the subjects into
KI and VI categories. Since the spatio-spectral distribution of the evoked
brain activity followed a similar trend for both α and β frequency bands,
we finally used the µ-band (8–30 Hz) which is a combination of the α- and
β-bands to determine ERS and ERD.

Typical distributions of ERS/ERD in the µ-band for KI and VI subjects
are shown in Fig. 3.1a and 3.1b, respectively. In order to quantify the
amount of ERS/ERD, we average dCn

µ (Equation 2.4) values over all n =
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1, ..., 306 MEG channels to get a single value which we call as the ERS
degree d. The distribution of d among all subjects is shown in Fig.3.1c.
One can see that d takes negative values for KI subjects and positive
values for VI subjects.

(a) ERD in µ-band for KI. (b) ERS in µ-band for VI.
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(c) The subjects can also be classified into KI and VI
groups depending on the sign of d, i.e., the subjects be-
longing to the KI group have negative d (ERD), while the
subjects belonging to the VI group have positive d (ERS).

Figure 3.1: Spatial distributions of µ ERS/ERD values averaged over
all trials in typical KI and VI subjects and the distribution of ERS degree
d of all subjects.

Based on differential µ-activity in the cortex, we first segregated the sub-
jects into two groups, KI (6 subjects) and VI (4 subjects). Herein, the
KI subjects exhibited µ-band ERD in the inferior parietal (IP) cortex and
motor-associated areas (Fig. 3.1a), while the VI subjects showed ERS
localised over the visual and superior parietal cortices (Fig. 3.1b). Cu-
riously, Pfurtscheller and Lopes [177] reported ERD of µ-rhythms in the
discussed KI sites during MI in the SMR paradigm and ERS for rest-
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ing. It is noteworthy that although the subjects in our study were in-
structed to perform KI, only some of them could successfully achieve this
goal because all participants were “untrained”. Our results align with
Pfurtscheller and Lopes, where KI subjects (successful-SMR) exhibit ERD
in µ-band, while VI subjects (failed-SMR) show ERS.

Figure 3.2: Spatial distributions of δ ERS/ERD values averaged over all
trials in KI subjects.

In the δ-band, all KI subjects exhibited ERS in the frontal cortex and
lacked any distinctive activity in the posterior parts of the brain (Fig. 3.2).
On the other hand, the VI subjects exhibited the scattered non-uniform
δ-band activity without any preference for a particular region.

As discussed in section 1.1, KI shares a large part of the active neuronal
substrate with real movements in addition to a dedicated substrate near
the IP participating in a mechanism for inhibiting real movements. The
coincidence of finding ERD for the KI subjects in µ-band at the same site
as the one that is responsible for inhibitory control (i.e. IP) motivates our
subsequent discussion.

Sirigu et al. [209] showed that when subjects were asked to pre-
dict beforehand the time necessary to perform motor tasks, the sub-
jects with lesions in the posterior parietal cortex typically underesti-
mated/overestimated the time. This strongly contrasted with subjects
having dysfunctional motor regions who exhibited impaired movements,
but retained the ability to estimate motor performance times [208]. Pre-
frontal cortex (PF) is also known to be involved in inhibition of movements
[121], more specifically in choosing between the responses [54].

In order to predict motor performance times, a subject needs to simulate
the entire repertoire of the act from memory. This function is perhaps
localised in the posterior parietal cortex. We suppose that desynchronised
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activity of neurons at the IP disrupts signal propagation that passes from
the posterior parietal cortex to the precentral gyrus (PCG) as hinted by
the TMS study by Lebon et al. [131].

Before the actual execution of motor commands in the precentral gyrus
(PCG), which encompasses the primary motor cortex (M1) and related
regions such as the premotor cortex (PM) and the supplementary motor
area (SMA), the allowable responses are presumed to be selected in the
PF.

3.1.3 Connectivity

Connectivity between two brain regions was measured using magnitude-
squared coherence as described in subsection 2.6.2. But first, we es-
timated brain activity at the cortical level using source modelling from
the recorded channel activity and subject’s brain anatomy (for details see
section 2.9). Subsequently, we averaged the cortical activity in the IP and
the PCG to get two representative signals which were then used to study
the connectivity between the two regions. Desikan-Killany atlas [51] was
used to identify cortical sources belonging to the two regions.

The results indicate better µ-band communication between IP and PCG in
VI subjects as compared to KI subjects that show a relatively suppressed
connectivity between these regions. We plot the magnitude-squared co-
herence between the average cortical activity of IP and PCG versus fre-
quency. Apart from a µ-band peak at 10 Hz, the connectivity between IP
and PCG showed peaks at 32, 45, and 48-Hz γ-band frequencies for both
groups of subjects (Fig. 3.3).

Indeed, the role of γ-band coherence between two brain regions in neu-
ral communication has been reported in several studies [25, 229, 63,
206].

3.1.4 Model

We therefore propose the following neuronal pathway for motor signals
(Fig. 3.4). Motor commands are generated in the posterior parietal cortex
and need to travel to the contralateral PF before being relayed to the con-
tralateral PCG for final execution. ERD centred around the IP disrupts
the communication of motor commands from the posterior parietal cor-
tex to the prefrontal cortex in order to avoid any real movement during
KI.

Schwoebel et al. [202] showed that bilateral lesions in the parietal cortex
led to the execution of motor commands during MI experiments with-
out the patient realising it. The patient with lesions near IP might not
have µ-band ERD in IP and would pass the signal to the PF which is
not expecting an input from IP during KI and thus would lead to an ac-
tual execution without the subject’s knowledge. At the same time, the
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Figure 3.3: Connectivity between IP and PCG for both MI groups and
all subjects together. γ-band peaks were obtained at 32, 45, and 48 Hz.

Figure 3.4: Neuronal pathway in kinaesthetic motor imagery: Inhi-
bition to overtly perform the imagined motor tasks is manifested in the
vicinity of the IP in the form of µ-band ERD which prevents the prop-
agation of motor signals from the posterior parietal cortex towards the
contralateral PF and PCG. The rest of the neural circuitry remains the
same in both MI and real movements.

injured parietal cortex would also prevent any later realisation of the real
movement through the sensory cortex.

Lisman and Jensen [136] proposed a theta-gamma neural code for multi-
message communication during memory processes. They prescribed
phase-amplitude coupling between the phase of θ-waves and the am-
plitude of γ-waves and envisaged upon the extension of their model to
sensory processes if θ-waves are replaced by µ-waves. The studies [137,
162, 28, 50, 200, 8, 233, 148] provide evidences of phase-amplitude cou-
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pling in human brains. During each γ-cycle, a set of neurons or neural
ensemble fire concurrently, forming a spatial pattern on the cortex that
corresponds to the object being represented by that γ-cycle. The stud-
ies [211, 85, 53, 78] showed that a sequence of generated information
in the form of gamma-cycles gets mapped to different phases of theta
wave, maintaining the same order as of information generation. Voytek
et al. [233] have reported migration in the phase-wave frequency from θ
to α in phase-amplitude coupling during visual tasks. Similarly, we ex-
pect a phase-amplitude coupling between γ-waves and µ-waves for motor
tasks.

Therefore, we further propose that motor commands involve µ-waves as
general carriers of motor related activity. These carrier waves carry γ-
waves which contain the finer details of the imagined motor activity from
the IP to the PCG after getting relayed from the PF.

3.1.5 Neural network classification

Next, we constructed an artificial neural network (ANN) called multilayer
perceptron as shown in Figure 2.5 and trained it on MEG time series data
to classify between the left and right hand MI in all subjects.

Classification of lowpass filtered data

First, we filtered the MEG signals using a lowpass filter with different
values of cut-off frequency (Fc) as described in subsection 2.7.2.
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Figure 3.5: Lowpass Filtering: Maximal classification accuracy versus
cut-off frequency obtained in VI (squares) and KI (dots) subjects.

Fig. 3.5a illustrates the variation of the maximal ANN accuracy (in %) in
classifying between the MI of the left and right hands versus Fc in all sub-
jects. Herein, all 102 magnetometer signals were fed to the input layer
of the MLP. One can see that the VI subjects tended to reach maximal
accuracies for higher values of Fc, whereas KI subjects showed maximal
accuracies at lower values of Fc. In particular, KI subjects showed best
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performance after inclusion of the α- and β-rhythms that are known to
underlie real movements. This result is in close agreement with the fa-
mous work of Pfurtscheller and Da Silva [177], where they demonstrated
that MI of hand movements results in desynchronisation of α- and β-
rhythm in close correspondence to planning and executing real move-
ments. On the other hand, VI subjects showed a tendency to perform
better with the inclusion of both motor-related rhythms (α and β) and γ-
rhythms, the latter likely carrying the finer details of the movement inside
the brain [136].

Fig. 3.5b displays the same classification variation as above but with
reduced number of channels (13 channels) that are localized near the
left-parietal cortex. We observed an increase in the ANN accuracy for KI
subjects concurring with a reduction in the ANN accuracy for VI sub-
jects. The Fc for maximal values in both groups appeared to show no
particular bias for higher or lower values as in the case of using all 102
channels. As shown in the wavelet analysis, ERD is localised distinc-
tively in the parietal lobe of KI subjects, whereas in VI subjects, we see
ERS that is relatively disperse and widespread. Thus, it is not surpris-
ing to see a decrease in the accuracy for VI subjects when the number
of channels are reduced to only the channels in the vicinity of the left-
parietal lobe, whereas the performance in the KI subjects improves as
the fraction of “task-relevant” data increases. There is precedent for the
involvement of other brain areas in addition to motor-related areas from
other MI studies involving time-frequency analyses of electrophysiological
data [69, 145].

It should be noted that the results presented in Figs. 3.5a and 3.5b are
closely related to the ANN optimization problem, central to the classi-
fication of motor-related electrophysiological signals [1]. Including every
possible channel time series as a classification feature from multichannel
electrophysiological data, e.g., EEG or, more pertinently, MEG, results in
an extremely large feature-space that needs to be analysed by the classi-
fier. This is a critical issue in the development of practical brain-computer
interfaces (BCIs), where all calculations should be performed in real time
by portable computers and the efficiency is of extreme importance. In
addition, task-irrelevant EEG or MEG data may add noise and/or redun-
dant information that can reduce classification accuracy [243]. In this
context, our study evidences that VI subjects are more susceptible to the
ANN optimization problem. Nevertheless, using appropriate data prepro-
cessing such as lowpass filtering and channel reduction, accuracy rates
as high as 90% could be achieved even in VI subjects.

Classification of bandpass filtered data

To address the second aim of the study and to validate our proposed
neuronal pathway of motor imagery, we employed a classification pipeline
based on ANN, designed in an unconventional yet appropriate way.

