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ABSTRACT

Though electroencephalography (EEG) signals have been widely used to extract brain information 

they have a low spatial resolution and are not as capable as invasive techniques for applications 

which demand more specific information from the brain, which would highly enhance the power 

of brain machine interfaces (BMIs). Because of that, there is a great interest in enhancing EEG's 

spatial resolution using electromagnetic source imaging (ESI), which combines EEG signals and 

magnetic resonance images (MRI) to reconstruct the brain's internal current sources (CSs). To 

investigate the level of information enhancement that ESI can achieve, we proposed to investigate 

the brain activity differences in signal behavior and position during different movements from 

the same limb. To do that we applied ESI to simulated data for initial validation, reaching an 

average correlation coefficient of 0.99 and an average physical displacement of 15.0 mm comparing 

simulated and calculated signals. Then we applied ESI to EEG recordings of hand, wrist and 

elbow movements and compared the source signals to the expected neural behavior known from 

the literature. Thanks to ESI, we reconstructed more than 8000 source points from a total of 61 

electrodes enhancing the resolution from an average of 24.69 mm to 3.67 mm. Thanks to this 

enhancement we were able to analyze spatial and time-frequency information which correlated 

with the performed movements in accordance to the literature. Therefore, we showed the potential 

of ESI for applications that demand a better interpretation of brain signals in questions of control 

of different movements from a single limb.

Keywords: Electroencephalography, spatial resolution, Electromagnetic Source Imaging, 

motion control, single limb.
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1 INTRODUCTION

1.1 Motivation

In the past decade, many different techniques have provided us with better understanding of the 

brain as a whole. From sensory-motor control to feelings or even brain connectivity, we are each 

day learning more about the organ which coordinates ourselves. We have reached the point of 

brain machine interfaces (BMIs) which allow people to interact with the world in a new way or to 

regain, to a certain extent, a previously lost way of interaction (NICOLAS-ALONSO; GOMEZ- 

GIL, 2012).

One of these ways of interaction is motion. Mainly, upper limb motion. Studies on upper 

limb prosthesis are of utmost importance since their application can help the injured person to per- 

form multiple day-by-day tasks and even help them on their psychological and social reintegration 

(CORDELLA et al., 2016).

However, since the majority of studies on prosthesis rely on electromyographic signals, they 

depend highly on the quality of the nerve endings of the lost limb, making some subjects unable to 

use them correctly (CORDELLA et al., 2016).

Fortunately, and thanks to the last scientific advances we have a better understanding of how 

the brain controls our movements. Therefore, the next step would be gathering this motor control 

knowledge, apply it on a BMI and use it to control a prosthesis or orthosis. This goal is already 

being pursued by many teams through many different approaches and techniques (KAO et al., 2015; 

BLEICHNER et al., 2014; JERBI et al., 2011; LEEB et al., 2015; LOTTE et al., 2007; NAM; 

KIM, 2017; SHAKEEL et al., 2015; Udhaya Kumar; Hannah Inbarani, 2017; WODLINGER et 

al., 2015a). However, there are some obstacles to overcome. For instance, the level of information 

that can be acquired from the brain in terms of spatial resolution. The brain motor control regions 

for different parts of the same limb are very close to each other (TAYLOR, 1950; KOCAK et al., 

2009). Figure 1.1 shows the motor control and sensory regions for face, hand and other body parts. 

Therefore, a high spatial resolution is required in order to better differentiate between different 

motions from the same limb (VALYEAR; FREY, 2015; SEDOV et al., 2016; LEO et al., 2016).
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Figure 1.1: Motor and somatosensory cortices highlighting areas mostly related to face (green), hand (fin- 
gers and palm) (blue) and other regions such as forearm, elbow, shoulder, trunk, legs and so on (yellow).

Knowing this, it is understandable that Electroencephalography (EEG), one of the most 

known and used technique for sampling brain information, becomes limited. EEG can have up to 

0.05 s and 10 mm of temporal and spatial resolution respectively (NICOLAS-ALONSO; GOMEZ- 

GIL, 2012) using a 10/05 electrode placement system, with 200 electrodes. However, this only 

grants up to 16 electrodes over motor control regions of interest for upper limb control, as shown 

in Figure 1.2. Figure 1.2 also shows that for a 10/20 electrode placement system, this electrode 

distribution decreases to only 1 electrode above the upper limb control regions. Therefore, many 

EEG based BMIs can only differentiate between movements of different limbs or final postures of 

a given limb (SHAKEEL et al. , 2015; Udhaya Kumar; Hannah Inbarani, 2017; LEEB et al. , 2015; 

LOTTE et al., 2007) and grant very few dynamical information about the motion (JERBI et al., 

2011), only if it is or is not being executed.
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(a) Specific region
(b) 10/20

(c) 10/10 (d) 10/05

Figure 1.2: (a) Brain regions mostly related to movements: ventral premotor cortex (yellow); dorsal pre- 
motor cortex (blue); primary motor cortex (green); and primary somatosensory cortex (red).; (b, c and d) 
projection of EEG electrodes directly over the specified regions considering different electrode distributions 
(10/20, 10/10 and 10/05 respectively.

