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THESIS ABSTRACT

NAME: Elmubarak M. Imam

TITLE OF STUDY: Compressed Sensing- and Deep Learning-based Brain
Source Localization of EEG Signals

MAJOR FIELD: Electrical Engineering

DATE OF DEGREE: September 2021

The brain source localization problem aims to identify the location of neurons sources
responsible for generating the electrical signals within the brain. Correct localization
of functional parts is still an open research problem. Non-invasive techniques utilizing
high temporal resolution EEG and MEG signals have proved helpful. Due to the lack
of large size real FEG datasets that also label the active regions responsible for these
signals, EEG datasets were generated by simulating the EEG forward problem using
the fieldtrip toolbox. MRI anatomical imaging was used to generate a realistic head
model; then, FEM was used to formulate the leadfield matrix. Two types of simulation
data were generated: a) Spatial EEG data and b) Spatial-Temporal EEG data. Two
disciplines were applied to solve the inverse problem: 1) Compressed Sensing and 2)

Deep Learning. Making advantage of the sparse nature of brain source activity, sparse
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reconstruction techniques, like compressed sensing, were investigated. OMP, StOMP,
and CoSAMP were applied to the spatial EEG data. For single-source activity, these
algorithms were able to reconstruct the active source perfectly wherever it was, in the
cortex of the brain or deep inside the brain. For multi-source activity, compress sens-
ing algorithms performance was quite well on reconstructing cortex sources. However,
their performance was not good due to the correlation between electromagnetic chan-
nels as sources go deep inside the brain. In general, inverse problems are considered
complex functions, difficult to be formulated in a closed-form solution. Since neural
networks are universal mapping techniques, deep learning structures were investigated.
Within this thesis, deep learning architectures were only applied to single-active source
problems. Residual networks were utilized to predict the spatial data source as they
are good at capturing signatures. And Recurrent Neural Networks were applied to
the Spatio-temporal data due to their ability to correlate temporal dynamic features.
Furthermore, a multi-stage approach is proposed for deep learning techniques to in-
crease prediction accuracy and reduce the number of labels per model, thus reducing the
amount of Softmax computation. Two grids were formulated: coarse grid and fine grid.
Three regions were implemented to verify the approach. ResNets of 5-layers were used
for the spatial data, and LSTM models were utilized for Spatio-temporal data. Deep
learning models gave high prediction accuracy. For ResNets, the overall spatial model
test accuracy is 96%. For LSTM models, the overall Spatio-temporal model test accu-
racy is 95%. Deep learning techniques are a promising solution. Therefore, they were
applied to the real problem, whole-brain volume. However, it was only implemented for

the ResNets module due to the large dataset required to train the whole-brain volume
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LSTM module. The overall whole-brain spatial localization accuracy of EEG signals

is 92.7%.
Keywords— Brain Source Localization, EEG, Inverse problem, Sparse reconstruction,

Compressed Sensing, Deep Learning, ResNet, LSTM.

Xviil



Jlw J)  asele

bl Gladl e &)L e
EEG by Granll ladlly byiiaadl jlazan¥l o ) L) Lol ian dtos sl lgie

BlS L fpamased)

2021 i takal) Byl g6
ol Il Y g L) s 38 LY Ay e Aygeed) Lanl) LS jalan wipe i ga £ Laall LS| jas Ao 6,8 r Byl
e Ll QW) Leadl B 15 MEG EEG wlyls] pisens Al g ol el L mgie o Bl Lab W el
BEG ol Slegams slis] o5 (DWW ade o Dygonad) Batadl hloadl Ll (25 Aly wond) 3.5 i BEG Sy Slegans 35y ol [l
o5 o oy ol g U eblitad) il ) gl il 5 Fieldtrip 5] lasant £abY1 BEG o) dls 5w sb oo
& i BEG wbly (G K BEG ol (135 bwad) cbly 0 g slss) o5 ._ﬂ&\ Jomal) Byizs 220a) FEM I plasies
dapdall 0 83zl .( Learning Deep ) yas)) ) (25 ( Sensing Compressed ) byazaol Sraan Y (11 4SS e Jod ez e
EEG wil; e CoOSAMP, StOMPy OMP wlaj)lss ks o5 - bpradl jlasan V) Joo (@ ind) sld) 52le] Ol jamd o5 g L) blad &8 il
el g Ll dlest _‘;,i Pl o ols Lol Bles Lasdl jtaed) sl dole] oo Slaplssdl ode iSas ¢ jdazall ol blaadl ddly . 23180)
SNl o Ll o am alsl S o (5 iy 82 palan sl B3le] b Vi Dogaaad) jlasan ¥l Sl olsl 0lS ¢ psland) samse bledl
sl SIS oY Pl S S etho Caa caine Jlps BeSall Bleadl ans cple (St g el s Bhaal) jolael) Lebliiey 4SO
o b bV el e bB gredl Jdadl Sl sl 05 g b1 0dn s el el Sl Ay 5l ) Bl Sl e
LIS S e 8, Seall Lnanll Al 55 3y LUV s 5l T oY B UL ez el SU) S s
S 34 sy 5l 83 83y Gomnl) ol Sl ol Bimse B =131 05 (3 s 30l gl ASCaly el Jayy e Lyl Vs

o gy b e gl bl OW e o LA sy s 8 B0 1K sl cwd L Softmax ) Ol jldie ks oo g X

Xix



I =3l sl LKl UL Dl 5 LSTM ~ 3l cosdtsernly (i) bl Sl 5 lids 5 - 4,50 ResNets ol alas!

d & d ) & o ¢
T3l DY) B il ¢ LSTM 3L &y 967, S z3gall Dl Y1 Bl il ¢ ResNets SASCa) £l Al st B3 G
ResNets sy Lo sl o3 ol e ) ST cdadsl Bl e Lads PERTOIRY Aely S goanll lad) Slais s 95, Sl SIS

92,7/, ¢ bl JlSI EEG ey SISl ol Gles Y1 801 iy ¢ Lol ST LSTM 8y gyt UL p 808 iy ool 1l

XX



CHAPTER 1

INTRODUCTION

1.1 Motivation

With all the advancements in technology, the human brain is still a vastly unexplored
arena. The researchers, both belonging to the medical field and technological fields,
are trying to understand the function of the human brain properly. It is well-known
that the brain is functionally localized, i.e., different parts of the brain are related to
or are responsible for specific activities. However, the correct localization of functional
parts is still an open research problem. In this regard, non-invasive techniques utilizing
EEG and MEG signals have proved helpful. These techniques allow us to observe brain
activity in the form of electromagnetic signals emitted from the various regions of the
brain. After that, machine learning and data analysis tools could be applied to this
data to map the functional localization of the brain and then understand the meaning
of that particular brain activity. Correct localization of brain activity is also essential
to help understand the common neurodegenerative disorders. It is also expected to

make the human-computer interface more efficient and useful.



Figure 1.1: Active brain cortex parts during hand movement [1]

We know that several parts of the brain are responsible for different tasks. How-
ever, it is interesting to note that only a few parts of the brain are active at a given
moment. This can also be interpreted in that each action activates only a small num-
ber of the brain parts (region). This could be explained with the help of Fig. 1.1,
where only two areas of the brain are active.

For computational purposes, we can divide the whole-brain into several three-
dimensional sectors with the help of a grid, as shown in Fig. 1.2. This means only
a few sectors of the entire grid will be active at a given time. This brings us to the

concept of sparsity in human brain activity.

Figure 1.2: Simulated brain divided into voxels [2]



1.2 Problem Statement and Organization of the

Thesis

In this thesis, we will benefit from:

o The sparse nature of brain activity to formulate a compressed sensing problem

to localize the brain’s active regions, as modeled in Fig. 1.3.

o The universal mapping feature of neural networks to develop a Deep Learning

module to map the brain inverse problem function.

Figure 1.3: Propagation of EEG signals generated from sparse sources through the
brain into non-invasive electrodes [3]

We can model the problem of brain source localization as a linear system as follows:

y=Ar+n (1.1)

where iy € RM is the recorded or received EEG/MEG signals, with M < N. Further,

3



A € RM*N is a matrix that controls the signal recording mechanism. The nature of A
depends on a number of factors including the brain characteristics and the nature of
signal generated by a particular part of a brain. These characteristics are usually un-
known and therefore the matrix A cannot be determined perfectly. This uncertainty
in the values of A needs to be taken into account in any compressed sensing based
solution to this problem. Moreover, x € RY is an unknown sparse vector that repre-
sents the several locations within a brain. The 3-dimensional location gird is flattened
into a 1-dimensional vector that is sparse as only a few brain regions are active at a
specific time. Compressed sensing can be used to find these active locations with the
help of recorded non-invasive electrography signals (EEG/MEG). Finally, n € RM
is the noise associated with the recorded signals, which is assumed to be Gaussian
random vector with zero mean and covariance matrix C', n ~ N (0, C).

This is a compressed sensing problem, which could be solved by a number of
algorithms. However, the special nature of the problem imposed by the nature of
brain makes it impossible to use the already available algorithms in an efficient manner.
Therefore, there is a need to come up with an efficient strategy to estimate the active
locations of the brain. The aim of the compressed sensing part of the research is to
design an efficient approach for the detection of active brain regions, and to compare
this approach with other existing approaches in the literature.

On the other hand, Artificial Intelligence and data analysis tools could be applied
to this data to map the functional localization of the brain and then understand the
meaning of that particular brain activity. Taking advantage of the universal mapping

feature of neural networks, the brain source localization problem could be modeled



as.

f:X—=Y (1.2)

where f is the Deep Learning module as a function to map from X € RM*?_ the scalp
EEG/MEG signals set, to Y € R¥*P_ the corresponding active neurons within the
total brain neurons set. p is the number of samples within each dataset. In other
terms, Deep Learning structures shall be utilized to formulate the inverse model from

the observed potential to the physiological source, as shown in Fig. 1.4.

Figure 1.4: Deep Learning module as a function mapping the inverse problem [4]

We organized the thesis by introducing the research efforts exerted on the problem
while illustrating in detail the most significant works in Chapter 2. We have sepa-
rated these literature efforts into five divisions according to the discipline followed
in the reconstruction model. Then, we presented a medical and physiological intro-
duction of the brain and brain modeling, respectively, in Chapter 3. We illustrated

how the brain is modeled by the forward problem as closely as possible to a real



one. Furthermore, forward problem neuroscience and electromagnetic computational
steps, including MRI slicing, digitization and quantization, anatomical segmentation,
and electrode placement, to generate the simulated electrophysiological signals and
dataset has been mentioned in Chapter 5. Chapter 4 contains a brief demonstration
of Compressed Sensing and its reconstruction techniques, primarily those related to
our problem under study. Chapter 6 presented our proposed approaches: single-stage
and multi-stage approaches and the methodology of applying them with compressed
sensing and deep learning. To make reading and following-up easy, in Chapter 7, we
have included implementation, results, and discussion, altogether. Training perfor-
mance curves have been excluded from Chapter 7 and listed in the appendix since
they will disturb reading fluency by their vast number of pages. Finally, in the last
chapter, Chapter 8, we concluded our work and observations. Then we gave our

recommendations to enhance our proposed solution further.