The study was designed to find the frequency components of the MEG
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Figure 3.6: Bandpass Filtering: Maximal classification accuracy versus
bandpass frequency range. Each data point on the x-axis represents
the centre of a 10-Hz bandpass frequency window. Two local maxima in
the γ-range are seen that encompass the discovered frequencies in Sec.
3.1.3.

signal that generate high ANN classification accuracies. According to
our proposed model in Sec. 3.1.4, the finer details of the MI, such as
which limb to use and the particular fashion in which the muscles would
contracted/relaxed, are encoded in the γ-band. Whereas, the µ-band
signals are general carriers of motor activity and should not differ too
much depending on which limb the subject is moving. Therefore, ANN
classification between the left and right hand MI should be aided by the
γ-frequency components and not by the µ-frequency components.

As described in subsection 2.7.2, prior to ANN classification, we band-
pass filtered the input MEG data using 10-Hz windows spanning across
5–60 Hz. ANN classification accuracies after bandpass filtering were
found to be similar for the KI or VI mode of MI. Figure 3.6 shows the
ANN classification accuracy averaged over all subjects versus the band-
pass frequency range. Each value on the abscissa in this figure repre-
sents the centre of the corresponding bandpass frequency range. Thus,
the points at the two local maxima represent 25–35 Hz and 45–55 Hz
windows, respectively.

Indeed, we observed two peaks within 5–60 Hz frequency range which
includes γ-frequency signals identified earlier in the connectivity analysis
(Fig. 3.3). These results are in agreement with our model in the course of
frequency-selective information transfer.

In the very recent systematic and extensive review of ANN classification
studies using electrophysiological data, Craik et al. [41] discuss only
eight studies which employ MLP, three of which are based on the MI
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paradigm. Moreover, only one of these MI studies employs time series
data as inputs to the ANN [216] to achieve a 75% maximal classification
accuracy, whereas the other two studies [245, 204] use different kinds of
frequency transformations on the input signal and achieve classification
accuracies up to 85%. The maximum accuracy obtained in our study
using time series data as input, reaches as high as 90% when we use
a lowpass filter with a 60-Hz cutoff. Moreover, only using the 40–50 Hz
range data after bandpass filtering, a maximal classification accuracy of
85% could be achieved. This means that the electrophysiological infor-
mation gained out of this study can greatly benefit the efficiency of BCIs
and, at the same time, elucidate how the neuronal networks communi-
cate to bring about MI on a behavioural level.
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3.2 A Dynamical Model of Perception

3.2.1 Setup

We suppose that there are feature-specific neurons in the brain that are
suitably co-activated in a network to form unique representations of dis-
tinct objects [228]. Examples of such features could be basic colours,
length, width, depth, orientation, motion direction, etcetera.

Further, neuronal clusters representing each object-feature may inter-
nally compete to determine the quantity of perception of that feature.
This means that an ambiguous stimulus excites or inhibits the same set
of neuronal clusters to form unique co-activation patterns in the brain
depending on its interpretation. In case of bistable perception, let the two
coexisting percepts or states be X and Y . Since the stimulus remains
the same for both percepts, the feature space would be the same which
implies the engaged clusters of neurons are common to both percepts.
Henceforth, we are going to treat the neuronal clusters as single neurons
for simplicity. Nonetheless, a more accurate interpretation would be of
a co-activated cluster of neurons representing one of the sensory input
features.

Let the total number of such feature-specific neurons be N that are co-
activated (synchronised spiking-rate or membrane potential) to represent
each object in an N-dimensional feature space. In this space, X and
Y are two non-identical points. Most experimental paradigms to study
multistable perception are designed to alter the ambiguous stimulus only
along one of the object features, keeping the rest of the features in the
coexisting percepts the same. For example, only changing the luminance
contrast of the inner edges in a visually-bistable Necker cube, keeping
all other image features intact, can be used to span across both cube
percepts [97]. Thus, in the scope of such experiments, our model can
be simplified and we can reduce the feature-space dimension from N
to 1. Therefore, we are going to treat X and Y as scalars. However,
in future, we may generalize our model to include a richer feature set
by treating X and Y as N-dimensional vectors with semi-independent
components.

Hence, for bistable perception experiments with a single distinguishing
object-feature, there are two percepts that differ only in the activation of
the corresponding feature-specific neuron (neuronal cluster). The two ex-
treme ends of the activation of that neuron correspond to the two percepts
X and Y . The competition between the two percepts has been modelled
as a dynamical process as shown below.

First, we will discuss important considerations in determining appropri-
ate modelling variables, functions, and parameters. The brain is a highly
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energy-dissipative system which remains dormant until externally stim-
ulated. Therefore, each percept has a self-stabilizing term.

There is an enormous amount of sensory input that we are exposed to
at any given moment but we only receive a very small fraction of this de-
pending on the stimulus we are attending to. The unattended stimuli are
suppressed by the brain [139, 11, 29, 39]. Moreover, based on numerous
empirical study reports and discussions with peers, we suppose that only
one percept can remain active at any moment in time. Therefore, once a
percept is activated, we need a mechanism to suppress its rival competing
percept. We shall refer to this as competitive inhibition.

To model adaptation, we introduced variables representing each percept
in the memory (Xm and Ym) that follow the actual perception of those per-
cepts [66, 203]. They allow destabilising the percepts if their activations
in the memory last for a prolonged period. For this reason, it is neces-
sary to keep the time constants of the memory dynamics much higher
than that of the perception dynamics. The memory states are also self-
stabilised in the same way as the percepts.

From our knowledge of synaptic input processing, we know that the neu-
ron fires only when the input signal is sufficiently strong, otherwise, the
activation dies down to its resting level. Therefore, we model the synaptic
connections with a sigmoid function

σ(X) =
1

1 + e−βX
. (3.1)

Since the same neuron is engaged in either percepts, the modelling of the
dynamics in both percepts is identical. Taking into account all the above
considerations in modelling perception, we arrived at the following model:

τẊ = SX + h−X − cσ(Y )− ασ(Xm) + ηξX(t), (3.2a)

τmẊm = hm −Xm + γσ(X) + ηmξXm(t), (3.2b)

τ Ẏ = SY + h− Y − cσ(X)− ασ(Ym) + ηξY (t), (3.2c)

τmẎm = hm − Ym + γσ(Y ) + ηmξYm(t). (3.2d)

Here, SX and SY are the stimuli corresponding to both percepts, and α
and c are coefficients of adaptation and competitive inhibition.

The relative values of SX and SY determine the stimulus ambiguity. For
a purely ambiguous stimulus such as Necker cube, the stimuli favouring
either of two percepts must match up, i.e. SX = SY .

The internal brain noise ξ is modelled using an independent zero-mean
Gaussian distribution with intensities η and ηm =

√
τ/τmη added to the

percept and memory variables, respectively. The respective time con-
stants are τ and τm, and the resting levels are h and hm. The coefficient γ
allows controlling the effect of the current percept on its memory repre-
sentation.
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Figure 3.7: Schematic: Illustration of the adaptation perception model.

A schematic illustration of the model is shown in Fig. 3.7.

The parameter values used in the simulations are present in Table 3.1.
The chosen values are closely related to the motion quartet model by Hock
et al. [92] who used exactly the same values for parameters τ , τm, h, hm, α,
γ, and η. In their model with four percepts, the stimulus amplitudes were
varied from 12 to 20, and the parameter c was heterogeneously valued
at either 3.5 or 7. Noting the reduction in the number of percepts, we
adjust the amplitudes by fixing the SX and SY amplitudes at 10, except
the studies with biased stimulation, where the SX amplitude is varied
between 8 and 12. We also fix the parameter c = 5. Finally, in order
to provide sufficient nonlinearity of the synaptic connectivity, we choose
β = 5.

Table 3.1: Parameter values

Parameter τ τm h hm SX SY c α β γ η d
Value 20 1000 −5 −5 8–12 10 5 5 5 10 0–1 0–1

3.2.2 Analytical approach to resolve system dynam-
ics

In this section, we apply different analytical approaches to solve the non-
linear equations 3.2, that is only possible in the absence of any stochas-
ticity. Therefore, we set η = ηm = 0 in the subsequent analysis in this
section.

Fixed point analysis

Due to nonlinearity induced by the sigmoid function (Eq. 3.1), the system
dynamics is highly nonlinear, and hence there is no direct way of finding
an exact solution to the system Eqs. 3.2. Therefore, we use a linear
approximation of the sigmoid function to find an equilibrium point of the
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system as follows

σ(X) ∼ 5

4

(
X +

2

5

)
. (3.3)

The linear approximation is a tangent to the sigmoid function σ(X) at
X = 0 as shown in Fig. 3.8.

Figure 3.8: Linear approximation of the sigmoid function (Eq. 3.1) for
β = 5.

Another simplification is based on the system being anti-symmetric be-
tween the phases of X and Y as the the brain is perceiving either one of
them at any given moment. Therefore, to calculate the fixed point for a
steady stimulus SX = SY = 10 and other system parameters given in Ta-
ble 3.1, we set the left-hand sides (LHS) in Eqs. 3.2 to zero, substitute the
linear approximation of sigmoid function from Eq. 3.3, and set Y = −X.
The fixed point is the origin:

(X, Y,Xm, Ym) = (0, 0, 0, 0).

The linear stability analysis indicates that the fixed point is unstable, i.e.,
the real part of eigenvalues is positive (<(λ)max = 0.2467 > 0) for the cho-
sen set of the system parameters. Figure 3.9 shows the variation of the
system stability as we adjust the coefficient of competitive inhibition (c)
and the ratio of time scales in memory and perception (τm/τ ). As seen
from Fig. 3.9a, the system can only be stable (<(λ)max < 0) at very low
ratios of memory time scales to perception time scales in the concurrence
with suppressed inter-state competition. For the used value of c = 5, the
variation of <(λ)max with the time scales ratio is present in Fig. 3.9b. For
stability, the ratio needs to be unrealistically small, i.e. τm/τ < 0.2. In re-
ality, we only form a memory of a percept after that percept has remained
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(a) (b)

Figure 3.9: Fixed-point stability: (a) Largest real part of eigenvalues
<(λ)max versus the coefficient of competitive inhibition c and the ratio of
time scales in memory and perception τm/τ . (b) Section of (a) at c = 5.

temporally stable in the brain and thus, the time scales of memory are
much higher than the percept (τm � τ ).

Thus, we have shown how adaptation keeps the system unstable even
in the absence of inter-state competition. Now, the interesting question
arises: What happens with the system stability if we remove the destabi-
lization due to adaptation, i.e, when α = 0?