The best techniques to retrieve dynamical information are invasive, such as electrocorticog- 

raphy (ECoG) and local field potentials (LFPs) with around 0.05 s and 1 mm of temporal and 

spacial resolutions respectively (NICOLAS-ALONSO; GOMEZ-GIL, 2012). These techniques 

use electrodes very close to the regions of interest, and have an increase in signal to noise ratio 

given that the acquired signals did not pass through skull or scalp tissue, and have even been used 

for dynamical movement analysis (WODLINGER et al., 2015b; BUNDY et al., 2016; RANADE;
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GANGULY; CARMENA, 2009). However, they are invasive techniques none the less, requiring 

a delicate surgical procedure which might bring some inconvenience to the patient. Moreover, 

the used internal electrodes are susceptible to degradation or isolation through the body's immune 

response (GUNASEKERA et al., 2015), giving it a limited time of optimal functionality.

Fortunately, there is a technique which increases EEG's spatial resolution using MRI, hav- 

ing the same temporal resolution of an EEG and a spatial resolution comparable to the MRI 

(MICHEL et al., 2004; GRECH et al., 2008; JATOI et al., 2014). Electromagnetic source imaging 

(ESI) calculates the inner brain current sources (CSs) using EEG signals, a head model, usually 

acquired from an MRI image and a mathematical method. There is a great range of ESI meth- 

ods, which are already being applied in studies in the areas of: locating epileptic focal points 

(BRODBECK et al., 2009; VULLIEMOZ et al., 2010; CUSTO et al., 2014; COITO et al., 2016); 

connectivity analysis (HASSAN et al., 2014; COITO et al., 2016; MAHJOORY et al., 2017); and 

even BMIs (HAUFE et al., 2011; EDELMAN; BAXTER; HE, 2015; EDELMAN; BAXTER; HE, 

2016; YOSHIMURA et al., 2017).

Yet, though ESI can enhance the spatial resolution of the EEG signal it is important to in- 

vestigate to what extent we can correctly analyze phenomena from more specific and close internal 

brain regions. For example, we can find differences between hand and elbow movements, con- 

sidering that the brain regions related to them are very close (PURVES et al., 2004), as shown in 

figs. 1.1 and 1.2.

In order to differentiate between movements from the hand, wrist and elbow, it would be 

necessary to read each different sub-region from the primary motor cortex (M1) (VALYEAR; 

FREY, 2015). Each of these sub-regions are believed to be encode many different information 

from the movement (direction, velocity, etc.) (BALL et al., 1999; NAKANISHI et al., 2017), 

which, would allow for a better movement differentiation. This would require signals with a higher 

spatial resolution.

Since ESI has already been vastly used for finding focal points of epilepsies, then it might 

be able to reconstruct CSs from locations as close as the ones responsible for hand, wrist and 

elbow movement. Therefore, we hypothesize that the use of ESI might provide better localization 

of information during movements from different parts of the same limb, allowing for an a better
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differentiation between those, and even for a deep analysis of the regions and signals related to the 

movement. If such is true, then ESI might be applicable for BMI as well as other studies.

1.1.1 Basic outline

In order to prove our hypothesis we separated the whole process into two main stages: (1) Valida- 

tion, where we applied the chosen ESI method to simulated data and verified its performance; and 

(2) Application, where we applied the ESI method to a previously sampled EEG data set from 15 

subjects performing hand, wrist and elbow movements, in order to verify the reliability of informa- 

tion granted using ESI.

1.2 Objectives

1.2.1 General Objective

We intend to find a reliable increase of information using ESI on EEG to the point of verifying 

a significant and consistent difference on signals in close brain regions during three distinct limb 

movements akin to the ones already established in the literature.

1.2.2 Specific Objectives

The specific objectives are:

• To chose an applicable ESI method using simulated data;

• To validate the chosen ESI method using real data;

• To verify that the ESI calculated signals from real data are in accordance to the expected 

general brain knowledge;

• To find a good metric to locate the most relevant CSs for a specific activity;

• To analyse the signals from the relevant CSs in time and frequency domains in order to find 

significant differences between activities that correlate to literature knowledge.