CHAPTER 2

LITERATURE REVIEW

2.1 Introduction

Localizing brain signals’ sources is an active area where researchers developed various
techniques and algorithms to map the active brain locations responsible for the sensed
EEG signals. The contemporary trends and advances of these techniques are surveyed
and illustrated in [3], [5], [6].

This chapter summarizes the methods and techniques used in literature to in-
vestigate the brain source localization problem. We have divided them according to
their principle of operation like Generative models, according to their data dimen-
sion in space and time, and finally, according to the modern techniques that we are

concerned about here in this thesis -Compressed Sensing and Deep Learning.



2.2 Generative Models

Reconstruction of the neuronal source from the sensor level requires the inversion of a
generative model. This inverse problem is fundamentally ill-posed. In the literature,
two generative approaches were proposed for MEG inverse problems: equivalent cur-
rent dipole models and distributed source models, which both could also be used for
EEG inverse problems. The first current dipole models can be estimated via Bayesian
particle filtering methods, as illustrated in [7] and proposed in [8] for brain source local-
ization. Regarding the distributed source models, Commonly used techniques include
the minimum-norm estimate (MNE) [9] (illustrated further below), the minimum-
current estimate [10], the low resolution electromagnetic tomography (LORETA)
[11], and their modified variants; namely, weighted-MNE [12], standardized-LORETA
[13], variable-resolution-electrical-tomography (VARETA) [14]. Despite the genera-
tive models, different spatial scanning [15] and beamforming techniques (e.g. MUSIC
[16]) were also developed.

Considered the establishing method for brain source localization, the Minimum
Norm Estimate (MNE) is the most generalized technique to predict 3-dimensional
source activity. It was introduced in 1984 by Hamalainen and Ilmoniemi. The algo-
rithm solution does not require any prior: information. It is based on the assumption
that the solution is the current activity inside the brain with the slightest current in-
tensity (i.e., minimum ¢s-norm). The method defines the leadfield as the linear combi-
nation of the magnetometer leadfields, from which brain activity current distribution

could be estimated. Therefore, the ith magnetometer measurement B; corresponding



to the primarily current source distribution is given by:

B; = /Li(r) ~JE(ryav (2.1)

where L; is the leadfield to the ¢th magnetometer sensor. Considering the overall
system of all magnetometer sensors and brain current sources, the linear form of (2.1)
is obtained by substituting the matrix form of the magnetometer leadfields L; as

follows:

B=1LJ (2.2)

The solution of the linear system is obtained by finding the pseudo-inverse of L, so
that:

J=L"B (2.3)

this pseudo-inverse is the Moore—Penrose generalized inverse in which:
Lt =L"(LL")*

Minimum Norm Estimate puts the first steps to solve the brain source localization
as it provides good estimations depending on current source location and source space
resolution. However, it faces a high localization error regarding deep brain current
sources. That is due to the harmonic nature of the ¢5-norm function, in which V2J =

0. Thus, the harmonics have peak values at the domain boundaries.



2.3 Spatial and Spatio-Temporal Approaches

Various approaches to improve localization accuracy through spatial priors have been
proposed, including spatially informed basis functions [17], [18], smoothness promoting
spherical harmonic, spline basis functions [19], as well as various sparsity promoting
priors [20], [21], [22]. Other approaches to improve localization accuracy include
combined models for simultaneous noise suppression (Zumer et al., 2007), models for
potential inaccuracies in the forward model [23], and models for potential inaccuracies
in the forward model [24].

The foundational forward problem is commonly formulated in the absence of tem-
poral information from the EEG data. The function between brain source activity
and observed scalp EEG is commonly regarded as a linear model as in (1.1), rewritten
here again:

y=Ar+n

in this approach, the spatial component is appropriately handled. But, the effect of
time is ignored, and the propagation from neurons to electrodes is linear with a fixed
time.

Temporal data is critical for reconstructed source activity. To begin with, the
contiguous time samples contribute to the number of measurements available for the
ill-posed problem, which narrows the solution space. Besides, EEG signals carry some
sequential patterns that characterize the source and assist in restoration. The mag-
nitude of the source signal diminishes with deeper sources, and the fluctuation of the

EEG signal is associated with the position of sources. Furthermore, simulating the
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temporal dynamics of the EEG signal reduces noise and smooths out source estima-
tions across time.

Time involvement has recently been studied, and neural activity has been ex-
pressed via spatial basis and temporal dynamics. The mathematical expressions are

formulated as follows:

Yy = Ay + ny, (2.4)

ry =P - q, (2.5)

G = f(q-1, s Grywi) + 11, (2.6)
wy = g(wi—1) + €, (2.7)

thus, to represent source activity, ® € RV*¢ contains the spatial basis, and ¢, € R?
contains the coefficients of each basis. Source activity ¢; is modeled by f(-) to simulate
the temporal impact of adjacent state change across time. w; indicates f arguments
approximated by the random walk process g(+).

Distributed source reconstruction techniques lose the temporal information that
could be extracted from the temporal relations between neuronal currents. For this
reason, many Spatio-temporal techniques have been proposed, including models based
on different Spatio-temporal basis functions and carefully designed or empirically
learned Gaussian Spatio-temporal priors [25], [26], [27]. Many approaches are specifi-
cally targeted to obtain spatially sparse but temporally informed, smooth, or oscilla-
tory source estimates [28], [29].

High-quality Bayesian inverse solutions employ various Spatio-temporal regular-
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ization forms by employing Gaussian processes (GPs) that use space-time separable
covariance functions. These models also referred to as Gaussian random fields, have

been successfully applied in various inverse problems [30], [31].

2.4 Compressed Sensing Techniques

Compressed sensing techniques are considered a promising solution for the inverse
problem of brain source localization, and hence, recently applied to locate EEG/MEG
sources as in [32], [33], [34], [35], [36]. These techniques include minimum current
estimate [10], mixed-norm estimates (MxNE) [37], and the simplest and basic method
is the FOCal Underdetermined System Solution (FOCUSS) [20].

FOCUSS is a tomographic reconstruction algorithm proposed in [38] to develop a
sparse solution to the ill-posed EEG/MEG inverse problem. A high-resolution method
utilizes the forward model to estimate a primary reconstruction region. It is a recursive
method with mathematical calculations based on Weighted Minimum Norm (WMN)
method. The location resolution is refined by recursively updating the weights of the
solution from the previous step solution. For the magnetic field case, the current I is
given by:

[=W(GW)"B=wWW'GHGWWT'GT)'B (2.8)

where W € RV*¥ is a weight matrix that regularizes the elements of I by delivering
constraints to the solution. FOCUSS’ recursive stages update the weight matrix W.
W is built from the elements of I in the previous iteration steps to improve some of

the already significant elements. These W matrices are dimensionless scaling factors
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that can be adjusted to generate an infinite number of recursive solutions. W can also
be built by considering its diagonal elements to represent the previous iterative step

solution, resulting in:

L, 0

0 I, .

k represents the index of the iteration step, and I;, . is the ith element of the vector

k—1
I at the (k — 1) iteration.
In (2.8), I € RY is the unknown current dipole amplitudes vector to be computed

RM*N ig the basis matrix whose elements are known

by the inverse solution. G €
from the model. These elements are called spatial weighting elements. They express
the impact of one dipole component of unit magnitude on a specific magnetic mea-
surement. This is equivalent to the leadfield matrix, which utilizes the head model
to estimate the forward model for a particular conductivity. G entries are mere ge-
ometric factors and can be precalculated for a certain head and sensor layout. It is
possible to compute for any forward models containing realistic geometry and signif-

icant compartments inside the head volume conductance. Additionally, B € RM is

the vector representing M radial magnetic field measures at m sensors. The forward
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model that describes the relation between I and B is given by:

— - [1
By
Iy
=G, Gy Gy -+ Gn|- (2.10)
Bm
L I

FOCUSS is a direct approach that assumes there is no prior knowledge about
the source location. The solution is unstable, though. To address this constraint,
regularization is used. FOCUSS is recognized as a basic method since it employs WMN
to estimate the source. Its implementation is easy; however, it is computationally
expensive due to its recursive nature. Compared to other algorithms, FOCUSS has
a better localization performance and can address non-uniquely identified localized
sources. Furthermore, it has a higher spatial resolution and is more consistent when

exposed to changes.

2.5 Deep Learning Models

Neural Networks were early investigated to solve the brain source localization problem.
To the extent of our knowledge, the oldest article on brain source localization using
neural networks was published in 1991 [39]. The authors -Abeyratne et al., used a
shallow neural network of two hidden layers. However, some papers refer to even an
older article published in 1990 also by Abeyratne et al. [40]. We did our best to find

an online version of this novel article, however, without success.
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The generic structure of this oldest feed-forward neural network developed to local-
ize human brain sources is shown in Fig. 2.1 (a). Circles and directed arrows symbolize
neurons and connection, respectively. The input layer has the same number of neurons
as electrodes on the scalp. Inside the spherical head model, the six dipole parameters
are represented by six neurons in the output layer. This first model uses only two
hidden layers, as demonstrated by hdl and hd2 circles, making it a shallow model.
Fig. 2.1 (b) shows the model’s fundamental computational element that uses the tanh

function as the non-linear activation.

Figure 2.1: (a) Sort of feed-forward neural network used. (b) The network’s funda-
mental computational element [39]
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Later on, some early researchers followed Abeyratne et al. and used basic neural
networks to reconstruct EEG and MEG sources [41], [42], [43], [44]. Back then, they
were called Back-Propagation Neural Networks (BPNN) or Artificial Neural Networks
(ANN). These basic neural networks are also considered shallow neural networks. The
performance of those early artificial brain source localizers was not encouraging due to
the poor computational power available back then and the lack of efficient optimization
algorithms and deep learning strategies.

Regarding inverse problems in general, Neural Networks are considered a promising
technique to map these complex problems that are extremely difficult to describe in
a closed-form solution. Many articles were published emphasizing the superior of
Deep Learning architectures in mapping inverse problems [45], [46], [47], [48], [49].
For example, Deep Learning models were utilized to address the inverse problem in
Geoscience and Remote Sensing [50], computational heat transfer [51], and in medical
imaging, like MRI [52].

Researchers have recently taken advantage of the current availability of high com-
putational power and applied deep learning architectures to address the brain source
reconstruction problem. Different methods have been proposed, like [53], which uti-
lizes a Multi-Layer Perceptron (MLP) network. Also, computer vision’s most popular
structure, Convolutional Neural Network (CNN), was applied to localize stationary
EEG signals [53], [54], [55]. Nevertheless, U-Net and Generative Adversarial Networks
(GANS) applications were investigated [56]. And few interesting works used Recur-
rent Neural Network (RNN) architecture to solve the EEG inverse problem using the

temporal information of EEG signals [57], [58].
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It is interesting to highlight the work of Cui et al. [58]. They took advantage of
the dynamic temporal nature of brain signals to propose a Recurrent Neural Network
(RNN) model since they are well suited for the mapping of dynamic sequence data.
As shown in Fig. 2.2, their proposed module uses Long-Short Term Memory (LSTM)
to encode the sEEG recordings and then localize the source by decoding the implicit

location.