This case implies that the system dynamics is primarily driven by the
inter-state competition for an unbiased stimulus. To find the fixed points,
we again set the LHS in Eqs. 3.2 to zero. Since the memory variables no
longer affect the percept variables (α = 0), we can solve the equations for
X and Y first and then calculate the corresponding values of Xm and Ym
from equations for X and Y . The rest of the parameter values remain the
same as in Table 3.1.

Now the system of Eqs. 3.2 becomes

X = 5− 5σ(Y ), (3.4)
Xm = −5 + 10σ(X), (3.5)
Y = 5− 5σ(X), (3.6)
Ym = −5 + 10σ(Y ). (3.7)

The range of the sigmoid function is from 0 to 1 with σ(0) = 0.5. Iter-
ating with different initial conditions show that Eqs. 3.4 and 3.6 can
either converge to (X, Y ) = (0, 2.5) or (X, Y ) = (2.5, 0). The corresponding
values of memory variables would be (Xm, Ym) = (0, 5) or (Xm, Ym) = (5, 0),
respectively.

Note that the removal of the feedback coupling between memory and per-
ception simplifies the system enough such that we do not need to lin-
early approximate the synaptic connections (sigmoid function). Thus,
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in the absence of adaptation, the system has two fixed points (FP1 and
FP2):

(X, Y,Xm, Ym)FP1 = (0, 2.5, 0, 5),

(X, Y,Xm, Ym)FP2 = (2.5, 0, 5, 0).

These results closely match the predictions of adaptation-free models
which demonstrate the winner-takes-all behaviour in choosing the per-
cepts.

Simplifying dynamical equations

The simplifications applied in the fixed point analysis can also be ex-
tended to find dynamical solutions of the differential equations of the
system. In particular, we explore the anti-phase symmetry between X
and Y percepts as in the fixed point analysis. Substituting Y as −X in
the system Eqs. 3.2 for a steady unbiased stimulus SX = SY = 10 and
other system parameters given in Table 3.1, we rewrite Eqs. 3.2a and
3.2b as

20Ẋ = −X + 5− 5σ(−X)− 5σ(Xm), (3.8)

1000Ẋm = −Xm − 5 + 10σ(X). (3.9)

The anti-phase symmetry between X and Y for the same system param-
eters is also demonstrated later with numerical simulations of our model
(see Fig. 3.10a). Therein, X and Y show anti-phase oscillations of ampli-
tude A = 4, while Xm and Ym show anti-phase oscillations of amplitude
A = 0.5. In Fig. 3.8, one can see that the linear approximation by the
sigmoid function is a relatively good fitting in the range [−0.5, 0.5], while it
is grossly unrealistic outside this region. Thus, if we get rid of the non-
linear terms with sigmoid function applied to a percept variable (X or Y ),
we can find an acceptable linear solution of our dynamical system.

In order to do so, we first simplify Eqs. 3.8 and 3.9 to get

1000Ẋm − 40Ẋ = 2X −Xm − 15 + 10σ(Xm) + 10[σ(X) + σ(−X)]. (3.10)

Then, we use the property of the sigmoid function

σ(X) + σ(−X) =
1

1 + e−βX
+

1

1 + eβX
= 1 (3.11)

to simplify Eq. 3.10 into

1000Ẋm − 40Ẋ = 2X −Xm − 5 + 10σ(Xm). (3.12)

Finally, using the linear approximation of the sigmoid function in Eq. 3.3
for the memory variable, we rewrite Eq. 3.12 as

1000Ẋm −
25

2
Xm = 2X + 40Ẋ. (3.13)
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As a result, we get a linear differential equation describing the system
dynamics which can be solved analytically, given the solution for either
X or Xm. Therefore, we assume X as a harmonic signal X = A cos(ωt)
with amplitude A and frequency ω based on the numerically obtained
solution (Fig. 3.10a), and see how well the resulting analytical solution
of Xm matches the numerically obtained Xm. Thus, we set the amplitude
A = 4 and the frequency ω = 2π/4500 ≈ 1.40 × 10−3. Substituting the
assumed harmonic solution of X in Eq. 3.13, we obtain the first order
differential equation

1000Ẋm −
25

2
Xm = 8 cos(ωt)− 160ω sin(ωt), (3.14)

which can be further simplified into

Ẋm + kXm = B cos(ωt+ θ) (3.15)

with k = −25/2000, being driven by periodic forcing of amplitude B =
8/1000, frequency ω = 1.40× 10−3 and phase difference θ = 0.03.

The phase difference θ only shifts the driving signal marginally to the
left on the time-axis and can be ignored while calculating the ensuing
dynamical response of the system to simplify calculations. Thus, solving
the simplified system for Xm using a harmonic trial solution, we get

Xm(t) = C cos(ωt− φ), (3.16)

where C = B/
√
k2 + ω2 = 0.64 and φ = tan−1(ω/k) = −0.11.

Comparing the analytically obtained solution of Xm with its numerical
solution, we find close commonalities between them. Both solutions of
Xm are periodic with amplitude A ≈ 0.5, have the same frequency as the
forcing X, and both solutions of Xm lag behind X.

3.2.3 Numerical simulations

In this section, we present the results of the numerical simulations of the
system Eqs. 3.2 for three key cases: 1) in the absence of noise with a fixed
stimulus, 2) in the presence of noise with a fixed stimulus, and 3) in the
presence of noise with a periodically modulated stimulus. Since, we have
a set of stochastic differential equations, we will use the Euler-Maruyama
method to numerically solve the differential equations.

Case-1: Deterministic system with a fixed stimulus

Here, we set η = 0 in Eqs. 3.2 to get rid of the noise terms. The stimulus
is a steady signal of a constant amplitude which equally affects X and
Y percepts, i.e., SX = SY = 10. The resulting time series of all system
variables and the corresponding phase portrait in three-dimension are
shown in Fig. 3.10.
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The percepts X and Y periodically oscillate in anti-phase. Similarly,
their memory representations Xm and Ym also oscillate periodically in
anti-phase at the same frequency as the percepts. The memory repre-
sentations lag behind their corresponding percepts as one would expect.
Thus, the solution of the deterministic system is a stable limit cycle cen-
tred around the analytically obtained unstable fixed point described in
Sec. 3.2.2 (see Fig. 3.10b).

(a) (b)

Figure 3.10: Deterministic dynamics (η = 0) of the system under steady
unbiased stimulation illustrated with (a) time series and (b) phase por-
trait.

Case-2: Stochastic system with a fixed stimulus

The addition of noise modelled as a Gaussian random variable to the
system destabilizes the limit cycle and leads to stochastic oscillations as
shown in Fig. 3.11. The amount of time each percept remains active or
dominant over its rival before switching is called resting time or domi-
nance duration. The resting time remains constant in the deterministic
case with zero-noise (η = 0) where the switches are driven only by adap-
tation. However, in reality, noise induces randomness in switching as
discussed in section 1.2, thus turning the resting time into a random
variable as is evident in this case.

In the system Eqs. 3.2, noise-induced shifts in the percept variables X
and Y alter the strength of competitive inhibition they are posing on their
respective rival states, leading to early or late switching caused by adap-
tation alone. To study the distributions of resting times, we develop an
algorithm that scans the difference between the percept variables X and
Y to determine the active percept. If the difference is positive, X is the
dominant percept and if it is negative, Y is the dominant percept. The
algorithm is resilient to noisy perturbations in the difference near zero
and thus, a switch from the current state to the rival one requires the
absolute difference between X and Y to be greater than 3η, where η is the
noise intensity. The method is referred to as 3η-criterion. Figure 3.11a
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shows an example of the method application for identification of the ac-
tive percepts.

(a)

(b)

Figure 3.11: Stochastic dynamics of the system illustrated with time
series for noise intensities (a) η = 0.1 and (b) η = 0.5. The rectangular
yellow line shows the identification of the active percept using the 3η-
criterion.

Once the activated percepts are identified at any given time, we can com-
pute the resting time distributions and the total number of switches after
simulating the system with different noise intensities (η) for a duration of
T = 2.5× 105.

The resting time distributions for three different noise intensities are
shown in Fig. 3.12. For low values of noise (η < 0.3), the obtained distribu-
tion is reminiscent of the gamma distribution typical for the resting times
in bistable perception [132, 152], while for higher noise values (η > 0.3),
the distribution is exponential.

As can be seen in Fig. 3.13, the most probable resting time in either state
decreases as the noise intensity is increased. This trend is also seen in
experiments with human subjects [39, 184] and other models of bistable
perception [152]. In the vicinity of η = 0.3, the trend is roughly linear as
in our other study [39].

One can see from Fig. 3.14 that the number of switches linearly increase,
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(a) (b) (c)

Figure 3.12: Probability distributions of resting times for noise inten-
sities (a) η = 0.1, (b) η = 0.3, and (c) η = 1.

Figure 3.13: Effect of noise on resting times: Most probable resting
times versus noise intensity, η.

when noise is increased above η > 0.3.

Both results on the most probable resting times and the number of
switches put together seemingly imply that the model’s dynamics for
η ≈ 0.3 is in a good agreement with experimental data obtained in hu-
mans.

The order in stochastic systems can be characterized using correlation
time τc [19, 65, 181] calculated with the help of the normalized autocor-
relation function

C(τ) =

〈(
X(t)−

〈
X(t)

〉)(
X(t+ τ)− 〈X(t)〉

)〉
〈(
X(t)−

〈
X(t)

〉)2〉 , (3.17)

where 〈.〉 stands for time averaging and τ is the lag time. Correlation time
is then calculated as

τc =

∫ ∞
0

C2(t)dt. (3.18)
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Figure 3.14: Effect of noise on perceptual switches: Total number of
switches during a simulation time of T = 2.5× 105 versus noise intensity,
η.

The variation in the correlation time calculated using Eq. 3.18 is studied
versus the noise intensity on a log-log scale. The order in the stochastic
system decreases with increasing noise intensity as one would expect.
The dependence is approximated by a power law τc ≈ η−0.73.

Figure 3.15: Effect of noise on the system order: Correlation time
versus noise intensity on a log-log scale. The red line is the best fit rep-
resenting a power law with the characteristic exponent κ = −0.73.
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Case-3: Stochastic system with a periodically modulated stimu-
lus

Leopold et al. [134] were the first who reported that the perceptual
switching in humans can be decelerated by periodically removing the
stimulus. Later, many bistable perception experiments confirmed the
existence of this phenomenon [95, 120, 143, 144].