6

2 BRAIN SIGNALS AND MOTOR CONTROL

In order to better understand this whole study it is necessary to first explain a few basic and specific 

details about the brain, as well as the EEG recording and application in the field of motor control 

BMIs.

2.1 Basic brain anatomy and physiology

The brain is comprised of many neurons, about IO10 only in its outer layer, which can also be dif- 

ferent among themselves. These are cells which send information to and from the brain. Since they 

can have many types, shapes and sizes they are responsible for our thoughts, feelings, sensations, 

decisions and memories.

The arrangement of these neurons, along with other brain cells, give rise to several different 

structures inside the brain with their own purposes. Because of that, there are many different ways 

to subdivide the brain. One of the most basic ones is the separation between two bigger outer/higher 

regions: the cerebrum and the cerebellum; and other inner/deeper regions such as diencephalon, 

midbrain, pons and medulla, all shown in Figure 2.1 (PURVES et al., 2004).

Figure 2.1: Basic brain regions (adapted from: Purves et al. (2004)).
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2.2 Brain motor control

For a long time, many studies have investigated how the brain controls voluntary movement, and 

while there are still many unanswered questions, we certainly have a better understanding about 

brain regions related to movement planning and control. And though many brain regions have 

some influence on movement control there are a few from the outer layer of the cerebrum which 

are most studied (MAYHEW et al., 2017): premotor cortex (PM), primary motor cortex (M1), and 

primary somatosensory cortex (S1), which are shown in Figure 2.2.

Figure 2.2: Brain regions related to motor control: PM (blue), M1 (red) and S1 (green).

Though, the brain consists not only of the superficial gray matter region (cerebrum's sur- 

face) and there are many other deeper brain regions related to the whole motor control process, 

like the basal ganglia and the cerebellum (HASLINGER et al., 2002; GERARDIN et al., 2004), 

these are still connected to the aforementioned regions within a series of closed loops. Therefore, 

the influence of these deeper regions might be determined through changes in the higher regions

(MIDDLETON; STRICK, 2000; GERARDIN et al., 2004; KATO et al., 2015).

With that knowledge, we should further understand the role of each higher brain region 

related to intentional motor control. Here on-wards we will discuss about brain activities during 

specific movement instants: movement onset, which is when the muscles start contraction; move- 

ment planning, which begins from 0.2 to 0.5 s before movement onset; and movement control and
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execution, which happens from movement onset to movement completion which will be considered 

as when the limb gets to a static position.

2.2.1 Premotor cortex

PM is usually related to movement planning, it is where the brain decides which movement should 

be done by which limb and some other dynamic information for its performance (BALL et al., 

1999; VALYEAR; FREY, 2015). It can be further divided into dorsal and ventral PM's (dPM and 

vPM), shown in Figure 2.3. Furthermore in the upper region of the dPM there is the supplemen- 

tary motor area (SMA) which is known to be highly related to planning of voluntary movements 

(TAYLOR, 1950; HASLINGER et al., 2002) and may even have sub-regions within it related to 

different movement stages (LEE; CHANG; ROH, 1999).

Figure 2.3: Left hemisphere's dPM (blue) and vPM (yellow).

2.2.2 Primary motor cortex

The M1 is the region most directly responsible for movement activation as the primary motor 

neurons descend from it. These neurons descend to the spinal cord where they send their signals to 

the lower motor neurons which are connected to the muscles (PURVES et al., 2004).

The M1 is usually divided into sub-regions related to different body parts (PURVES et al., 

2004), as represented in Figure 2.4. Though it has already been pointed out that these are not totally
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separated from each other as there are interconnections between them (SANTELLO et al., 2016; 

THOMAS et al., 2019), these regions give a good initial idea of which signals to investigate given 

that the limb and movement of interest are known.

Figure 2.4: Sections along the primary motor cortex and the somatosensory cortex highlighting the body 
regions most related to its subdivisions (adapted from: Purves et al. (2004)).

2.2.3 Primary somatosensory cortex

Sl is related to the main touch senses of the body as well as proprioception from each limb and 

joint. Like Ml, it is also divided into sub regions mostly related to a specific limb (PURVES et al., 

2004; THOMAS et al., 2019), as show in Figure 2.4.