Figure 2.2: Spatio-temporal source decoding model using LSTM [58]

Following the huge research efforts to model the dynamic nature of brain signals,
Cui et al. generated the stationary brain activity of (2.5) based on the model in [59],

which is defined as:

Tp = A2y + AgTp_o + Aszp_r + Agzi_| + Asxi |+ g, (2.11)

where xy is the source signal at time k, and the values of (2.11) parameters are fixed
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as follows: 7 = 20, A, = 1.0628, Ay = —0.42857, A; = 0.008, A, = 0.000143,

As = —0.000286 and ||| < 0.05.
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CHAPTER 3

EEG AS A NEUROIMAGING

TECHNIQUE

3.1 Introduction

This chapter discusses neuroimaging techniques for gaining a better understanding of
the brain’s physiological and cognitive functions.

Here we go on to briefly cover popular neuroimaging techniques such as functional
magnetic resonance imaging (fMRI), magnetoencephalography (MEG), and electroen-
cephalography (EEG). However, as given in this thesis, we are to investigate EEG-
based source localization; we will go thoroughly on EEG as a neuroimaging technique
and its application in brain source localization in depth.

EEG and MEG are non-invasive electrophysiological measures commonly used to
record brain activities. Both EEG and MEG have a high temporal resolution in mil-
liseconds (~1 ms), making them much faster than any other physiological techniques,

even functional MRI (fMRI). Therefore, EEG/MEG can capture Event-Related Po-
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tential or Field (ERP/ERF), oscillatory activities, and cortical neuronal dynamics.
However, since they are non-invasive techniques that acquire signals at the surface of
the head, their components are overlapped and have poor spatial resolution compared
to fMRI. Moreover, most EEG/MEG signals power belongs to the activities in the
brain’s outer cortex. Thus, they are poor at capturing activities deep inside the brain.
That’s why signals processing techniques are needed to distinguish and highlight deep
brain signals components within EEG/MEG signals.

Therefore, the chapter begins with an overview of overall functional brain imaging
and its applications. Recently, the neuroimaging field has achieved numerous advance-
ments, especially in its technical techniques. In recent years, these techniques have
significantly improved and are now used in various healthcare applications, includ-
ing functional brain imaging. Applied mathematics, optimization, signaling, imaging,
and photonics are part of this multidisciplinary field. Thus, non-invasive imaging
techniques, including electrophysiological, hemodynamic, metabolic, and neurochem-
ical processes that occur in the normal and disordered human brain, can be used to
understand the human brain better. Each of these imaging modalities has unique tem-
poral and spatial resolution characteristics. These sophisticated imaging modalities

are used to understand the neuronal processes in a typical human brain.

3.2 Brain Mapping

In 1861, a patient arrived at Paris hospital that could only say the syllable “Tan,”

although he could understand other people’s words. After the patient died, doctor
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Paul Broca, a French anatomist and physician, dissected his brain and found a Lesion
(damage) on the left frontal lobe, later called “Broca’s area” [60]. Back then, Broca
concluded that this part was responsible for speech generation. More experiments
with animals convinced us that different parts of the brain are dedicated to different
activities. Then, Broca’s lesion method was used to draw up a localized brain map and
eventually proved after the invention of fMRI in the 1990s, which tracked moment-to-

moment changes in brain activity.

Figure 3.1: The brain of leborgne, Broca’s patient, the first brain with lesion that had

related a region to a function (here overt speech) [61]

Since then, researchers have conducted many experiments to prove that different
parts of the brain are related to different jobs, which led to what was known as the
localized brain map. However, in the 1980s, when fMRI was developed, the idea
of a localized map of the brain vanished due to the realization that the brain can
reroute the specified task of a damaged part into another healthy region. Still, the
combination of the localized map of the brain and fMRI is utilized to generate a new

map that shows which parts of the brain work together to perform tasks. This new
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map is now called the functional map of the brain.

Figure 3.2: Functional map of the brain [62]

3.3 Source Modeling

Source localization is closed to recovering the spatial position of sources and figur-
ing out the timecourse of that source. Time and frequency are the components of
EEG/MEG signals that could be characterized naturally. However, the analysis of
their spatial characteristics requires an interpretation of the head topography through
which EEG/MEG propagates. Forward and inverse modeling of EEG/MEG signals
is the way that helps in analyzing the spatial characteristics of brain activities by

utilizing the interpretation of the head topography [63].
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The low-frequency nature of EEG/MEG signals is referred to the sparse nature of
neurons activation and unaligned orientation of neurons cells which results in cancel-
lation or suppression of the overall generated signal. Therefore, brain activities are
interpreted to be generated from low-frequency sources. Considering EEG signals, as
shown in Fig. 3.3 propagate through the relatively conductive tissues of the brain,

through the skull, until electrodes are sensing it at the head skin.

Figure 3.3: Superposition of source activity [64]

Each Source signal is assumed to be sensible by each sensor channel with varying
visibility depending on the loss path and distance between the source position and the
head electrode. The signal on each Electrode channel is a superposition of all sources

that simultaneously activate within the brain.
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Figure 3.4: Source modelling

3.3.1 Volume Conductor Model

We are dealing with electromagnetic signals that get affected by the head topogra-
phy. Therefore, to interpret our problem correctly, we need a solid description of
the electrical properties of the head tissues. The volume conductor model is used to
describe the geometrical model of the head through which the current flow and how

those current flows, not from where the current originates.

o Spherical: the simplest but not accurate model.

o Realistic: relies on numerical techniques including;:

— Finite Difference Method: discretizes head geometry into squares.

— Boundary Element Method (BEM): gives more attention to the surfaces of

the geometry. It discretizes the tissues into a triangulated mesh.

— Finite Element Method (FEM): discretizes volume into tetrahedra or hex-
ahedra. It is considered the most accurate; however, it is computationally

more expensive.

24



3.3.2 Inverse Model

In contrast to Forward modeling, which explains how the potential on the skull will
look like given a model for the sources, the inverse model does the opposite, given
the observation of how these sources should be interpreted. There are several inverse

methods to locate the activity, including:

o Single and multiple dipole fitting: is the simplest method, and the idea is to

minimize the error between the model and the measured potential/field.

o Distributed source models: are considered the perfect fit of the model to the
measured potential/field. However, that requires additional constraints on the

source, such as smoothness, power, or amplitude.

o Beamforming methods: is not concerned about fully explaining the measured
topography. It scans the whole-brain with a single dipole and estimates the filter

output independent of all other locations at every location.

25



CHAPTER 4

COMPRESSED SENSING

4.1 Introduction

Compressed sensing was presented early as a novel method to sample signals at rates
much lower than the well-known Nyquist rate [65]. Compressed sensing was applied to
image processing and computer vision not just to compress the size of data in storage
but, more beneficially, to reduce the number of raw data at the early sampling stages.
Therefore, the load of signals analog-to-digital conversion, processing, and compression
could be eliminated with a trade-off of a bit of complexity in the acquisition stage.
This Compressed sampling technique could also be used to acquire highspeed data,
where the Nyquist sampling rate is unachievable or of high cost.

This field utilizes the sparse nature of natural signals and the incoherence represen-
tation of the same signal in two different transformable domains. The signal x € RV
is K-sparse, if K elements are non-zero and N — K elements are zero. Thus, z is a
linear combination of K basis vectors. In general, any signal with few significant basis

coefficients and many small coefficients is a compressible signal.
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Compressed sensing is based on the non-adaptive linear projections of signals,
then utilization of optimization techniques to reconstruct the original signal from
these projections. To acquire a compressed representation of any signal, a linear
measurement process could be formulated that measures M x 1 vector y from N x 1
vector x by computing the inner product between vector x and an M x N measurement

matrix ®. This & is an M x N basis matrix that consists of a collection of M x 1

M

orthonormal basis vectors {¢;};2,, i.e. y elements are measured as in y; =< z, ¢; >.
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The efficient properties of compressed sensing attracted researchers to employ it
in various applications. Now, it is not just used for compression of stored data but,
furthermore, to reduce the traffic in vastly distributed networks with an enormous
number of sensors. Compressed sensing is also utilized in the development of the
Internet of Things (IoT) technology [66].

Researchers believe brain activity sources, i.e., regions of simultaneously active
neuronal sources, are fired individually. Brain activity sources could be interpreted

as elements distributed in 3D positions. And with the support of the high temporal
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resolution of EEG/MEG measures, the captured EEG/MEG signal could be assumed
to be the result of activation of a sparse number of those source elements.

This chapter summarizes compressed sensing reconstruction algorithms into re-
lated divisions: Convex Relaxation, Greedy Pursuit, and Bayesian algorithms. An il-
lustration of each branch’s main principle and mathematical model will be presented.
The most common and popular state-of-art techniques will be briefly discussed ac-

cordingly.

4.2 Reconstruction Algorithms

Given that M < N, there are an infinite number of solutions to the linear system
(1.1). Because the signal of interest is sparse in nature (has K non-zero elements),
minimizing the ¢y-norm of the sparse signal would be the most natural way to proceed.

As a result, finding a solution may be accomplished using {y-minimization.

& = arg min||z||y subject to ||y — Az||s <, (4.2)

which primarily runs down the number of non-zeros. The sparsest solution is achieved
by minimizing the total number of non-zeros in x. However, as it involves an exhaus-
tive search over all potential locations of the non-zero elements of x, this method can

not be applied in practice because it is an NP-complete issue.
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4.2.1 Convex Relaxation

Remarkably, it was shown in [67], [68] that the minimization problem in (4.2) can be
loosened up. Therefore z in (1.1) might be rebuilt with high probability by addressing

the following ¢;-optimization problem.

& = arg min||x||; subject to ||y — Az||s <e. (4.3)

This ¢;-optimization is a convex optimization problem that conveniently lessens to
a linear program called basis pursuit denoising (BPDN), which can be resolved using
interior point techniques. These methods have polynomial computational complexity.
Specifically, the computational intricacy is O(N?3) which is not sensible, mainly if
the signal size is enormous. The large computational complexity requirements sat by
the convex leisure options do not make these approaches appropriate even for issues
that have modest demands. As a result, other more efficient techniques have been
suggested. This brings us to the following class of algorithms called greedy search

formulas.