To reproduce such a scenario in our simulations, we use a periodic stim-
ulus instead of a fixed stimulus to stimulate both percepts. In particular,
we use square-wave signals SX and SY with a duty cycle d = 0.5 and a
time period T = 50. The amplitudes of the stimulus signals are again
|SX | = |SY | = 10 to not bias the stimulation towards any percept. The
noise intensity is fixed at η = 0.1.

The results of the simulation are present in Fig. 3.16. Herein, we can
see that the percepts X and Y are activated for much longer durations
(e.g., t ≈ 1500) before switching in comparison to the steady stimulus case
(t ≈ 400) with the same level of noise (Fig. 3.11a). This stabilization of
percepts with the periodic removal of stimulus is called habituation.

Figure 3.16: Stochastic dynamics of the system under unbiased peri-
odic stimulation with square-wave signals of amplitude |SX | = |SY | = 10
for η = 0.1.

The periodic removal of the driving stimulus results in a gradual rise of
the memory variables and thus, the perceptual switching due to adapta-
tion is delayed.

The displayed stimulus does not need to be perfectly ambiguous. For
instance, one of the percept could occur more likely for a stimulation
favouring that percept. To study such a phenomenon, we fix |SY | = 10
and study the perceptual dominance while |SX | took values from (8, 9, 10,
11, 12). The perceptual dominance of state X over Y (DXY ) is evaluated
as the mean difference between the percept variables X and Y while the
stimulation is active. Positive values of DXY imply the dominance of state
X, while negative values imply the dominance of state Y .

Effect of stimulus duty cycle The effect of stimulus duty cycle on the
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Figure 3.17: Effect of stimulus duty on dominance: Dominance of
state X over state Y versus stimulus duty cycle d for various levels of
stimulation bias b.

resulting perceptual dominance is studied for different levels of percep-
tual biases b = |SX |/|SY |, as shown in Fig. 3.17. One can see that for
b > 1, percept X dominates over percept Y , whereas for b < 1, percept Y
dominates. For unbiased stimulation (b = 1), both percepts are equally
possible (DXY = 0).

The maxima in the dominance occur in the vicinity of d ≈ 0.5 (50%). The
dominance keeps increasing as we move from no stimulation to a stimu-
lation with a duty cycle that is not long enough for the adaptation effects
to play a role. For longer duty cycles, the adaptation causes the domi-
nance to start reducing. Is there a way to suppress the adaptation effects
in order to further increase the dominance with a longer duty cycle?

Effect of noise As discussed in section 1.2, it is widely accepted that
noise can trigger switches between the percepts. This would mean that a
highly noisy system would have poor stability in either of the percepts and
the resting times would be lower as we saw in Fig. 3.13. Here, we discuss
the effect of noise on the dominance of a percept that is preferentially
stimulated with a periodic signal.

Figures 3.18a and 3.18b show the dependence of dominance on noise in-
tensity for a stimulus duty cycle of 50% and 100%, respectively. Surpris-
ingly, the trend is completely opposite in the two cases. In Fig. 3.18a, the
dominance of the biased percept (X or Y ) reduces as noise is increased,
whereas for 100% duty, the dominance of the biased percept increases
with noise.

As shown above, the adaptation effects do not begin to play a role until
the duty cycle reaches 50% and are only prominent for longer duty cy-
cles. Thus, in case of longer duty cycles, adaptation negatively affects the

52



CHAPTER 3. RESULTS AND DISCUSSION

(a) (b)

Figure 3.18: Effect of noise on dominance: Dominance of state X over
state Y versus noise intensity at various levels of biases in the stimuli
with (a) 50% and (b) 100% duty cycles.

dominance of the biased percept. In our model, adaptation is driven by
memory and the time scale of memory is much larger than that of per-
ception. Adding noise to the system, causes the highly inertial memory
to evolve even slower and thus suppresses destabilization due to adapta-
tion.

3.2.4 Comparison with other models

Our model closely resembles the one proposed by Huguet et al. [103],
yet there is a fundamental difference in the relative strengths of adapta-
tion and noise. While in their model, adaptation is unable to cause any
perceptual switches in the absence of noise, in our model, adaptation is
strong enough to cause switches on its own (see Fig. 3.10).

In 2014, Pisarchik et al. [184] conducted experiments with Necker cubes
to study perceptual switches under a time-varying control parameter to
drive the percepts. In 2019, Meilikhov et al. [150] analysed these ex-
periments and reported that brain noise is unable to induce perceptual
switches by itself and an appropriate value of the control parameter is
necessary. Particularly, they found that brain noise only provides 15–
40% of the energy gap needed for the switch. This discovery confirms
that adaptation produces a stronger effect than noise as in our model.
However, does this mean that we can never get a stable perceptual deci-
sion? Let us discuss this issue in the next section.

Another model that has some semblance to our model is the general-
ized firing rate equation model by Ermentrout and Terman [56]. The
major distinction between the two models lies in their synaptic connec-
tions. In their model, all inputs to neurons are treated homogeneously
and summed before passing through the sigmoid function. This implies
a single neuron or a cluster of identically connected neurons represent-
ing each percept, wherein inputs from all synapses are homogeneously
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processed together. Whereas, in our model, each synaptic connection is
processed separately and then added together to give the collective clus-
ter activity. In the sub-cluster corresponding to each percept for a given
feature, the neurons are not connected all-to-all. There are heteroge-
neous connections between the sub-clusters such as between the rival
sub-clusters to establish competitive inhibition or between the percept
and memory sub-clusters for adaptation. The percept variables X and
Y represent the superposition of the activities of their respective sub-
clusters.

An additional difference between the two models is that we carefully
avoided committing the cluster activity to either membrane potential or
spiking rate of the neurons. This is motivated by keeping our model gen-
eralisable to both domains.

3.2.5 Perceptual stabilisation

Dotov et al. [52] suggest that brain dynamics is inherently unstable due
to adaptation. They argue that cues from the environment serve as con-
textual constraints which stabilises the perception. This allows us to
make stable perceptual decisions in everyday life. Because in exper-
iments, stimuli are contextually depleted, perceptual alternation is in-
evitable.

Perceptual learning is another well-known perceptual stabilisation mech-
anism. The perception of an object multiple times causes reactivation of
the same neuronal network, which makes the axons more conductive for
the passing current due to thickening of myelin sheaths. Thus, in the
case of a bistable stimulus, the network corresponding to the more com-
mon percept is more likely to be activated instead of the more resistive
network belonging to the competing percept.

We suppose that every object-feature engages a neuronal cluster con-
sisting of two sub-populations representing the extreme ends of the fea-
ture quantity. Noting the symmetric structure of the brain, having two
sub-populations representing the same feature in either hemispheres
is amenable. These two sub-populations constantly compete with each
other to assess the contribution of this feature to perception.

A popular analogy for multistable perception is an imaginary ball rolling
across an energy landscape in the presence of noisy kicks [79]. The depth
of valleys in this landscape determines the stability of the percept they
represent, and the valley into which the ball finally lands and from which
it cannot escape is the final perceptual decision. For a purely bistable
stimulus, the two percepts of which were not previously perceived, the
depths of their respective valleys in our analogy are the same. However,
if one of the percepts is more often perceived in everyday life, the same
stimulus more often leads to the perception of that percept due to per-
ceptual learning [39].

It is also possible to have a multistable stimulus that does not exhibit
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Figure 3.19: The dress: A visually multistable image of a dress.

perceptual switching but results in multiple percepts in different subjects
based on their previous exposure to the environment. Figure 3.19 shows
the image of a “blue-and-black dress” which was found to have multiple
percepts in terms of its perceived colour. Lafer-Sousa et al. [126] con-
ducted a study with 1400 participants and found that 57% of them saw
the dress as blue and black, 30% saw it as white and gold, 11% saw it
as blue and brown, and the remaining saw it as blue and gold. How-
ever, if the illumination of the image is a balanced, switching between the
percepts is possible. The authors concluded that there is strong prefer-
ence for one of the percepts because the illumination of the seen objects
varies between the subjects due to perceptual learning. Here, the illumi-
nation acts as a control parameter of the perceived object or, in the case
of our analogy, illumination determines the relative depth of all possible
percepts.

Publication

P. Chholak, A. E. Hramov, and A. N. Pisarchik, “An advanced perception
model combining brain noise and adaptation”, Nonlinear Dynamics, vol.
100, no. 4, pp. 3695–3709, Jun. 2020.

3.3 Measuring Brain Noise

3.3.1 Setup

In section 1.3, we highlighted that there is a need for a brain noise estima-
tion method that is independent of any model of bistable attention. There-
fore, here we introduce a novel method to estimate brain noise based on
the visual flickering paradigm.

Electrophysiological brain activity is captured via MEG while the partic-
ipants gaze at periodically flickering stimuli (for details, see Experiment-
2A in section 2.2). This experimental approach entails frequency locking
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of the visual brain response to the periodic flickering at fm = 6.67 Hz. Note
that another frequency fm = 8.57 Hz was tested and parallel results were
obtained that are not presented here but can be found in the resulting
publication [182].

When periodic forcing is applied to coupled stochastic or chaotic oscil-
lator systems, frequency locking between the forcing signal and the sys-
tem can be achieved [19]. Depending on the relative values of the forcing
strength and noise, this frequency-locking can either be permanent or in-
termittent. In case of intermittent frequency-locking, the phase between
the forcing signal and the system response displays intermittent phase
jumps of 2πn (n = ±1,±2, . . . ) in the “unlocked” time interval, whereas in
the frequency-locked time interval, the phase fluctuates around a mean
value due to noise [19]. Thus, we propose using the amplitude of such
phase fluctuations as an indicator of internal brain noise.

3.3.2 Procedure

The recorded data are contaminated with external magnetic interfer-
ences, 50-Hz line-noise, and artefacts due to eye blinks and cardiac ac-
tivity. Therefore, we apply standard artefact removal methods described
in subsection 2.4.3 to filter them out. After estimating cortical source ac-
tivity as described in section 2.9, we calculate average source activity in
the early visual cortex. In particular, the cortical sources belonging to the
V1 and V2 regions as per the Brodmann atlas constitute the early visual
cortex in our studies. We call this response visual induced field (VIF) (see
subsection 2.5.3 where we discuss the name for this response).

In the VIF power spectra (Fig. 3.20) during flickering (F), we see peaks
at the fm frequency along with its higher harmonics. Thus, the visual
response contains “frequency-tags” of the gazed stimulus.

We then also filter VIF with a bandpass filter in the range of [bfcc, dfce],
where b.c and d.e are the floor and the ceil functions, respectively, and fc
is the second harmonic of the flicker frequency.