Though this cortex is not directly related to movement, it has a great influence since it 

grants information from the externai environment, which might require the movement to be slightly 

altered in order to adapt to such information. This alteration might include a difference in direction 

or strength for example. Therefore, S1 is highly related to motion control for giving it feedback 

about the performed actions (BALL et al., 1999; VALYEAR; FREY, 2015; MAYHEW et al., 

2017). Moreover, these connections are not only related to the main motor region Ml, but also to 

the planning regions dPM and vPM (HASLINGER et al., 2002).
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2.3 Electroencephalography signals

One of the most used techniques for brain signal acquisition, EEG signals are electric signals sam- 

pled from surface electrodes placed on the scalp of a subject, as illustrated in Figure 2.5. These 

signals are generated from electrical activities inside the brain and grant valuable information from 

said activities.

Figure 2.5: EEG electrode locations according to the 10/10 system (64 electrodes).

The electrical signals acquired by the EEG are the result of various electrical fields gener-

ated by electrical dipoles inside the brain (HÀMÀLÀINEN et al., 1993). Though each neuron is 

a possible dipole, considering the size of each neuron and their dipole orientation, it is safe to say 

that the majority ofsignals sampled in the EEGoriginate from the pyramidal neurons (HÀMÀLÀI- 

NENetal., 1993;HALLEZetal., 2007), showninFigure2.6. These neurons are bigger than others 

around them, closer to the brain surface and are perpendicular to it, therefore, they are the neurons 

with the biggest influence on the signals once many other neurons generate dipoles with spread ori- 

entations that end up cancelling each other (HÀMÀLÀINEN etal., 1993; HALLEZ et al., 2007).

Once the electrical fields generated by the neuron dipoles spread to all dimensions, every 

EEG electrode will be influenced by every dipole considering their initial amplitude, direction, po- 

sition and the conductivity of the body tissue between them and the electrodes. Therefore, thesignal
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Figure 2.6: Cellular composition of the grey matter, including the pyramidal cell layer (adapted from: 
Purves et al. (2004)).

from one electrode will be strongly influenced by the brain dipoles closest to them (HÀMÀLÀI- 

NENeífl/., 1993).

2.3.1 Interpreting EEG signals related to movement

The signals that are formed in the EEG electrodes can be interpreted through visual or computa- 

tional analysis. These take into account different signal characteristics from the time and frequency 

domain, the later which is highly used in cases considering signals related to movement control.

During movement there is a high event related synchronization (ERS) in the beta frequency 

rhythm (12 to 32 Hz) and a high event related desynchronization (ERD) in the mu frequency rhythm 

(8 to 12 Hz) (NICOLAS-ALONSO; GOMEZ-GIL, 2012). These ERS and ERD are strongly related 

and can be seen as an increase and a decrease in the power values for these frequency rhythms 

respectively. Usually, mu ERD starts before the movement onset and reaches its maximum shortly 

after it, while beta ERS starts right after movement onset and reaches its maximum after movement 

execution (NICOLAS-ALONSO; GOMEZ-GIL, 2012).
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Furthermore, there can even be more information encoded in these signal characteristics. 

Boonstra et al. (2007) have evidenced that beta rhythms also change given motor learning and 

whether the movement was single or repetitive.

Yet, the original signals can grant even more information, since studies using ECoG and 

LFP show that there is even more information, such as movement trajectory, in low frequency 

rhythms such as mu and beta, and movement velocity in higher frequency rhythm, such as gamma 

(over 32 to 90 Hz) (RICKERT et al., 2005; NAKANISHI et al., 2017). However, it is very compli- 

cated to interpret higher frequency characteristics since these are very attenuated in the EEG.

2.3.2 EEG limitation

Given that EEG have an average spatial resolution of up to 10 mm on the scalp (NICOLAS- 

ALONSO; GOMEZ-GIL, 2012) using the 10/05 electrode placement system, it cannot retrieve 

enough information about more specific brain regions that are too close to each other. One of the 

reasons for this difficulty can be seen in Figure 2.7 which shows that there are only a few electrodes 

directly above the motor control areas and they can still receive much influence from other nearby 

brain regions.

Therefore, EEG BMIs are best used for classifying between different limb motions instead 

of retrieving dynamical information from a specific motion (SHAKEEL et al., 2015; Udhaya Ku- 

mar; Hannah Inbarani, 2017; LEEB et al., 2015; LOTTE et al., 2007; JERBI et al., 2011).