4.2.2 Greedy Pursuit Algorithms

The greedy pursuit techniques iteratively fine-tune the current estimate of the meager
signal x by picking its coefficients which provide the most significant improvement.
One of the most important algorithms of this group is the Orthogonal Matching Pur-
suit (OMP) [69]. Although the technique is quicker than convex relaxation, its options

are less exact. Moreover, the algorithm needs to calculate inner products, which be-
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comes costly as the length of x and the total amount of non-zeros elements increase.
Various other greedy techniques that attempt to resolve the problems connected with
OMP have been offered. Like: Subspace Pursuit (SP) [70], Regularized Orthogonal
Matching Pursuit (ROMP) [71], Compressive SAmpling Matching Pursuit (CoSAMP)
[72], the algorithm proposed by Haupt et al. [73] and Stagewise Orthogonal Matching
Pursuit (StOMP) [74] among others.

All these formulas fall under the classification of greedy algorithms that are some-
what faster than basis search. Nonetheless, it should be kept in mind that a common
feature among the greedy algorithms and convex relaxation ones is that the solely a

priori knowledge they use is the sparsity information.

4.2.3 Bayesian Algorithms

Another class of methods based upon the Bayesian approach recognizes sparse signals’
full a priori statistical information. The Fast Bayesian Matching Pursuit (FBMP)
[75] adopts this method and presumes a Bernoulli-Gaussian prior to the unidentified
vector x. This technique does sparse signal estimation using model selection and
model averaging. The sparse signal is expressed as a composite of several elements,
the choice of which is based upon successive model growth. FBMP acquires an ap-
proximate MMSE estimation of the unidentified vector with large precision and low
complexity. It was reported to outmatch several sparse reconstruction algorithms,
like a variational-Bayes implementation of BCS [76], Sparse Bayes [77], StOMP [74],
GPSR-Basic [78], Bayesian Compressive Sensing (BCS) [79], and OMP [69]. Never-

theless, there are several drawbacks connected with this technique. The presumption
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that the support distribution is Gaussian; is not practical since it is not Gaussian in
many real circumstances or unidentified. On top of that, its performance relies on
the awareness of the Gaussian parameters and Bernoulli priors, which are generally
challenging to calculate. Although a parameter estimation procedure is introduced,
it relies on information on the preliminary estimates of those signal parameters. Sub-
sequently, the estimating pro has an adverse consequence on the complexity of the
technique.

Another prominent Bayesian technique suggested by Larsson and Selén [80] | cal-
culates the MMSE estimate of the undefined signal, z. Its strategy is similar to FBMP
because the sparse signal is a combination of several parts picked based upon a suc-
cessive model reduction. Also, it necessitates familiarity with noise and signal stats.
Still, it was observed that the MMSE estimation is aloof to the a priori parameters.
Thus, a result of an empirical-Bayesian variation that does not call for any a priori

information of the data was designed.
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CHAPTER 5

DATA GENERATION

5.1 Introduction

Throughout this thesis, we have used the Fieldtrip toolbox to simulate the forward
model. We used its built-in functions to simulate the head model, which has two
main models, the source model, and the volume conduction model. Also, we utilized
Fieldtrip functions to project and align the EEG electrodes on the head surface.
This chapter shows the technical simulation steps we followed on Fieldtrip toolbox

to simulate EEG signals and generate the datasets used throughout the thesis.

5.2 High Spatial Resolution MRI Image

To produce EEG signals close to real clinical ones, the head model should be as
close as possible to a real head in shape, dimensions, and -most importantly- volume
conductivity. A lot of work was done in that field, and one of the popular ways is to

use MRI imaging to get a high spatial resolution image of the head volume as all, not
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just the surface, as shown in Fig. 5.1, a subject MRI image was used.

Figure 5.1: Raw MRI head image

Raw images need some preprocesses; therefore, Fieldtrip was used to realign the
images with some standard coordinates system. In Fig. 5.2, the MRI image was

realigned to match the head with the origin and axis.

5.3 Digitization

Some setups must be made to convert the problem into a computational one. Since
computers prefer digital data, thus the problem must be converted from continuous

to digital. Here, the contiguous volume of the head should be discretized into small
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Figure 5.2: CTF coordinates aligned MRI images

cubes. Fieldtrip ft_ volumereslice function was used to discretize the MRI image, as

shown in Fig. 5.3.

5.4 Anatomical Segmentation

The most attractive feature of MRI in medical anatomical imaging is its high spatial
resolution images on all three dimensions, which could be used to identify each physio-
logical tissue inside the head. Therefore, with high 3-D resolution, we can differentiate
between the main head tissues: scalp, skull, Cerebrospinal fluid (CSF), and gray and

white matter. Then assign each their electrical properties. Fig. 5.4 shows a gray scale
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Figure 5.3: Head volume digitization

segmentation of an MRI image using Fieldtrip function: ft volumesegment.

5.5 Electrodes Placement

There are many standards regarding EEG sensors. These standards mainly vary in
the number of electrodes and their placement on the head. Since we are dealing with a
highly underdetermined problem, we recommend using the standard with the highest
number of electrodes. Until the day of writing this thesis, the 10-05 system (read:
10 to 5) is a proposed system -not produced as a product yet, with the highest and

most dense head electrophysiological sensors. It defines the placement and distances
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Figure 5.4: Head anatomy segmentation

between 346 sensors. It could be used to place both EEG and MEG sensors.

Since this problem is a spatial localization problem, the electrodes’ exact fixed and
aligned placement on the scalp is crucial. Thus, Fieldtrip ft_ electroderealign function
was used to project the electrodes on the scalp and align them with the facial fiducials,
as shown in Fig. 5.5.

All forward problem components were simulated to the most realistic ex-
tent that current technology could provide. Fieldtrip has produced the function
(ft_ prepare_leadfield) that uses the computational Finite Element Method (FEM)
to simulate the propagation of electromagnetic signals from the neuron sources inside

the brain through the head volume until EEG electrodes are capturing them on the
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Figure 5.5: 10-05 system electrodes alignment with the head CTF coordinates system

scalp.
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CHAPTER 6

PROPOSED APPROACHES

6.1 Introduction

In our endeavor to solve the inverse problem, two main approaches were followed.
We designated them as Single-stage approach and Multi-stage approach. These Stage
divisions only concern the source space resolution, i.e., the resolution of the sources
grid. Therefore, a stage means an increase in source grid resolution. The intuition
behind that is to go around the high correlation in the EEG signals generated by very
adjacent source points. More technically, we seek to formulate a leadfield matrix per
stage whose basis vectors (columns) are nearly orthogonal, as illustrated more below.

This chapter introduces our stage-division approach into single-stage and multi-
stage approaches. We illustrate how the leadfield matrix should be manipulated to

simplify the implementation and turnaround difficulties.
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6.2 Single-Stage Approach

The one-stage approach is just the direct way the problem is solved in one step using
the whole-brain, thus, one source space resolution. The vector x contains all the
Sources. This approach is straightforward; however, the complexity of the problem
increases as the resolution of the source space increases. From a mathematical aspect,
the size of the leadfield matrix increases as the number of sources within the brain
increases, which makes the leadfield matrix more “fat.” Furthermore, the correlation
between the leadfield matrix columns becomes much correlated since the increment in
resolution makes source points closer to each other.

At first, when we started working on the problem, we were using a low source space
resolution. The displacement between adjacent source points was 2 centimeters. The
accuracy of reconstruction was very high for one active source. When the number of
source points in the grid increases, reconstruction accuracy worsens. Of course, for
the cases of more than one active source, the reconstruction accuracy is not that good

in all grid formulations, As shown in the results.

6.3 Multi-Stage Approach

The multi-stage approach is a way that intends to simplify the solution by dividing
the solution space into sub-spaces. The intuition behind that is to overcome the high
correlation between adjacent sources by considering them as one source point. And
to simplify the highly underdetermined system into a nearly determined or maybe

overdetermined system. The source grid is divided into smaller regions, equal in
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volume, dimensions, and shape. Therefore, we came up with two grids we will call
coarse grid and fine grid. The coarse grid is a grid in which each region is represented
by an only one-source point, and the fine grid is the grid within that region but with
much fine resolution.

Fig. 6.1 reflects the idea of coarse gird, where each point virtually represents one
region; those regions are similar to the one shown in Fig. 6.2. The number of regions
depends on the selected dimensions and shapes of regions, which is subject to an
optimization process regarding the resultant number of fine grid points in each region,

and whether this number of source points is optimum for Deep Learning models.

6.4 Methodology

We have examined several techniques to solve the inverse problem of EEG signals. Two
disciplines were applied to find the location of neurons responsible for the measured

EEG signals: Compressed Sensing and Deep Learning.

6.4.1 Compressed Sensing Reconstruction Algorithms

Due to the sparse nature of brain neurons’ activation, sparse reconstruction algo-
rithms are considered promising techniques to solve the ill-posed EEG inverse prob-
lem. Within this thesis, compressed sensing techniques have been only applied to the
EEG spatial data, which are one-time sample EEG signals. As described in the data
generation chapter, these signals only consider the spatial information of EEG signals.

On the other hand, advanced compressed sensing reconstruction algorithms may need
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Figure 6.1: Center points of coarse grid regions

to be developed regarding the time-varying EEG signals, which contain both space
and time information, as recommended in the future work chapter.

The applied sparse reconstruction algorithms are OMP, StOMP, and CoSaMP.
As the iterative procedure of compressed sensing techniques, their reconstruction ap-

proach basically depends on finding the highest correlation between the measured
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signal y and the corresponding bases vector within the lead field matrix. That is why

it is evident that sparse reconstruction techniques perform very well in the cases of

single active source and uncorrelated active multi-sources. For example, when more

than one source is active at a time and they are far apart in space or very close to the

cortex surface, thus very close to measurement sensors. Therefore, their basis vectors

in the leadfield matrix are expected to be highly uncorrelated.
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Therefore, our approach is to apply compressed sensing techniques to solve the
two problems: the problem of single-active source and the problem of cortex-active
sources. For the single-active source localization problem, the location of the source to
be reconstructed does not matter, whether it is deep inside the brain or on the surface
of the brain. Thereby, our approach is to utilize sparse reconstruction algorithms to
solve single-active source localization problem for both cortex brain activity and deep
brain activity.

For the multi-active source localization problem, our approach is to apply com-
pressed sensing algorithms to localize only brain surface activity. The complexity of
the inverse problem increases as the number of active sources increases. Furthermore,
the possibility of correlation increases is higher. Therefore, iterative techniques are
not encouraging in this case unless the active sources’ signatures are very distinct from
each other. For all of that, we limited the application of compressed sensing recon-
struction algorithms to cortex activity localization only. However, the multi-source
activity could be addressed using iterative techniques by utilizing the low dynamic

nature of EEG signals, as recommended in the future work chapter.

6.4.2 Deep Learning Mapping Structures

The successful application of Deep Learning models in many highly complicated prob-
lems makes it an attractive technique to address the long-hanging brain source local-
ization problem. Regarding this problem, the key task to solving the problem is to
address the inverse problem. Unlike the forward problem, there is no closed-form so-

lution to the inverse problem yet. In other terms, the inverse problem is not modeled
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in a closed-form mathematical function.