Comparing VIF with the second harmonic of the flickering signal, we ob-
tain time series of phase fluctuations Φ:

Φ = (tRn − tSn)fc. (3.19)

Here, tRn and tSn are the times of the n-th peaks of the bandpass filtered
visual response and the second harmonic of the flicker frequency, respec-
tively.

An example of the phase fluctuations time series is shown in Fig. 3.21.
Herein, Φ (in units of the second harmonic (fc) periods) is on the ordinate
and time (in units of seconds) is on the abscissa. The figure demonstrates
intermittent frequency-locking at the fc frequency, where the phase fluc-
tuates around a mean value during certain time epochs interrupted by
unlocked intervals wherein the phase jumps in integral multiples of the
second harmonic period.
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Figure 3.20: Logarithmic power spectra of VIF during the presentation
of a non-flickering cube (B) and the same cube with one face flickering
at fm = 6.67 Hz (F). The vertical red and green lines indicate the flicker
frequency and its second harmonic, respectively.

Figure 3.21: Intermittent frequency locking between the second har-
monic of the stimulus and the visual brain response (VIF). The ordinate
unit is one period of the second harmonic of the flicker frequency.

Further, a distribution of the phase fluctuations is generated from the
frequency-locked epochs. The data from the unlocked epochs is dis-
carded and the intermittent shifts in the frequency-locked epochs are
rectified with jumps of 2πn (n = ±1,±2, . . . ) to bring all phase fluctua-
tions to the same level. An example of the resulting distribution of phase
fluctuations is shown in Fig. 3.22.

Based on our knowledge on the periodic forcing of a system of coupled
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Figure 3.22: Distribution of phase fluctuations (Φ) during the
frequency-locking regime.

oscillators, we suppose that brain noise leads to the broadening of the
phase fluctuations distribution. Thus, the sharper the distribution of
phase fluctuations, the weaker the noise. The sharpness of a unimodal
distribution is characterised by kurtosis given as

K = E

[(
φ− 〈φ〉

σ

)4
]
, (3.20)

where σ is the standard deviation of φ, and E[.] is the expected value
function.

Finally, we estimate brain noise as the inverse of the kurtosis of the phase
fluctuations distribution, that is equivalent to the noise intensity

N =
1

K
. (3.21)

This method gives us a subject-specific measure of noise which can be
compared with other subject-specific measures related to activated brain
network size (section 3.4) and attention in subjects (section 3.5).

Publication

A. N. Pisarchik, P. Chholak, and A. E. Hramov, “Brain noise estima-
tion from MEG response to flickering visual stimulation,” Chaos, Solitons
Fractals X, vol. 1, Mar. 2019.

3.4 Neuronal Substrate in Visual Percep-
tion
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3.4.1 Setup

As discussed in section 1.4, the relation between the coherent network
size and brain noise remains unclear. Overall, we seek to gain a deeper
understanding of this problem by studying the functioning of the neu-
ral substrate that underlies visual perception. MEG experiments based
on the visual flickering paradigm were conducted with 15 subjects as
described in Experiment-2A of section 2.2. We chose a 6.67-Hz flicker
frequency, since it provides the best spectral response in the brain
[182].

First, all data underwent standard data cleaning procedures described
in subsection 2.4.3 to filter out external magnetic interferences, 50-Hz
line-noise, and artefacts due to eye blinks and cardiac activity. Subse-
quently, MEG data segments of 120-s were extracted from all flickering
trials (F) and the background trial (B). The trial epochs were marked us-
ing a parallel-port triggering system and then segmented as described
in subsection 2.5.1. To reduce computational load while calculating
event-related coherence (ERC), the 120-s trials were split into 3-s sub-
trials.

In essence, ERC means the difference in the spectral power at a particular
frequency fc inside the subject’s brain when the subject is observing a
flickering stimulus, as opposed to the case when the subject is gazing
at a non-flickering stimulus. The coherent network size of the visual
neurons is estimated indirectly by means of computing ERC over the
entire cortex and averaging the ERC values of cortical sources belonging
to the early visual cortex, i.e., V1 and V2 cortices in the Brodmann atlas.
For computing the average from a fixed region of interest, the higher the
number of synchronized neurons in that region, the higher the average
of the resulting average coherence. Thus, higher ERC in visual cortex
indirectly implies larger engaged network of visual neurons.

The implementation details of calculating ERC from 3-s sub-trials of both
experimental conditions (F and B) are described in subsection 2.6.3. Pre-
vious studies with the same stimulus [182] revealed that the visual re-
sponse at the second harmonic frequency is better than that at the flicker
frequency. Therefore, ERC was evaluated at the second harmonic fre-
quency, i.e. fc = 13.33 Hz.

Lastly, brain noise was also measured from the same MEG recordings as
used in the calculations of ERC. The brain noise estimation method is
comprehensively delineated in section 3.3.

3.4.2 Average visual ERC

The values of average ERC over visual areas V1 and V2 were compared with
estimated brain noise for all subjects. A linear relation was marginally es-
tablished with a p-value of 0.048 as seen in Fig. 3.23. The results show
that subjects with stronger coherent visual cortex activity to the stimulus
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demonstrate stronger brain noise. This relationship can be explained as
follows. The higher the power of the cortical sources in the task-related
frequency (or ERC at fc), the larger the number of neurons engaged in the
task. In a larger neuronal network, the number of synapses interconnect-
ing these neurons are also larger, and both the synapses and the neurons
contribute to the total stochasticity in the system [182]. Thus, higher
values of ERC are associated with stronger noise because the number of
engaged neurons is larger.

Figure 3.23: Average ERC in the visual cortex versus estimated brain
noise. The blue line is the best fit for the plotted data (p = 0.048).

3.4.3 Cortical distribution of ERC

The cortical distributions of ERC, typical for subjects with weak and
strong brain noise, respectively, are shown in Fig. 3.24. This distribution
demonstrates that stronger noise corresponds to more spread and inten-
sive activations, implying larger engaged neuronal populations.

Professor Semen Kurkin from the Innopolis University (Russia) analysed
the same MEG data using an aligned methodology to this study. Particu-
larly, instead of calculating coherence, he bandpass filtered the MEG data
in the 13–14 Hz band and then calculated the signal power. The rest of
the processing was very similar and was performed in the FieldTrip soft-
ware [170]. The results from his analyses closely match the results and
inferences of this study [36].

Publications

S. A. Kurkin, A. E. Hramov, P. Chholak, and A. N. Pisarchik, “Localizing
oscillatory sources in a brain by MEG data during cognitive activity,”
2020 4th Int. Conf. Comput. Intell. Networks, pp. 1–4, Feb. 2020.

P. Chholak, S. A. Kurkin, A. E. Hramov, and A. N. Pisarchik, “Event-
Related Coherence in Visual Cortex and Brain Noise: An MEG Study,”
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Figure 3.24: Typical cortical distributions of ERC in (A) ‘sub02’ (weak
noise) and (B) ‘sub06’ (strong noise). The brain activation is more spread
and intensive in ‘sub06’.

Appl. Sci., vol. 11, no. 1, p. 375, Jan. 2021.

3.5 Visual Attention Characterisation and De-
tection Mechanism

3.5.1 Setup

In this section, we discuss the results of our studies on visual atten-
tion and describe the context of the used methods. A review of the re-
lated literature is given in section 1.5. MEG data were recorded while
healthy human subjects participated in carefully designed experiments
with visually-bistable Necker cubes to selectively engage voluntary and
involuntary attention of the subjects. The voluntary attention experi-
ments required the subjects to focus on either of the cube percepts in
corresponding trials of the percept while the subjects fixed their gaze on
the central red dot on the Necker cube image. In involuntary attention
experiments, the subjects did not control their perception of the cube ori-
entations and spontaneously switched between two cube percepts. The
respective experimental protocols are detailed in Experiment-2B and 2C
of section 2.2.

Details about the recording procedure are provided in section 2.4. All
data were preprocessed to filter out external magnetic interferences, 50-
Hz line-noise, and artefacts due to eye blinks and cardiac activity using
standard data cleaning methods described in subsection 2.4.3.

The trials for voluntary (L and R) and involuntary attention (I) along with
the background (B) trials were marked on-line and segmented during off-
line analysis as explained in subsection 2.5.1. In these experiments, we
dealt with a limited number of relatively long-duration trials (L and R:
5 s; I and B: 120 s). The spectral analysis was performed on each trial of
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interest separately.

Applying source reconstruction procedure using a cortical mesh of about
15000 points unique to each subject and empty-room recordings on the
day of the experiment, an inverse solution was estimated for every subject
that allowed linearly combining the activity of 306 MEG coils to produce
time series of all points on the cortical mesh (see section 2.9 for details).
Using the inverse solution, we estimated the cortical activity in each trial.
The source activities in the early visual cortex (V1 and V2 in the Brod-
mann atlas) were averaged to get visual induced field (VIF) for each trial.
For more details on the calculation and naming of this response see sub-
section 2.5.3.

The Fourier spectra of all VIF corresponding to the left and right cube
percepts and the background state were evaluated for every subject. The
average Fourier spectra over all subjects in the three experimental con-
ditions are shown in Fig. 3.25. One can see that while perceiving the
left cube percept, the spectral power at f1 = 13.33 Hz is higher than the
power at f2 = 17.14 Hz. On the other hand, while perceiving the right cube
percept, the spectral power at f2 is higher.

Figure 3.25: Average Fourier spectra of the visual brain activity over all
subjects during three experimental conditions in the voluntary attention
experiment.

3.5.2 Voluntary attention performance

A parallel measure to compare the spectral powers is by time-averaging
the spectral power time series after its normalization to rectify the 1/f
power decay. Therefore, for frequency fm, the difference in the spectral
powers at fm during the left cube percept and the right cube percept,
Dm, are evaluated as described in Equation 2.12. Since the spectrum
shows an increase in the f1 power higher than in the f2 power during the
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left cube percept and vice versa, we expect D1 to be positive and D2 to be
negative. The better the subject is able to focus on the given percept in the
voluntary attention experiments, the higher the magnitudes of D1 and D2

because voluntary attention is responsible for the contrast between the
attended and unattended stimuli.

Thus, we can estimate the voluntary attention performance µ of a subject
by subtracting D2 from D1, i.e. µ = D1 −D2 (Equation 2.13).

We present the values of D1, D2 and µ for all subjects in Table 3.2. The
spectral differences D1 were found to be marginally positive, while D2

remained negative. Attention performances µ were always positive.

Table 3.2: Contrast in the spectral powers during left and right cube
percepts at f1 and f2, and voluntary attention performance.