On the other hand, nowadays, the brain forward problem is being modeled to a
high degree of accuracy after the enormous efforts exerted by researchers, especially
in the fields of computational electromagnetic and neuroscience. But, the inverse
problem is still an issue; since there is no direct mathematical way or derivation to
put it in a close form solution. Thereby comes the benefit of Deep Learning models.
Despite that, since neural networks are superior in mapping the function governing
the relation between any two sets, they could also be utilized to imitate a closed-form
solution to the brain inverse problem.

This thesis proposes to map the scalp EEG signals to their corresponding neuron
sources using Deep Learning architectures. Our work is to train a Deep Learning
model to map the EEG signals dataset to the labeled active-sources vectors dataset.
The active-souces dataset could easily be labeled using the available forward model
computational techniques. Also, keeping in mind the data-driven model’s constraints,
we propose to apply the Deep Learning architectures to the multi-stage approach only.
Data-driven solutions depend more on the data rather than the algorithm or model.

Consequently, much of the effort should be exerted on the data. On that account,
our proposed model emphasizes providing a large enough amount of well-distributed
data. Since, in the forward model, we are modeling the EEG signals as the response of
the activation of current dipoles inside the brain, the dataset for the model should be
generated to include all possible magnitude and direction activation of each current
dipole. Nevertheless, the number of dipoles is large (here in thousands) as the source

space resolution is increased. Therefore, the amount of data that needs to be generated
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becomes enormous (in this approach, in terms of Gigabytes).

For all the above, our Deep Learning structures proposal is to be applied on a
multi-stage approach only. Thus, the expected substantial overall dataset size shall
be divided into smaller datasets per region. As the multi-stage approach divides
the whole-brain volume into smaller regions, the proposed Deep Learning architecture
shall develop a neural network module for each region rather than one extensive neural
network for the whole-brain volume. Finally, one Deep Learning model shall be built
and trained over those smaller individual modules. This governing model’s job is to
act as a link between the captured EEG signals on the scalp and the regions’ modules.

We have many small Deep Learning models activated by a governing module ac-
cording to the expected active dipole region. The individual module within that region

pin-points the active dipole location.
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CHAPTER 7

IMPLEMENTATION, RESULTS,

AND DISCUSSION

7.1 Introduction

After we have introduced our proposed approaches to address the problem under
study, as well as all the techniques related to the formulation of the problem, like the
neuroimaging brain mapping and modeling technology, and the electrophysiological
EEG signals, through the presentation of compressed sensing and Deep Learning dis-
ciplines whom performance to be investigated as they are applied to the problem, and
the simulation of the signals and datasets essential to the problem; we put our work
into the tests.

Using MATLAB, we studied the application of OMP, StOMP, and CoSAMP al-
gorithms on the {y-minimization problem in (4.2). To simplify the readability of the
thesis while keeping the flow of contents intact, we have included the implementations

and the results consequently in one place rather than splitting them up into different
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chapters.

This chapter directly includes all of our implementations alongside their results and
discussion. We start with the applied compressed sensing reconstruction algorithms
on both low-resolution and high-resolution source space models. Then, we present the
implementation of source space division stages before showing the developed Deep
Learning models. Afterward, the spatial and Spatio-temporal learning structures,
Residual network, and LSTM modules are explained thoroughly. We finalize with the

overall whole-brain structure that accumulates the results of all modules together.

7.2 Compressed Sensing

To investigate the appliance of sparse reconstruction techniques, we started by ap-
plying OMP, StOMP, and CoSaMP algorithms on a straightforward setup; without
noise, with one active source and one-component source. By simple, we mainly mean a
meager number of source points per cubic centimeter, considering a few source points
and keeping the sparse vector x short. Thus, reducing the effect of correlation between
nearby sources on source reconstruction accuracy. Then, we increase resolution and

set up complexity step-by-step.

7.2.1 Low-Resolution Source Model

Fig. 7.1 shows that the low-resolution is one source point per 2 cubic centimeters (i.e.,
0.125 source/cm?). Thus, the resultant total number of low-resolution grid points is

186 source points inside the brain. This sparse grid makes the inverse problem an
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overdetermined rather than an underdetermined since the number of measurement

vector elements — EEG sensors- is 345.
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Figure 7.1: Source points of low-resolution source space

Here along with low resolution, we consider simulating source dipoles that are

all oriented in one direction. More specifically, since neuron sources are simulated
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as current dipoles, only one component of these current vectors is considered rather
than the 3-component vector. That could be implemented simply by extracting the
undesired components from the leadfield matrix. The extracted leadfield matrix will

be one-third of the full leadfield matrix generated using Fieldtrip toolbox.

Table 7.1: Low-resolution source model parameters

Parameter value
Displacement  between source | 2 cm

points

Source points resolution 0.125 source/cm?®
Total source space points 186

number of EEG electrodes 345

With the setups mentioned above, summarized in Table 7.1, , trials of one active
source were simulated on the cortex and deep inside the brain. Then in each trail,
compressed sensing reconstruction algorithms OMP, StOMP, and CoSaMP were ap-
plied. The algorithms inputs are the measured EEG signals, leadfield matrix, and
the number of active elements. As a result, the algorithms were able to locate the
stimulated source precisely, as Fig. 7.2 shows the results of 3 trial examples. Fig. 7.2
(a) shows the reconstruction of a deep brain source, while Fig. 7.2 (b) and (c) show
the reconstruction of cortex brain sources.

Then, the complexity was increased by simultaneously simulating two active
sources. Fig. 7.3 shows the localization of OMP, StOMP, and CoSaMP algorithms.
OMP sometimes fails to even calculate a solution due to high correlation. And,
CoSaMP sometimes fails to predict the exact location, as Fig. 7.3 (c) shows an example
of one case. Fortunately, StOMP seems very good and promising.

This failure of both OMP AND CoSaMP is not encouraging since we are only
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Figure 7.3: Low-resolution one-component source space: two active sources recon-
struction using compressed sensing algorithms
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using an effortless setup, and the problem is overdetermined, which is considered a
simple inverse imaging problem.

In the next step, we added one more stimulated active source. So now, three
sources are active at a time. Fig. 7.4 shows the localization results of reconstruction
algorithms. Although this figure shows exact results for OMP, it sometimes fails, and
no prediction is even computed in that case. Also, it is observable that CoSaMP fails
a lot, and StOMP is still promising.

Finally, 5, 7, and 10 active sources were simulated, as shown in Fig. 7.5 (a), (b),
and (c), respectively. As well as before, OMP and CoSaMP fail a lot, and there is
hope in StOMP.

Due to the failure of both OMP and CoSaMP in reconstructing even the noiseless
data, we will skip the investigation of their appliance on noisy data now and go ahead
to check whether the promising algorithm, StOMP, will work on a high-resolution

source model.

7.2.2 High-Resolution Source Model

Despite the discouraging results of OMP and CoSaMP, they will be tested again,
this time in a higher resolution source space. Nevertheless, mainly, the promising
performance of SSOMP is to be verified on a much rough setup. As summarized in
Table 7.2, the source grid resolution was increased eight folds for the following steps.
Thus, the new resolution is one source point per cubic centimeter (i.e., 1 source/cm?).
The number of points in the whole grid now becomes 1,475 points. The vector = to be

reconstructed is much longer, therefore, much sparser. The inverse problem returns to
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be complex since it is now ill-posed; However, we are using the densest EEG electrodes
placement standard -the proposed 10-05 standard, which contains 346 EEG electrodes.

The problem is underdetermined; the leadfield matrix is fat.

Table 7.2: high-resolution source model parameters

Parameter value
Displacement  between source | 1 cm

points

Source points resolution 1 source/cm?
Total source space points 1475

number of EEG electrodes 345

Again, we started with a simple setup, one active source at a time, then the number
of active sources increased one at a time. Fig. 7.6 shows the localization accuracy of
compressed sensing algorithms altogether in the same figure. OMP and CoSaMP
performed very well, with exact reconstruction. However, and unfortunately, SStOMP,
which we believed would be a promising algorithm, fails. It tries to locate the source
but with a colossal localization error.

Next, the number of active sources was increased by one. As Fig. 7.7 shows,
CoSaMP is still very good; it can reconstruct the two sources precisely. However, OMP
and StOMP sometimes fail in reconstructing one of the sources, although Fig. 7.7 does
not show OMP failures, as mentioned earlier, due to OMP failure of even computing
the solution.

Then, three active sources were simulated. The localization results are shown in
Fig. 7.8. Unfortunately, now all three algorithms failed. Therefore, we can notice
that CoSaMP reconstructions follow only one source. It is like it is only trying to

reconstruct one source.
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struction using compressed sensing algorithms
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Finally, five active sources were simulated, and their localization results are shown
in Fig. 7.9. The figure shows that all algorithms failed to reconstruct, usually, even

one source.

7.3 Deep Learning

7.3.1 Source Space Division

Besides, our main aim of proposing the multi-stage resolution approach is to solve
the brain source inverse problem; another side purpose is to simplify the computation
headage of the Softmax activation layer. Although most deep learning modules use
Softmax activation, it is well-known that its computation increases exponentially as
the number of elements in the output layer increase. So, despite the many ways
followed in literature to simplify this computational power consumption, like hierarchy
classifiers, we prefer to divide the outputs into smaller groups. Therefore, Softmax
computation will depend on the number of elements within that group, not the whole
problem output (the total brain source points).

This staging process could be implemented by dividing the source space grid into
coarse and fine grids. Unlike the fine grid, the coarse grid is not real; it is a virtual grid.
A coarse grid could be implemented as a binary output vector with elements equal
to the number of regions. Each element indicates whether its corresponding region is
active or not. The fine grid resolution is better to be as fine as possible, which depends
on the resolution of the source model generated by solving the forward problem using

the simulation software. As the number of simulated source model points increases, the
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forward problem simulation’s required computational power increases exponentially.
Then, the leadfield matrix will become huge; thus, its computation will take a long
time and memory. Fig. 7.10 shows the fine grid resolution, which, as stated earlier,
is the same as the most satisfactory resolution, which is one source point per cubic

centimeter (1 source/cm?).
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Figure 7.10: Source points of high-resolution source space
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Initially, only three regions were constructed to simplify implementation and re-
duce the amount of data generated, thus reducing the size of datasets. Fig. 7.11 shows
those implemented regions’ positions and shapes. The main idea is to create regions
with the same shape, dimensions, and number of source points. However, due to the
irregular shape of the regions adjacent to the brain’s surface, we intended to simulate
regions that have a slightly different shape from each other. However, the main sim-
ulation parameters must be kept general to represent the rest of the non-constructed
regions’ behavior. For example, the number of source points within each region is kept
equal, 22 source points per region. Two regions were placed adjacent to each other,
we called them Regionl and Region2, and they were designed with the exact shape.
Their dimensions are 30x20x20 mm. While the third region, Region3, was positioned
on the other side of the brain with different dimensions of 30x30x20 mm. The idea
behind the adjacent and apart regions is to consider the effect of correlation in EEG
signals generated by close sources.

After experimenting with the simple initial setup, we can go to the final setup,
where regions division will be expanded to cover the complete brain volume. In this
step, the whole-brain volume was divided into 56 regions; each region is 40x40x40 mm,
as shown in Fig. 7.12. All regions’ dimensions are kept the same wherever their location
is to keep the implementation as simple as possible. The choice of these dimensions
could be different according to designer selection. However, we have chosen these
values since the spread of regions over the whole-brain, and the distribution of source
points within each region are consistent with these cube dimensions. The maximum

number of source points within these new regions is 64 sources, and it goes down for
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Figure 7.11: Simulated regions, Regionl and Region2 are adjacent while Region3 is
placed on the further side

regions on the edges of the brain, like some regions contain only one source point.
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7.3.2 Learning Setups

All datasets generated from each region were divided into training, validation, and

testing datasets with approximate percentage divisions of 70%, 20%, and 10%, re-
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spectively.
For all Deep Learning structures, Adam optimizer was chosen as the optimization

algorithm, and the loss function was calculated using Categorical Cross-Entropy.

7.3.3 Simplified Residual Networks Model

As discussed earlier in the methodology chapter, ResNets were selected as the Con-
volutional Neural Networks to detect the features that differentiate between neuron
sources responsible for the propagated EEG signals. ResNets were applied within this
experiment to localize the active source points in coarse and fine grids. The same
ResNet structure, layers, filters, and inputs’ shape were used for both grids. The only
difference is the number of output elements. Even though that may be just for the
current case since just three regions are currently implemented to verify our approach.
Thus, only 3-elements output is required for the coarse grid module. But, of course,
that will not be the case when the whole-brain volume is considered.

A mother ResNet module was implemented with five convolutional blocks, one skip
connection, a fully connected layer, and a Softmax prediction output layer. Fig. 7.13
shows the structure of this mother ResNet with the functional blocks that it consists
of.

All blocks and the skip connection consist of a convolutional layer, activation
layer, and MaxPooling layer. All convolution filters have the same 3x3 kernel size. A
Stride of one and Valid padding are used in all convolution operations except for the
third and fourth blocks, where the Same padding is used. The number of convolution

filters increases gradually: 16, 32, 64, 128, 256, and 512, as blocks go deeper from
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Figure 7.13: The implemented ResNet structure
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inputs to outputs, respectively. Regarding the skip connection block, 128 convolution
filters are also used to match the activations of the fourth block; thus, they can be
added together. For units’ activations inside the blocks, ReLLU non-linear activation
function is used. After convolution and before ReLLU activation, a batch normalization
operation is performed to keep the learning process easy, fast, and robust. At the end
of each block, MaxPooling of pool size of 2 is performed to regularize the feature
extraction operation performed by the convolutional filters. After all those blocks, a
fully connected layer with 512 units and ReLU activation is added before predicting

the final output using a Softmax layer.

Fine Grid Module

As stated above, from this mother ResNet, two modules were inherited. Those two
child modules are almost the same except for the output layer, where one has three
output units, which we called coarse grid spatial localizer for coarse grid modeling,
and the other has 22 output units we called fine grid spatial localizer for regions
fine grid modeling. Three instants from the fine grid spatial localizer module were
compiled and assigned to separate regions. Each was trained on the EEG spatial
dataset generated from their corresponding region source points. As mentioned ear-
lier, within this thesis, for all Deep Learning models, the Categorical Cross-Entropy
function was used to penalize the prediction of the instants, and the Adam algorithm
was used to pursue the optimum value of the network parameters. After compilation,
as summarized in Table 7.3, each fine_grid_spatial localizer instant has a total num-

ber of 1,333,366 parameters. 1,332,118 of them are trainable, and the rest 1,248 are
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not. To fit the model instants, they were trained and validated on their corresponding
regions’ spatial training and validation datasets. The fitting operation was set to an
early stop if training accuracy would not improve for 10 epochs. Table 7.3 sketches
the learning performance curves of the three regions’ models. The trained instants’
predictions were tested on a completely separate testing dataset from the validation
dataset. Regionl, Region2 and Region3 instants’ test accuracy were about 94.5%,
94.7%, and 99.9%, respectively. If early stopping was set based on the validation ac-
curacy baseline, better performance could be achieved. It is observable that Region3
spatial data was straightforward to map. Even from early epochs, validation accuracy
was approximately stable and above 95%. That could be due to many reasons; for
example, 1) Region3 is placed apart from the other regions, so there will be no cor-
relation between EEG signals of adjacent source points located in different regions,
and 2) region3 was implemented in a different shape that is more parallel to the head
surface and positioned closer to the surface. Thus, EEG electrodes’ sensing of their

signals would be clearer.

Coarse Grid Module

Regarding the coarse grid modeling, as mentioned above, the same mother ResNet
module was used; despite that, the output layer only consists of a 3-elements vector.
The module instant was compiled for the same Adam algorithm and Categorical Cross-
Entropy. The instant had a slightly fewer number of parameters than the fine ones. As
summarized in Table 7.3, the total number of parameters is 1,323,619. The trainable

parameters are 1,322,371, and the rest of 1,248 are non-trainable. The module instant
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Figure 7.14: Training performance curves of individual regions ResNets

was trained on the same EEG data of the regions; however, the target outputs are
only three labels corresponding to the source region. As well as before, the module
was set to train until there was no improvement in training accuracy for 10 epochs.
Fig. 7.15 shows the module’s instant performance during training. It is observable that
fitting the coarse grid was easy and fast; however, that is not to be expected when the
whole-brain volume is considered and divided into regions. Finally, the instant was
tested on a separate testing dataset, and its prediction accuracy was about 99.7%.
The confusion matrix in Fig. 7.15 interprets the mutual interference between Regionl

and Region2 predictions and ultimately no interference with the far placed Region3.

Table 7.3: Residual networks models summary

#units in output layer 22 3
#trainable parameters 1,332,118 1,322,371
#non-trainable parameters | 1,248 1,248
Total #parameters 1,333,366 1,323,619
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Figure 7.15: (a) Training performance curves of coarse grid ResNet, and (b) Confusion
matrix

Overall Module

To connect all the trained modules, a relay function was implemented. This
governing function takes the scalp EEG signals as an input. Then use the
coarse_ grid_spatial localizer instant to predict the region that is expected to be
active. Then predicts the source within that region corresponding to the same scalp
EEG signals using the fine_grid spatial localizer module instant of the region that
was predicted to be active. Thus, the function has two output vectors, one indicates
the active regions, and the other determines the expected active source points within

that region. There is no need to train this function; however, its prediction was tested
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on the test datasets of the three regions. The prediction accuracy of the overall system
was about 96%. Table 7.5 summarizes the performance of both the residual model

and the upcoming sequence model.

7.3.4 Simplified Sequence Models

First, some performance measures should be taken care of. As for all Deep Learning
models, LSTMs’ performance depends on some hyperparameters. Thus, few initial
experiments were executed to hyper-tune those hyperparameters.

The first and usually the only important hyperparameter of LSTM models is the
number of hidden states. In Keras framework, the argument “units” of LSTM class is
usually misunderstood as the number of outputs (¥) of the whole LSTM cell. However,
it means the number of hidden states inside the cell. Fig. 7.16 illustrates one of the
basic structures of sequence models, many-to-one structure, using LSTM cells, which
we will use to address the Spatio-temporal EEG inverse problem. Upon this number
of hidden state units depends the fitting performance of LSTMs and the number of
parameters within the cell, therefore, the size of the whole model. We have tested three
LSTM models: one contains 128 units, another has 256 units, and the last includes
512 units. We concluded that the best choice is 128 hidden state units; since they fit
the problem without overfitting, unlike 512 units, and are fast to train. The 256 units
model achieves high accuracy much earlier or faster than the 128 units one, but they
consume much more memory. Although training time is an important variable, we

will trade it for memory since the same fitting performance is achieved after all.
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Figure 7.16: Many-to-one Sequence model structure with LSTM cells

Fine Grid Module

So, the chosen LSTM model for the final fine grid modeling has 128 hidden state
units. The inputs are the EEG signals of shape (345,125); 345 is the number of EEG
electrodes, and 125 is the number of samples per half-second within one EEG channel.
As mentioned in Chapter 5: Data Generation, we settled with half a second just to
reduce the size of the dataset; for sure, learning time will also decrease accordingly,
which is also good. The LSTM outputs, the 128 hidden states, are fully connected to
22 units corresponding to each region’s unified number of source points. A Softmax
layer was used to activate the final prediction, §. The total number of parameters
of the whole fine grid spatio temporal localizer is 132,886, with no Non-trainable
parameters, as summarized in Table 7.4.

As stated previously, to verify our approach, three regions were simulated. There-
fore, three instants of fine_grid_spatio_temporal localizer were compiled, an instant
for each region. Then, all three were trained on their corresponding region Spatio-
temporal generated data. Due to the inconsistency in sequence model learning, the

training process was set to stop whenever validation accuracy crossed the 98% baseline.
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After all, training did take a long time even though a High-Performance Computer
was utilized. Usually, the training accuracy is the metric used for early stopping;
however, we have adopted validation accuracy since we have recognized from pre-
implementation that the model is almost perfectly fitting. i.e., training and validation
performance curves are very close, and there is no overfitting. Fig. 7.17 below shows
the performance curves of the three models’ instants during training. The trained
models’ accuracy was then measured on separate testing datasets that were not intro-
duced to the models before.

As summarized in Table 7.5, the test accuracy of Regionl, Region2 and Region3
models’ instants were 98.4%, 98.1%, and 93.2%, respectively. Fig. 7.17 shows only
the training performance curves of each region model’s instant. The accuracy of the
region3 model’s instant is much lower than other regions’ models. Regiond instant was
trained for many sessions, though. Each one of them is 200 epochs. The curves shown
in Fig. 7.17 are for the last session, after which we decided to stop the training. It is
noticeable that was not the case with the spatial model (ResNet). This issue could be
due to many reasons: 1) The asymmetrical shape of Region3; if that is the case, then
the regions’ shape and dimensions could be considered a hyperparameter that needs to
be optimized. Alternatively, 2) The EEG signals generated by these region sources are
very correlated. This region is closer and more parallel to the surface, though. After
all, the fine grid spatio temporal localizer model’s instant was not as good as the
other regions’ instants in filtering the appropriate distinguishing features. However,
all of that may be solved by fitting the data more by increasing the number of hidden

states to 256 units.
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Figure 7.17: Training performance curves of individual regions LSTMs

Comparing regions’ models, regarding the spatial and the Spatio-temporal mod-
ules, all instants performance is considered good, however, swapped in excellence.
Moreover, as we mentioned earlier, the separated region fitting using spatial mod-
ules was better than adjacent regions, in contrast to Spatio-temporal modules fitting,
which is better for neighboring regions. This is strange and could be concluded as
follows: different deep learning architectures may have different performances due to

the difference in concept between spatial and Spatio-temporal simulated data.