Subject D1 D2 µ
A 1.151 -1.138 2.289
B 1.620 -0.964 2.584
C 0.358 -1.027 1.385
D 0.857 -0.524 1.380
E 0.005 -0.612 0.618
F 0.250 -1.299 1.549
G 0.059 -0.287 0.346
H -0.120 -0.548 0.427
I -0.152 -0.998 0.846
K 0.530 -1.041 1.570
L 0.675 -0.992 1.667

Mean (σ) 0.476 (0.562) -0.857 (0.313) 1.333 (0.724)

The effects of voluntary attention on enhancing the perceptual contrast
are well documented across a wide range of experiments [30, 27, 139,
187, 189]. However, whether the contrast enhancement is due to the
increased response to the attended stimulus [30, 27, 31] or the reduced
response to the unattended stimulus [139, 11, 29] has remained unclear.
Our results support the latter mechanism suggesting that the enhanced
contrast of the attended stimulus is due to a reduction in the brain re-
sponse to the unattended stimulus. When the subject is voluntarily at-
tending to the left percept in comparison to the right, the difference in
the spectral powers at f1 is not increasing as much as there is a decrease
in the difference of the spectral powers at f2.

3.5.3 Tracking frequency-tagged percepts

The above results discuss spectral powers that are averaged in time and
across trials. To track the cube percepts actively, one needs to monitor
the variation of the relative spectral powers at both f1 and f2 with time
in single trials. Therefore, we studied the evolution of the normalised
spectral difference (Equation 2.11) in time for both L and R trials. Typical
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time series of the normalised spectral differences in single trials belonging
to the left and the right cube percepts are shown in Fig. 3.26.

Figure 3.26: Normalised spectral difference time series (Equation 2.11)
for typical L (left panel) and R (right panel) trials.

The normalised spectral difference ∆E(t) is the difference between the
spectral powers at f1 and f2 in the early visual cortex. As expected, it is
positive for the left cube percept and negative for the right cube percept.
Based on the above results, we devised a new method to track the cube
percepts from the visual brain activity as captured in the VIF. The exact
algorithm is described in subsection 2.8.2. An example of the tracking
algorithm in action is shown in Fig. 3.27.

3.5.4 Characterization of spontaneous switching

Using the algorithm to track cube percepts, we characterized the spon-
taneous switching between percepts in every subject. In particular, we
determined the resting times of each percept, i.e. the time duration for
which a particular percept remained active in the brain before switching
to the other percept, and calculated their average and most frequent val-
ues. The average resting times of the left and right cube percepts came
out to be 4.097 s and 5.124 s which are grossly similar. This shows that
the total time spent in both percepts is roughly the same as it should be
for a bistable stimulus. The most frequent resting times, on the other
hand, are surprisingly more skewed. The average most frequent resting
time for the left percept (2.275 s) is much higher than for the right percept
(0.424 s). This implies a bias in the perception of the two cube percepts.
The same stimulus instils the left percept for longer durations at a stretch
than the right.

A possible reason for the enhanced stability of the left percept in compar-
ison to the right could be that we see the left oriented cube more often
in our everyday life [33]. Such kind of perceptual stabilisation based on
previous exposure is discussed in detail in subsection 3.2.5.

In addition to the inter-percept variability of resting times, the inter-
subject variability of resting times is of interest. We evaluated the average
of the most frequent resting times in both percepts for each subject (Tm0)
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(a)

(b)

Figure 3.27: Tracking percepts: (a) Normalised spectral difference time
series with marked switches between left and right cube percepts in in-
voluntary attention experiments.(b) Enlarged view of the image shown in
(a) with respective resting times, T1 and T2, of left and right cube percepts
labelled.

and then studied its relation to other subject-specific measures such as
voluntary attention performance (µ) and brain noise. Brain noise (see sec-
tion 3.3) and µ were measured in experiments that immediately preceded
the involuntary attention experiments. One of the subjects that partic-
ipated in the involuntary attention experiments was a defaulter in the
voluntary attention experiments and thus was excluded when comparing
measures from the two studies.

Linearly negative relations between Tm0 and µ, and Tm0 and noise are
shown in 3.28. We suppose that higher voluntary attention employs a
larger neuronal network that in turn increases brain noise since a larger
number of neurons and synapses participate [183]. As discussed in sec-
tion 1.2 and section 1.5, brain noise causes switching between alter-
nate percepts. Therefore, a stronger brain noise leads to more frequent
switches that means shorter resting times in each percept.
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(a) (b)

Figure 3.28: Correlations of resting times: (a) Average most frequent
resting time versus voluntary attention performance µ (p = 0.048). (b)
Average most frequent resting time versus brain noise (p = 0.0242).

3.5.5 Validating choice of visual cortex

We validate the use of early visual cortex for the spectral analysis in this
study using event-related coherence (ERC) to map the active cortical ar-
eas (see subsection 2.6.3) during the involuntary attention experiments.
To reduce computational load, we strip the 120 s I and B trials into forty
3-s short-segments before evaluating the ERC maps. The ERC method
results in a cortical map of the differences in measured coherence of stim-
ulus with brain during the spontaneous switching and the background
conditions at both frequencies f1 and f2. Due to the sub-trial segmen-
tation, the coherence values from all 40 sub-trials in both experimental
conditions are first averaged and then the difference is taken to produce
a single ERC map per frequency. Finally, the ERC maps of both frequen-
cies are also averaged together to reveal all active cortical sources in the
experiment.

The source localisation study based on ERC demonstrates the involve-
ment of the visual cortex. Figure 3.29 shows the activated cortical map
in one of the subjects. This study validated our use of VIF in all spectral
analyses as they capture the overall major task-relevant spectral activ-
ity.

3.5.6 Coherence resonance

We then compute the evoked responses (ER) in the lateral occipital cortex
(LO) that are characteristic of the object recognition process. We iden-
tify the stereotypic ER peaks in all subjects and find the time duration
spanning all ER peaks of each subject which we call early-response time
duration (ERTD). The larger the number of LO neurons, the longer the
evoked response. Thus, ERTD is used as a surrogate measure of the LO
sub-network size.

The ER is evaluated in voluntary attention experiments, wherein all 24
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Figure 3.29: Source localization using ERC revealed the active cortical
sources during visual attention experiments.

trials are segmented and averaged as explained in subsection 2.5.2. After
source reconstruction, the source activities in the LO as per the Desikan-
Killany atlas are averaged together to get the visual evoked potential
(VEP).

The VEP in the LO show three prominent peaks at 200 (P200), 250 (N250),
and 400 ms (N400) (Fig. 3.30). The time duration between the first (P200)
and the last peak (N400) is called ERTD. In the globally averaged VEP,
ERTD = 400 − 200 = 200 ms. However, the individual ERTD shows inter-
subject variability.

The main aim of the study of ER in the LO is to reveal the effect of the
LO sub-network size on the sustained percept detection or coherence be-
tween the stimulus and the early visual cortex response. Essentially, µ
characterises the brain’s ability to capture the spectral content of the at-
tended percepts for the entire trial duration. Stronger coherence between
the stimuli and the visual brain responses while voluntarily focussing on
a given percept results in higher values of computed µ. Thus, sustained
coherence in the early visual cortex with the stimulus during the entirety
of the trial can be characterized using µ. On the other hand, ERTD is a
proxy for the LO sub-network size.

67



CHAPTER 3. RESULTS AND DISCUSSION

Figure 3.30: Inter-subject average of VEP in the LO.

The dependence of µ versus ERTD (Fig. 3.31) shows that indeed for an
optimal LO sub-network size, there is a peak in the coherence between
the stimulus and the brain activity in the early visual cortex.

Figure 3.31: Coherence resonance: Coherence in early visual cortex (µ)
versus early-response time duration (ERTD) in LO.

Thus, for the optimal amount of noise in the LO sub-network, corre-
sponding to the optimal LO sub-network size, the coherence of the larger
sub-network has a peak. This finding is an experimental evidence of the
involvement of coherence resonance in the mechanism for visual stimu-
lus detection in humans.

Publications

P. Chholak, V. A. Maksimenko, A. E. Hramov, and A. N. Pisarchik, “Vol-
untary and Involuntary Attention in Bistable Visual Perception: A MEG
Study”, Front. Hum. Neurosci., vol. 14, p. 597895, Dec. 2020.

68



CHAPTER 3. RESULTS AND DISCUSSION

P. Chholak and A. N. Pisarchik, “Highest performance requires an opti-
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- 4th Scientific School on Dynamics of Complex Networks and their Ap-
plication in Intellectual Robotics, DCNAIR 2020, 2020, pp. 74–77.

3.6 Picture Naming

3.6.1 Experimental data

For this study, we utilise the MEG data collected by Dr Fatemeh Tabari
at the Laboratory of Cognitive and Computational Neuroscience, Centro
de Tecnologı́a Biomédica, Universidad Politécnica de Madrid, Spain. The
recording procedure was as described in section 2.4.

15 right-handed healthy subjects who speak English as a second lan-
guage (L2) participated in the study. They are divided into 3 equally-
sized groups based on their mode of language training. Group-1 in-
cludes students who are taught English as a foreign language (EFL) for 5
hours/week. Group-2 is composed of students belonging to the Content
and Language Integrated Learning (CLIL) program that involves teaching
EFL along with certain subjects such as natural and social sciences, and
art and craft in English for a total of 11 hours/week. Group-3 students
belong to the immersion program [67] wherein all courses are taught in
English except Spanish and social sciences for a total of 25 hours/week.
Due to a technical error, ‘sub-07’ from Group-3 is excluded from the
study.

The stimuli consists of 120 images of trivial objects presented in a
pseudorandom order. The images are presented for 3000 ms, fol-
lowed by a blank screen for 1700–2300 ms. Each image presenta-
tion corresponds to one trial during which the participant mentally
names the shown object in the picture. The entire experiment roughly
takes 12 minutes. The images are taken from the MultiPic databank
(https://www.bcbl.eu/databases/multipic) and presented using the Psy-
chopy software [175].

3.6.2 Setup

The present study aims at investigating the differences in the brain acti-
vations of three groups of subjects during the sensory and semantic pro-
cessing stages in picture-naming. The three groups of subjects differ in
their training of L2, i.e. English, in which the task is performed. All anal-
yses except statistical analysis were carried out in MNE-Python 0.22.0
[70]. The statistical analysis was performed in MATLAB R2019a.

We first apply standard data cleaning procedures described in subsec-
tion 2.4.3 to filter out external magnetic interferences, 50 Hz line-noise,
and artefacts due to eye blinks. Then, the data are bandpass filtered
between 1–20 Hz.
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The trial onsets corresponding to image presentations are marked on-
line via a parallel-port connection (see subsection 2.4.2) and the record-
ings are segmented into trials beginning 500 ms prior to the image onsets
and ending 1000 ms post image onsets (see section 2.5). The data from
−500 ms to 0 ms is used as baseline in each trial. The brain activities
in all trials for a subject are averaged together to produce event-related
fields (ERF).