Coarse Grid Module

Same as the fine grid module, the coarse grid spatio temporal localizer module
consists of an LSTM cell, dense layer, and Softmax activation layer. Since we had
implemented only three regions, the number of points in the coarse grid is only three.

Thus, the dataset generated for the coarse grid has only three elements in the target
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labels vector. Therefore, to map the coarse grid EEG inputs with the 3-elements
output, not many hidden state units are needed inside the LSTM. So, the LSTM cell
was chosen to have 64 hidden states, and of course, the dense layer parameters will
be much less since we have only three outputs to predict. Although, when the coarse
dataset was generated, we had to consider the case of correlation between adjacent
source points, however, in two different regions, as illustrated in Chapter 5: Data
Generation. This correlation to be sufficiently mapped may require a large num-
ber of parameters (hidden states, dense and activation layers’ parameters). So, an
instant of the coarse_ grid spatio_temporal localizer model was compiled. Categor-
ical Cross-Entropy and Adam were used as loss function and optimization algorithms,
respectively. The total number of parameters of this instant is 48,835 parameters,
and all are trainable. Then, it was trained on the same Spatio-temporal EEG signals
data that fine grid spatio temporal localizer instants were trained on; however,
the labels are only 3-elements vector corresponding to the regions. The training ter-
minated whenever validation accuracy crossed the 98% baseline. Fig. 7.18 (a) shows
the training performance curves. Fitting was easy. This is not to be expected when
considering the whole-brain regions, though. Fig. 7.18 (b) shows the confusion matrix
report. Despite the high accuracy, It is clear that there is misprediction between the
adjacent regions, while nearly exact prediction for far ones’ data. The prediction ac-
curacy of the coarse grid module on the testing data is about 98.2%, as summarized

in Table 7.5.
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Figure 7.18: (a) Training performance curves of coarse grid LSTM, and (b) Confusion
matrix

Table 7.4: Sequence models summary

#units in output layer 22 3
#trainable parameters 132,886 48,835
#non-trainable parameters | 0 0
Total #parameters 132,886 48,835

Overall Module

To connect the two stages, the function, Spatio_ Temporal Localizer,
was defined to relay the desired modules. It detects the prediction of

coarse_ grid_spatio temporal localizer, then accordingly, activates the desired
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fine_grid spatio_temporal localizer instant which represents that region. This
function inputs only the measured Spatio-temporal EEG signals on the scalp (the
same in all Spatio-temporal datasets). It returns an output of two tensors: One
determines the active region, and the other predicts the location inside that region.
This function does not need training. Testing performance of this function represents
the performance of the whole localization system. The Spatio Temporal Localizer
performance was measured on the same regions’ test datasets for this simplified
implementation. The overall performance of the function, thus the whole localization
system, was 95%. Table 7.5 summarizes all Deep learning models, Residual and

sequence models, and accuracies.

Table 7.5: Deep Learning models accuracy summary

Regionl accuracy 94.5% 98.4%
Region2 accuracy 94.7% 98.1%
Region3 accuracy 99.9% 93.2%
| Coarse grid accuracy | 99.7% | 98.2% |
| Overall accuracy 1 96.0% | 95.0% |

7.3.5 Complete Whole-Brain Structure

After experiencing our stage-wise approach to the simplified problem space and ob-
serving the high accuracy results the approach has provided, we can conclude that our
stage-wise approach is a promising solution to the brain source localization problem.
As the overall accuracy of the stage-wise models on simple problem setup is greater

than 95%, they could be considered excellent models to solve the complete problem.
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Therefore, we can go ahead with the expansion of the model to the whole-brain prob-
lem space. The stage-wise approach will be developed for the whole-brain volume. As
mentioned in the approach chapter, the whole-brain volume is divided into regions.
Thus, the whole-brain source space was divided into 56 regions. Each region contains
as max as 64 source points. The on-surface regions could have source points as low as
a single source point.

In a simplified implementation, the whole-brain source space grid is now divided
into coarse and fine grids. The whole-brain coarse grid is a virtual grid that has 56
grid points that represent the regions. And the fine grid is the actual source space
grid, however, divided and clustered inside the whole-brain coarse grid. So, the fine
grids have the exact resolution (source/cm?®) as the source model resolution. The
same Residual Networks models of Fig. 7.13, which were used to map the simplified
three regions problem, are also to be used to map the complete whole-brain problem.
The same ResNet is used to module the whole-brain coarse and fine grids, however,
with a different number of units in the output layer depending on the number of the

corresponding grid points.

Whole-Brain Fine Grid Module

For the fine grids, modules will be developed to map the scalp EEG signals with their
corresponding sources inside the regions. A ResNet is assigned for each of the 56
regions we have created virtually. Each ResNet is like the mother ResNet in Fig. 7.13;
however, the number of units in the output layer is 64 units. Each region contains a

different number of source points, though.
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This module, which we called “Full Brain fine grid spatial localizer,” has a total
number of 1,354,912 parameters. 1,353,664 of them are trainable parameters, and the
rest 1,248 are non-trainable ones, as summarized in Table 7.6.

This structure is fixed to all regions, and 56 instants of this module were assigned,
compiled, and trained for each region out of all 56 regions. The training performance
curves of all these FullBrain_ fine grid spatial localizer instants are available in Ap-
pendix A. Some training performance figures do not contain curves, like in Fig. A.7,
which should not be mistaken as there is an error in this region, on the contrary,
that means this region module instant fitted the data to more than 99% in only one
training epoch. Due to the high number of figures and the many pages they consume,
we prefer to present them at the end of the thesis.

Unlike the simplified three regions implementation, the complete full brain imple-
mentation module instants training was not that easy due to the complexity of the
increased number of outputs to be predicted. Some whole-brain fine grid spatial local-
izer instants took a very long time to reach validation accuracy of 99%, while others
were swift learners. Nevertheless, some regions’ instants could not reach 99% after 100
training epochs, like regions 17, 22, and 39, whose validation accuracy is 96.4%, 96.1%,
and 95.6%, respectively, as summarized in Table 7.7. Special care should be paid into
region 22, whose validation accuracy was just 92.5%. Those regions’ instants may
need special treatment to increase their prediction accuracy, like increasing training

epochs more or providing more training data.
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Whole-Brain Coarse Grid Module

As well as the whole-brain fine grid module, the whole-brain coarse grid module uses
the same residual network represented in Fig. 7.13. The only difference is the number
of units in the output layer. Here, the whole-brain coarse grid module has 56 labels in
the output layer corresponding to the total number of regions that virtually interpret
the whole-brain source space. As listed in Table 7.6, the coarse module has 1,349,560
trainable parameters and 1,248 non-trainable ones. Thus, the module contains a total
of 1,350,808 parameters.

Unlike the fine grid, the coarse grid only requires one instant of the module. The
instant was compiled, then trained on the surface EEG data labeled to the active
source region. Fig. 7.19 shows the learning performance curves of the instant. The

trained coarse grid instant validation accuracy is 98.9%, as listed in Table 7.7.

Figure 7.19: Training performance curves of full brain coarse grid ResNet

Overall Whole-Brain Module

Finally, putting all pieces together, an overall controlling module must be defined.

This overall full brain module connects the captured EEG signals on the scalp to
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its corresponding neuron source inside the brain via the whole-brain coarse and fine
grid modules. The module takes the scalp EEG signals as an input, then uses the
prediction of the whole-brain coarse grid module instant to highlight the expected
region to contain the active source. Then, the exact active source inside that region
is estimated via activating the whole-brain fine grid module instant of the highlighted
region. This overall module does not need to be trained since it is just a switching,
non-trainable function.

The performance of the module, hence the performance of the whole proposed
stage-wise approach, was tested on a separate testing dataset. The prediction accuracy

of the system was found to be 92.7%, as summarized in Table 7.7.

Table 7.6: Full Brain Residual networks models summary

#units in output layer 64 56
#trainable parameters 1,353,664 1,349,560
#non-trainable parameters | 1,248 1,248
Total #parameters 1,354,912 1,350,808
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Table 7.7: Full Brain Deep Learning models accuracy summary

Regionl 99.3% Region2 99.0%
Region3 99.6% Region4 98.0%
Region5 98.0% Region6 98.9%
Region7 100.0% Region8 99.4%
Region9 99.0% Region10 99.0%
Regionl1 98.5% Region12 99.7%
Region13 99.2% Region14 100.0%
Region1h 99.0% Region16 97.7%
Regionl7 96.4% Region18 99.6%
Region19 99.8% Region20 97.5%
Region21 92.5% Region22 96.1%
Region23 99.2% Region24 100.0%
Region25 98.9% Region26 99.5%
Region27 99.5% Region28 99.6%
Region29 99.3% Region30 99.3%
Region31 99.9% Region32 99.9%
Region33 99.1% Region34 98.1%
Region35 99.4% Region36 100.0%
Region37 99.5% Region38 98.0%
Region39 95.6% Region40 98.6%
Region41 99.3% Region42 100.0%
Region43 99.9% Region44 99.4%
Region4b 99.1% Region46 100.0%
Region47 100.0% Region48 99.9%
Region49 99.7% Region50 99.2%
Region51 99.9% Region52 99.7%
Region53 99.7% Region54 100.0%
Regionbh 100.0% Region56 100.0%
Coarse grid ac- 98.9% Overall accuracy | 92.7%

curacy
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CHAPTER 8

CONCLUSION AND FUTURE

WORK

8.1 Conclusion

Compressed sensing reconstruction techniques are, in general, successful in localizing
brain activity in one-dimensional space. These algorithms could reconstruct the active
source perfectly wherever it was, in the brain’s cortex or deep inside the brain for
single-source activity. And for multi-source activity, their performance was quite
well on reconstructing cortex sources. Unfortunately, compressed sensing algorithms’
performance was not good; due to the high correlation between scalp EEG signals
generated from close neurons. This correlation increases as sources go deep inside the
brain; thus, iterative techniques can no longer differentiate between the propagated
electromagnetic signals.

On the other hand, deep learning proves its success in solving ill-posed inverse

problems. Deep Learning architectures were capable of localizing brain source ac-
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tivity with a high degree of accuracy. Deep learning architectures were applied to
single-active source problem. Residual Networks were used for the spatial data, while
Recurrent Neural Networks (RNNs) were utilized for Spatio-temporal data. A multi-
stage approach was proposed to simplify the problem by staging the source space and
reducing the number of computations needed. Two grids were formulated: coarse grid
and fine grid. The proposed approach is to solve the inverse problem to find the active
regions of the coarse grid corresponding to the captured EEG signals. Then, within
those active regions, the inverse problem of the same EEG signals is to be solved again
to identify the exact active fine grid sources.