The source reconstruction procedure differs from our generally used pro-
cedure in section 2.9 in the following aspects. The forward model is con-
structed using boundary element method (BEM). We again use a standard
default MRI but from Freesurfer ([58]) that is warped to fit the digitised
head points with 5120 cortical points. Using the forward model and the
noise-covariance from the baseline periods, the inverse solution is esti-
mated after minimisation of total brain energy as before. The inverse so-
lution is applied to the channel data using dynamic statistical parametric
mapping (dSPM) [42].

3.6.3 Evoked responses

Application of the inverse solution to the channel ERF results in the cor-
tical ERF which are smoothed using the Savitsky-Golay filter with a poly-
nomial order of 3 and a window size of 251 ms [59]. Moreover, we average
the cortical ERF across the subjects belonging to a group, weighted by
the total number of trials used to calculate ERF in each subject.

The representative cortical time courses in FG, BA, WA, and LO are esti-
mated using the first right singular vectors after applying singular value
decomposition. Each signal is scaled to match the average per-vertex
power in the corresponding brain region. After determining the dominant
source orientation, a sign flip is applied to all sources that are directed
opposite to the dominant direction.

The cortical ERF time courses in the 4 regions of interest averaged over
all subjects are shown in Fig. 3.32.

The LO and WA responses are unimodal, whereas the FG and BA re-
sponses are bimodal. The activity in all regions last until 750 ms. Ac-
cording to the study by Forseth et al. [59], the sensory processing stage
lasts from 0–250 ms post stimulus onset. The subsequent activity from
250–750 ms can then be attributed to semantic processing as we do not
expect an articulation stage in covert picture-naming.

The LO peak and first FG peak occurs during the sensory processing
stage. Whereas, the second FG peak along with the WA peak and the
second BA peak occurs during the semantic processing stage. The first
BA peak is on the boundary of the sensory and semantic processing
stages.

The total number of subjects per group are too low for proper statistical
inferencing. Nevertheless, we employ post-hoc power analysis to statisti-
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Figure 3.32: Cortical ERF in all regions of interest averaged over all
subjects.

cally validate the differences between the ERF peaks using a significance
level of α = 0.05. Only the most prominent peaks from single-trial re-
sponses are considered. The average amplitudes and latencies of the
most prominent peaks in all regional activities represent the coordinates
of the corresponding bold circles in Fig. 3.32. The horizontal and vertical
error bars are equal to the double of standard deviations in the latencies
and peak amplitudes, respectively.

Owing to the similar amplitudes of the FG peaks, we can see that the
average of the most prominent peaks lies roughly in the middle of both.
On the contrary, the second BA peak is correctly identified as the most
prominent peak. The unimodal peaks are better off in this regard as
they have only one prominent peak, at least in the absence of high intra-
group variations. Thus, the WA peak is well identified but the LO peak is
still shifted slightly to the right of what it should be. Due to the limited
number of subjects per group, the intra-group variations don’t cancel out
well.

Nonetheless, the LO peak in the sensory processing stage occurs sig-
nificantly earlier (power, P = 99.69%) than the second BA peak in the
semantic processing stage.

The cortical distributions of ERF activity are time-averaged in the inter-
vals corresponding to the sensory and semantic processing stages. We
found the cortical maps to be consistent across the three groups dur-

71



CHAPTER 3. RESULTS AND DISCUSSION

ing the sensory processing stage, while the cortical maps in the semantic
processing stage diverge.

The average cortical map over all subjects during the sensory processing
stage is shown in Fig. 3.33a.

(a) Average cortical map during the sensory process-
ing stage for all subjects.

(b) (c) (d)

Figure 3.33: Average cortical maps during the semantic processing
stage for b) Group-1, c) Group-2, and d) Group-3.

All three groups show activations in LO, IPS, FG, precuneus, cuneus,
and lingual gyrus during the sensory processing stage. In the seman-
tic processing stage, all three groups show activations in WA, BA, FG,
IPS, superior temporal sulcus (STS), hippocampal gyrus, and precuneus.
One may notice that Group-1 has relatively stronger activations in BA
than Group-3 where the activity is partial and Group-2 with very low ac-
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tivity in this area. Language proficiency and training in L2 should not
affect the ability of the subjects in identifying the object and thus, the
sensory processing stage is consistent between the groups. On the con-
trary, semantic processing of the object name is likely to be different in
heterogeneously trained subjects. Subjects with low language skills may
opt for radically different approaches to perform the said task on being
challenged enough.

Another interesting observation is that the cortical activity from the occip-
ital cortex is seen moving anteriorly along the ventral and dorsal routes
discussed earlier between the sensory and semantic processing stages
[226, 57].

Based on the obtained cortical maps and the region-wise cortical time
courses, we suppose that during the sensory processing stage, the LO
and FG are collectively involved in object recognition, i.e. identifying the
object by naming it in their native language after accessing the semantic
memory. While in the semantic processing stage, the FG, WA and BA act
in coordination to find the object name in L2, phonetically prepare, and
say the name covertly.

3.7 Semantic Anomaly

3.7.1 Experimental data

For this study, we utilise the MEG data collected by Dr Fatemeh Tabari
at the Laboratory of Cognitive and Computational Neuroscience, Centro
de Tecnologı́a Biomédica, Universidad Politécnica de Madrid, Spain. The
recording procedure was as described in section 2.4.

15 right-handed healthy subjects who speak English as a second lan-
guage (L2) participated in the study. They are divided into 3 equally-
sized groups based on their mode of language training. Group-1 in-
cludes students who are taught English as a foreign language (EFL) for 5
hours/week. Group-2 is composed of students belonging to the Content
and Language Integrated Learning (CLIL) program that involves teach-
ing EFL along with certain subjects such as natural and social sciences,
and art and craft in English for a total of 11 hours/week. Group-3
students belong to the Immersion program [67] wherein all courses are
taught in English except Spanish and social sciences for a total of 25
hours/week.

The stimuli consists of 64 simple declarative sentences adopted from a
similar study by Newman et al. [166]. Congruent and incongruent ver-
sions of each sentence are generated. While the former are semantically
acceptable, in the last word of the latter, the direct object of the verb is
replaced with another noun that matches in lexical frequency but does
not make contextual sense.

Each sentence corresponds to a single trial, wherein the sentence is pre-
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sented word-by-word with 133 ms inter-word intervals and 350 ms word
appearance times. The last word of the sentence is followed by a blank
screen for 1500 ms and then finally by a response prompt of whether the
sentence is “Good or bad?”. The subjects mark their responses with but-
ton presses.

3.7.2 Setup

The effects of bilingualism on brain development are well documented.
On the other hand, the effects of bilingual education via the CLIL system
are not clear yet. The present study aims at investigating the differences
in responses to semantic anomalies by the Group-2 subjects (CLIL) as
compared to the subjects from the groups 1 (only EFL) and 3 (Immersion
program) using the N400 peaks in the incongruent condition (IC).

We first apply standard data cleaning procedures described in subsec-
tion 2.4.3 to filter out external magnetic interferences, 50 Hz line-noise,
and artefacts due to eye blinks and cardiac activity. Further, the data
are lowpass filtered with a cut-off frequency of 40 Hz. This is followed
by the segmentation of trials corresponding to the incongruent condition
(IC) as described in section 2.5. Note that the trials begin from 100 ms
prior to the word onset and end 500 ms post word onset, i.e. the trial
interval is −100 ms to 500 ms post word onset. The baseline period is
defined as −100 ms to 0 ms. The activities from all trials belonging to
the IC experimental condition are averaged together to give the evoked
response.

Applying source reconstruction procedure using a cortical mesh of about
15000 points suited to each subject and empty-room recordings on the
day of the experiment, an inverse solution is estimated for every subject
that allows linearly combining the activity of 306 MEG coils to produce
time series of all points on the cortical mesh. See section 2.9 for de-
tails.

3.7.3 Evoked responses

The cortical activities in the regions belonging to the posterior left hemi-
sphere (PLH) from the evoked response are averaged together to give the
PLH evoked response (PLER) in every subject. Due to very low signal-to-
noise (SNR), the PLER of each subject cannot be studied independently
and the group differences cannot be verified statistically. Therefore, we
are going to average the PLER of all subjects in a group and avoid dis-
cussing any differences between the group averages since they cannot be
statistically verified.

For the group analysis of PLER, we normalise the PLER in each subject
by the maximum of its absolute values. The normalised responses are
then averaged together for all subjects belonging to the three groups,
weighted by the number of trials used to evaluate their individual evoked
responses.
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Figure 3.34: Group averages of PLER in the three groups during the IC
condition.

The groupwise PLER during the IC condition is presented in Fig. 3.34.
The responses are flat and centred around zero prior to word onset as
one would expect after proper baseline correction. Due to very low SNR,
we cannot distinguish evoked response peaks clearly. Nevertheless, we
see a negativity after 400 ms of word onset in all the three groups.

The brain source mapping shows sporadic and unclear brain regions in
every subject due to noisy and limited data. Proper analysis requires
increasing the number subjects per group and collecting higher quality
data. The data collection is ongoing and being managed by Dr Fatemeh
Tabari.

3.8 Auditory Oddball

3.8.1 Setup

The goal of this study is to examine the influence of cognitive distractions
on the auditory attention task that are induced by the busy environment
on a railway station. The experiment required the subject to listen to
three randomly presented tones, standard (900 Hz), deviant-1 (600 Hz) and
deviant-2 (1200 Hz). The participant was allotted one of the deviants as
target and was required to count the total number of times he/she heard
the target tone. The whole task was repeated in three conditions: 1) heavy
pedestrian traffic (H), 2) light pedestrian traffic (L), and 3) control (C). The
contrasts in the evoked responses between the target and standard trials
should result in P300 responses depending on the subject’s attention.
The experiment details are presented in section 2.3.

The study design allows us to increasingly induce cognitive distractions
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and physical activity. In the C-condition, the subject performs the at-
tention task sitting in an isolated room with no movement. In the L-
condition, the subject walks in a relatively calm environment, thereby
engaging physical activity and limited cognitive distractions. Finally, in
the H-condition, the subject walks in the same location but during rush
hours, thereby engaging the same amount of physical activity as in L-
condition concurring with higher cognitive distractions.