The approach was investigated on a simplified setup of three regions, two adjacent
to each other and the third on the other side of the brain. Whether ResNet or LSTM,
each region had been assigned a model, and that model’s parameters were trained
on the data generated from that region. On top of those region models, another
model is assigned to the coarse grid and trained on labels of that coarse grid. Deep
learning models gave high prediction accuracy. For ResNets, the least region model
test accuracy is 94.5%. The coarse grid ResNet test accuracy is 99.7%. Thus, the
overall spatial model test accuracy is 96%. For LSTM models, the least subregion
model test accuracy is about 93.2%, and the coarse grid LSTM test accuracy is about
98.2%. Thus, the overall Spatio-temporal model test accuracy is 95%.

Due to this astonishing accuracy in the simple testing problem, Residual Networks
were extended and applied to the real problem of whole-brain volume. The overall full
brain spatial localization accuracy of EEG signals is 92.7%. Therefore, our conclusion

is: Deep learning techniques are a promising solution to the brain source localization
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problem. Thus, we recommend the application of deep learning models on multi-active

sources scenarios.

8.2 Future Work

We recommend more investigation of the application of compressed sensing to the
brain source localization problem by considering the problem as a multi-measurement
problem of common sparsity structure. Already there is a research trend in that direc-
tion, and some papers have been published in that regard. Some enhancements and
adjustments are being made to some well-performing compressed sensing algorithms
to adapt to the multi-measurement vectors problem.

Regarding data-driven models, we recommend investigating the development of
structures that work on EEG signals as 2-dimensional data. Within this thesis, we
had simulated EEG data as a vector of channels, such that electrodes measurements
are flattened into a one-dimensional vector. However, their placement on the head
is instead a surface plane. Although the head surface is not an exact 2-D surface, it
could be projected into a 2-D surface without losing information. For sure, adjacent
electrode channels capture signals that have correlated signatures. Thus, when elec-
trodes are flattened into a vector, the adjacent channels will be separated, making
extracting features from these channels using, for example, convolutional filters much

more difficult.
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8.2.1 Block Sparsity

Often the sparse signals under study have added structure. Specifically, in our case
study here, we are concerned about the natural block structure and slowly changing
source activity (in which brain activity could be described as jointly sparse signals
that could be represented systematically in multiple measurement vectors structure.
An all-natural block structure could exist in the sparse signal wherever a few non-zero
components arise in groups. For instance, the neural activity might be described in a
block sparse structure [20]. It has been recognized that the block structure can be used
for improved recovery. Moreover, it was attested that if the information of the block
structure (expected positions where blocks could occur and the block dimensions)
is readily achievable under specific conditions, it enables us to lower the variety of
observations needed for recovery [81].

Various algorithms have been suggested considering the information of the block
structure. The fundamental work in this regard was [82], which introduced the group-
LASSO algorithm. Though it has restricted applicability compared to various other
techniques, it makes some presumptions about the dictionary. Block-OMP [83], pro-
posed by Eldar et al., is an expansion of the standard orthogonal matching pursuit
algorithm (OMP) [84]. One more technique called the mixed f5/¢;-norm recovery
algorithm suggested in [85] expanded the BP algorithm to take on block sparsity.
Likewise, expansions of the CoOSAMP technique [72] and IHT [86] were made use of
to propose a technique named Block-CoSAMP [81], which has deductible recovery

guarantees and also robustness properties. The LaMP technique introduced in [87]
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utilized a Markov Random Fields model to catch the formation of the sparse signals.

Every one of the techniques mentioned previously comes from the group of greedy
algorithms. Their attraction is that they are agnostic to support distribution, thus
demonstrating robust performance. Nevertheless, a lot of them function exclusively
in a noiseless environment. Despite numerous Bayesian methods (e.g., [88]) might be
expanded to employ block structure, those are not as popular. A significant deviation
is the cluster-sparse Bayesian learning algorithm (cluster-SBL) introduced in [89],
which presumes that the block supports obey a multivariate Gaussian distribution.
In addition, cluster-SBL considers the intra-block correlation to enhance the recovery
performance.

Mainly, there are two possible schemes for block sparsity:

o Known-block partition: in this scheme, the size of blocks and their probable
positions are known a priori; however, the precise position of the active block is

unidentified.

o Unknown-block partition: this scheme has no details about the block positions
or their sizes. There could be blocks of differing sizes taking place out of any
particular pattern. The only information is that in this scheme is the likely

optimum size that any block might have.

Instances of block sparse signals from both schemes are displayed in Fig. 8.1.
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Figure 8.1: Demonstration of block-sparse signals. (left) Known-block partitions and

(right) Unknown-block partitions block partitions [90]

Both sorts of block-sparsity occur in real-world problems and are equally impor-
tant. However, in our problem, neural activity should be considered an unknown
block partition; since neither the location of active regions is known nor the 3-D

volume space of these simultaneous active neurons.
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8.2.2 Joint Sparsity

A carefully associated problem of jointly recovering multiple sparse vectors from Mul-
tiple Measurement Vectors (MMV) has intensified attention. Fig. 8.2 shows a math-

ematical demonstration of the MMV structure.

Figure 8.2: Matrices representation of Multiple Measurement Vectors [91]
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A few of the applications where multiple measurements could be employed in-
volve imaging of the brain utilizing Electroencephalography (EEG) and Magnetoen-
cephalography (MEG) [20], [92], [93], Multivariate Regression [94] and Blind Source
Separation [95]. Within these and many other analogous applications, the multi-
ple sparse vectors might either share a common or a nearly common sparsity pattern.
The joint recovery algorithms use these common sparsity patterns for the cost-effective
restoration of sparse signals with considerable precision. Several joint recovery algo-
rithms have been suggested. Most of the foundational and essential work in this regard
is the expansion of already available Single Measurement Vector (SMV) techniques.
For instance, MMV-FOCal Underdetermined System Solver (M-FOCUSS) [96], MMV-
Orthogonal Matching Pursuit (M-OMP), Simultaneous Orthogonal Matching Pursuit
(S-OMP) [97], multivariate group LASSO [94], and Multiple Sparse Bayesian Learn-
ing (M-SBL) [98]. A different technique named the ReMBo algorithm [99] obeys a
different approach. It suggests modeling the MMV problem as an SMV problem. The
technique linearly joins the measurement vectors and then determines the resulting
SMV problem using a pre-set algorithm. One more course of algorithms exploits the
characteristics of the unknown sparse signals, such as structure and correlation. For
instance, Sparse Bayesian Learning (SBL)-based algorithms [100], [101], Orthogonal
Subspace Matching Pursuit (OSMP), as well as Subspace-Augmented MUltiple SIg-
nal Classification (SA-MUSIC) algorithms. Every one of the previously mentioned
algorithms is centralized in nature which is the case for our neural activity signals.
All measurement vectors and matrices are processed in a single processing unit. On

the other hand, for situations such as sensor networks, where each node/sensor has its
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very own measurement vector and matrix, the employment of centralized algorithms
would need to exchange a massive volume of data to a centralized location. But, in
ordinarily energy-constrained sensor networks, such centralized approaches are not

feasible.
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APPENDIX A

FULL BRAIN 56 REGIONS’

RESNET MODELS’

PERFORMANCE CURVES

This appendix contains the training performance curves of all FullBrain__ fine grid__
spatial__ localizer 56 instants. Due to the high number of figures and the many pages
they consume, we prefer to present them at the end of the thesis. Some training
performance figures do not contain curves, like in Fig. A.7, which should not be
mistaken as there is an error in this region. On the contrary, this region module

instant fitted the data to more than 99% in only one training epoch.
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Figure A.1: ResNet model’s Training performance curves of Regionl

Figure A.2: ResNet model’s Training performance curves of Region2

Figure A.3: ResNet model’s Training performance curves of Region3
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Figure A.4: ResNet model’s Training performance curves of Region4

Figure A.5: ResNet model’s Training performance curves of Region5

Figure A.6: ResNet model’s Training performance curves of Region6
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Figure A.7: ResNet model’s Training performance curves of Region7

Figure A.8: ResNet model’s Training performance curves of Region8

Figure A.9: ResNet model’s Training performance curves of Region9
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Figure A.10: ResNet model’s Training performance curves of Region10

Figure A.11: ResNet model’s Training performance curves of Regionl1

Figure A.12: ResNet model’s Training performance curves of Region12
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Figure A.13: ResNet model’s Training performance curves of Regionl3

Figure A.14: ResNet model’s Training performance curves of Region14

Figure A.15: ResNet model’s Training performance curves of Region15
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Figure A.16: ResNet model’s Training performance curves of Region16

Figure A.17: ResNet model’s Training performance curves of Regionl7

Figure A.18: ResNet model’s Training performance curves of Region18
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Figure A.19: ResNet model’s Training performance curves of Region19

Figure A.20: ResNet model’s Training performance curves of Region20

Figure A.21: ResNet model’s Training performance curves of Region21
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Figure A.22: ResNet model’s Training performance curves of Region22

Figure A.23: ResNet model’s Training performance curves of Region23
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Figure A.24: ResNet model’s Training performance curves of Region24
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Figure A.25: ResNet model’s Training performance curves of Region25

Figure A.26: ResNet model’s Training performance curves of Region26

Figure A.27: ResNet model’s Training performance curves of Region27
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Figure A.28: ResNet model’s Training performance curves of Region28

Figure A.29: ResNet model’s Training performance curves of Region29

Figure A.30: ResNet model’s Training performance curves of Region30
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Figure A.31: ResNet model’s Training performance curves of Region31

Figure A.32: ResNet model’s Training performance curves of Region32

Figure A.33: ResNet model’s Training performance curves of Region33
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Figure A.34: ResNet model’s Training performance curves of Region34

Figure A.35: ResNet model’s Training performance curves of Region35

Figure A.36: ResNet model’s Training performance curves of Region36
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Figure A.37: ResNet model’s Training performance curves of Region37

Figure A.38: ResNet model’s Training performance curves of Region38

Figure A.39: ResNet model’s Training performance curves of Region39
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Figure A.40: ResNet model’s Training performance curves of Region40

Figure A.41: ResNet model’s Training performance curves of Region41
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Figure A.42: ResNet model’s Training performance curves of Region4?2
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Figure A.43: ResNet model’s Training performance curves of Region43

Figure A.44: ResNet model’s Training performance curves of Region44

Figure A.45: ResNet model’s Training performance curves of Region4b
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Figure A.46: ResNet model’s Training performance curves of Region46

Figure A.47: ResNet model’s Training performance curves of Region47

Figure A.48: ResNet model’s Training performance curves of Region48
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Figure A.49: ResNet model’s Training performance curves of Region49

Figure A.50: ResNet model’s Training performance curves of Region50

Figure A.51: ResNet model’s Training performance curves of Region51
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Figure A.52: ResNet model’s Training performance curves of Regionb2

Figure A.53: ResNet model’s Training performance curves of Region53

Figure A.54: ResNet model’s Training performance curves of Region54
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Figure A.55: ResNet model’s Training performance curves of Region55
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Figure A.56: ResNet model’s Training performance curves of Region56
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