The times of tone presentations are directly marked in the EEG record-
ings which are later used to mark trial epochs while segmenting the data
into trials. The data segmentation process is detailed in subsection 2.5.1.
Each trial begins 200 ms prior to tone onset and ends 800 ms post tone
onset. The period −200 ms to 0 ms is taken as the baseline. Artefact-
prone single trials are rejected based on their maximum or minimum
amplitudes exceeding an absolute value of 50 µV.

3.8.2 Evoked responses

All data are bandpass filtered using a fourth-order Butterworth filter be-
tween 1–15 Hz. The event-related potentials (ERP) from the three auditory
tones are evaluated for each subject and averaged over the Pz and Cz elec-
trodes. The resulting ERP are as shown in the top panel of Fig. 3.35. For
details on calculating the ERP, see subsection 2.5.2.

Figure 3.35: Event-related potentials from the presentation of the three
auditory tones during the C-condition. The bottom panel shows the dif-
ference between the ERP during the target and standard tone presenta-
tions.

In the bottom panel of Fig. 3.35, we show the contrast between the
ERPs from the target and the standard tones during the C-condition.
Two prominent peaks, N100 and P300, are observed. The response is
supposed to get less clearer with diminishing P300 peaks in the L- and
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H-conditions as a result of cognitive distractions and physical activity.
Due to larger number of artefacts from muscle activity, eye movements,
cardiac activity, etcetera, the data is too noisy to be analysed further as
is. Methods such as Independent Component Analysis could be applied
to alleviate some of them.

Studies show that performing auditory oddball tasks while walking out-
doors results in significantly lower classification accuracies in compari-
son to sitting still inside [48, 45]. Zink et al. [246] reported decreasing
P300 amplitudes as the level of cognitive distractions rise that are in-
dependent of physical activity. We can exploit this knowledge to train
classifiers based on linear support vector machines [199] and beamform-
ers [238] to predict the level of pedestrian traffic or cognitive distractions
in general from mobile EEG recordings. Efforts by our team are currently
ongoing to achieve such a goal.

3.9 A Cognitive Cryptosystem

3.9.1 Experimental data

For this study, we utilise the data collected by Arno Libert at the Lab-
oratory of Neuro- and Psychophysiology, Katholieke Universiteit Leuven,
Belgium. A total of 21 subjects (Age: 25.613 ± 2.612 years; 11 females)
participated in the study. All participants with normal or corrected-to-
normal vision signed an informed consent which was approved by the
ethical committee of the university hospital UZLeuven, Belgium.

The experimental stimulus consists of nine rectangular targets arranged
in a 3× 3 matrix. In each block of the experiment, one of the rectangles is
marked as the target by displaying a cross at its centre. This is followed
by stimulating lines drifting from left to right over each of the rectangles
10 times. Thus, a total of 90 stimulations occur in each block. The partici-
pants are required to count the total number of times the target rectangle
was stimulated in the entire experiment. All nine rectangles act as tar-
gets four times in a pseudorandom order leading to a total of 36 blocks
for every subject.

Electrophysiological data are recorded using 32-channel EEG from every
subject while they perform the experimental task described above. The
sampling frequency is 2000 Hz. The target and stimulated rectangles are
marked using a parallel port connection directly in the EEG records.

3.9.2 Setup

After re-referencing the recorded EEG data to the average of mastoid sig-
nals (TP9 and TP10), the data are bandpass filtered between 1–10 Hz using
a Butterworth filter of fourth order.

The target trial epochs are identified using time markers corresponding
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to when the stimulated rectangles match the target rectangle. The trial
epochs last 800 ms, beginning 200 ms prior to stimulus onset and ending
600 ms post stimulus onset. The 200 ms period preceding stimulus onset
acts as baseline.

Before segmentation of the recorded data into trials, we perform empir-
ical mode decomposition of the signals as described in subsection 2.6.4.
The resulting first intrinsic mode function I1(t) is then used the same
way as any filtered EEG signal. Thus, the I1(t) signal is segmented into
trials.

After rejecting the trials wherein the signal variances do not lie between
2–95 percentile of signal variances from all trials, the signals from the
remaining trials are averaged together to get the event-related potentials
(ERP). The ERP from the centro-parietal region are averaged together to
give the mVEP signal.

3.9.3 Evoked responses

The mVEP in one of the subjects is shown in Fig. 3.36. Two prominent
peaks are observed, namely, N200 and P250.
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Figure 3.36: Motion-onset visual evoked potentials (mVEP) calculated
from averaging the centro-parietal brain signals after empirical mode de-
composition.

The work on this project is currently ongoing. If indeed the two peaks
are unique and reproducible in subjects, they can act as secret keys in
biometric cryptosystems based on cognitive responses of users.
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CONCLUSIONS

In summary, we studied a diverse range of neuroscientific paradigms and
presented our efforts in unveiling the underlying neuronal mechanisms,
or in some cases, exploit the gained knowledge to develop/refine BCI
applications.

Particularly, in the MI paradigm, we attempted to delineate the neuronal
pathway for motor communication during KI and real movements. We
proposed that during KI, desynchronisation near the IP in the µ-band
disrupts the communication of motor signals from the posterior parietal
cortex to the contralateral PF and PCG. Moreover, all motor communica-
tions are aided by the µ-band (10 Hz) signals that act as general carri-
ers of motor activity. The specifics of the motor imagination/execution
are encoded in the γ-waves that are carried by the µ-waves by means of
phase-amplitude coupling. Specifically, three participating γ-frequencies
were discovered, i.e. 32, 45 and 48 Hz.

We also developed optimal strategies to achieve maximal classification ac-
curacies that account for the subject’s capability to perform KI. In cases,
when the subject is able to perform KI successfully, our results demon-
strate that lowpass filtering with cut-off frequencies just above the β-
band would result into maximal accuracies. Also, we may further reduce
the number of channels to only include dominant-hemisphere parietal
channels which would further improve the accuracies complemented by
a reduction in calculation time as well. On the other hand, in case of VI
subjects, lowpass filtering that includes both motor-related frequencies
(α and β) and γ-rhythms would lead to maximal classification accuracies
that are as high as the accuracies in KI.

We believe that the learnt insights about the neuronal mechanism under-
lying MI and the optimisation strategies to achieve competent classifica-
tion accuracies even in the VI subjects would turn out to be pivotal in the
development of more practical BCI applications. Moreover, the insights
about neuronal communication and inhibitory mechanism may benefit
research on controlling human inhibition towards harmful substances or
preventing the propagation of undesirable sensations like pain.
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Using the visual flickering paradigm, we gained many insights into visual
perception and attention as well as developed a novel model of brain noise
estimation that is not tied to any models of bistable perception.

To sum up, for a chosen flickering stimulus, we observed frequency tags
at the flicker frequencies and their higher harmonics in the early visual
cortex, wherein the best entrained visual brain responses occurred at
second harmonics of the flicker frequencies. The measured brain noise,
different for each subject, characterises the size of the neuronal network
in visual cortex involved in information processing. Thus, it can be used
as an important subject-specific feature in other neurological studies and
in the development of subject-specific BCIs [96] that can be calibrated
according to the brain noise of each subject.

We also evaluated the difference in the average coherence over the visual
cortex at the second harmonic of the flicker frequency while observing a
flickering stimulus in comparison to a non-flickering background stimu-
lus. We called this measure event-related coherence. On searching for
the relation between event-related coherence and brain noise, we found a
positive linear correlation. The results suggest that stronger brain activity
is accompanied by higher noise levels.

Further, using a carefully designed set of experiments that engaged vol-
untary and involuntary attentions selectively, we were able to demon-
strate that the two percepts of the visually-bistable Necker cube can
be tagged with different frequencies, and later be tracked using the
spectral powers of the two frequencies in the visual brain activity. We
also invented a measure of voluntary attention in humans. The non-
invasiveness of MEG and fairly short conduction times of the voluntary
attention experiments allow our measure of voluntary attention to be
used as a screening test for attentive subjects, much like IQ tests which
require much longer times to conduct. Moreover, the developed algorithm
for tracking percepts can be useful for designing faster and more prac-
tical BCIs due to its high computational efficiency and relative simplic-
ity. Lastly, we have found an experimental evidence suggesting that the
mechanism of visual stimulus detection in humans involves coherence
resonance.

While researching on the visual flickering paradigm, we encountered var-
ious models of perception. After going back and forth between multiple
models to find what to expect in our experimental studies with visual
flickering, we decided to develop our own model of perception aligned with
our encountered experiments and based on state-of-the-art results. We
modelled generalised perception using adaptation and brain noise with
minimal variables and assumptions. The model equations were solved
using both analytical and numerical methods. After comparing the re-
sults obtained by numerical methods with recent experimental findings,
we concluded that our model with appropriately chosen parameters can
successfully describe the qualitative behaviour of human perception such
as the distribution of resting times, the dependence of resting times and
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perceptual switches on noise, and the occurrence of habituation.

We studied object recognition by means of analysing MEG recordings of
14 subjects performing covert visual picture-naming in L2. We found two
stages of the brain response which differed in spatio-temporal cortical ac-
tivations. The first was the sensory processing stage that homogeneously
activated the cortex across the three groups with different language train-
ing in L2. Whereas, the activations varied across the three groups dur-
ing the second stage corresponding to semantic processing. Neuronal
clusters underlying picture-naming that act in coordination were identi-
fied. The study lacked statistical strength due to limited data with low
SNR.

To study semantic processing further, we analysed the MEG recordings of
the same groups of subjects performing semantic anomaly experiments
in L2. The evoked responses in the PLH presented N400 peaks in all three
groups during incongruent sentence endings. However, the limited data
infested with noise did not allow us to perform brain source mapping or
notice any differences between the N400 peaks of the three groups.

Auditory attention was studied using the auditory oddball paradigm in
10 subjects. Customised software was created to present stimuli, record
data, and control experiments in real-time while subjects walked with a
mobile EEG device on a railway station. The chosen experimental envi-
ronment resembled a real-life scenario for BCI applications. The stereo-
typic P300 responses were observed even in the absence of data cleaning
procedures to alleviate effects of muscle activity, eye movements and car-
diac activity on the recorded EEG data. While efforts are still ongoing,
we believe the dependence of the P300 responses on cognitive distrac-
tions can allow us to estimate distractions live using mobile EEG record-
ings.

Motion-onset evoked responses were studied using 32-channel EEG
recordings of 21 human subjects. EMD allowed obtaining very clear
mVEP signals that showed N200 and P250 responses. While it still re-
mains to be proven that these peaks are unique and repeatable in sub-
jects, the latencies and amplitudes of the two peaks can be used as secret
keys in biometric cryptosystems that can only be authenticated using the
brain activity of the user.
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