Fortunately, there are other techniques, such as ECoG and LFP, that can reach a higher 

spacial resolution and retrieve dynamical information. However, these require surgical procedures, 

which would cause great discomfort to the subject and are therefore used only in extreme cases such 

as when the subject already has to undergo such surgery for other medical purposes. Therefore, 

EEG is still greatly used for many studies involving the analysis of brain activity specially in cases 

of BMIs.
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(b) 10/20
(a) Specific region

(c)10/10 (d) 10/05

Figure 2.7: (a) Brain regions mostly related to movements: ventral premotor cortex (yellow); dorsal pre- 
motor cortex (blue); primary motor cortex (green); and primary somatosensory cortex (red).; (b, c and d) 
projection of EEG electrodes directly over the specified regions considering different electrode distributions 
(10/20, 10/10 and 10/05 respectively.
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3 ELECTROMAGNETIC SOURCE IMAGING

ESI consists of calculating the internal brain CSs related to each electrical field that influences the

EEG recordings (HÀMÀLÀINEN et al., 1993), using prior anatomical knowledge taken from a 

head model, the EEG signals and a mathematical method. Therefore, ESI can estimate the current 

values of tens of thousands ofCSs inside the brain (JATOI et al., 2014). This translates to a huge 

spatial resolution increase, not to mention that the CSs have both amplitude and direction, which 

grants even more information.

These calculated CSs are generated by the dipoles in the brain, previously mentioned, and 

are the sources for the EEG signals, shown in Figure 3.1. This means that it is possible to acquire 

information from more specific internal brain signals without the need for surgery.

Figure 3.1: CS distribution for a given head model with more than 8000 CSs.
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3.1 Aplications

ESI has already been applied in several studies, some of them used the CSs signals characteristics 

to investigate brain connectivity and were able to find satisfactory results (HASSAN et al., 2014; 

COITO et al., 2016; MAHJOORY et al., 2017). Many others have used ESI to find the epilepsy 

focal point (BRODBECK et al., 2009; VULLIEMOZ et al., 2010; CUSTO et al., 2014; COITO et 

al., 2016), which helps to determine with more precision what is the specific region of the brain that 

should be ablated or stimulated in order to seize the epileptic attacks without jeopardizing the rest 

of the brain functionality. These epilepsy studies also prove the veracity of ESI calculated signals 

comparing their results to other methods of finding the epileptic point, and showing their results 

are precise and in accordance to other methods.

Moreover, recently a few studies have used ESI for analyzing brain motor control. These 

were able to acquire better results for classification of movements when compared to using standard 

EEG techniques (HAUFE et al., 2011).

For instance, Edelman, Baxter e He (2016) were able to better classify between different 

wrist motions (flexion/extension and pronation/supination) when compared to a simple EEG signal 

classification. Also, Yoshimura et al. (2017) investigated single finger motion (only the index 

finger) in question of position and direction, being able to even point out specific brain regions that 

were activated during the movement and their probable influences on the motor control.

These studies give further support for investigating the capability of ESI to differentiate 

between movements from different parts of the same limb.

3.2 Main equation

In order to better understand ESI, it can be summarized in the following equation:

C = LS , (3.1)
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where C is a N x t matrix with the EEG signals, N is the number of signals, t is the number of 

samples, S is an M x t matrix with the CSs signals, M is the number of CSs, and L is the N x M 

lead field matrix which determines the influence that each CS has on each electrode.

ESI can be further divided into two main parts: the forward problem, which consists of 

determining how the CSs will influence the EEG channels through the calculation ofthe lead field 

matrix; and the inverse problem, which is the calculation of the CSs using the EEG signals and the 

knowledge acquired from the forward solution.

3.3 Forward problem

Inside the brain each CS has a dipole moment which generates an electrical field. These electrical 

fields will propagate through the whole head and reach the EEG electrodes (HÀMÀLÀINEN et 

al., 1993), therefore, we need to investigate the geometry ofthe head, the conductivity ofits tissues 

and the locations of the CSs. For this a head model is used.

There are many different methods to construct a head model, and its complexity and res- 

olution will affect the quality of the calculated CSs (FUCHS et al., 2004; HALLEZ et al., 2007; 

MICHEL et al., 2004). The three most used are: concentric spheres; boundary element method 

(BEM); and finite element method (FEM) (HALLEZ et al., 2007; JAIR MONTOYA MARTÍNEZ, 

2014).

3.3.1 Concentric spheres

The concentric sphere method is the simplest of the methods since it approximates the head to 

a spherical shape and does the same for all main structures inside it, as presented in Figure 3.2. 

Usually a concentric sphere model will have one sphere representing the brain, other for the skull 

and a last one for the scalp (FUCHS et al., 2004).

This approach considers the same conductivity for any space between two spheres, and the 

CS locations are empirically determined, usually considering an equal spacing near the surface of
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Figure 3.2: Concentric sphere model (adapted from: JAIR MONTOYA MARTÍNEZ (2014)).

the brain sphere. Therefore, although this approach is way simpler than the others it also accounts 

for greater uncertainties in the CSs’s signal reconstruction (HALLEZ et al., 2007).

3.3.2 Boundary element method

BEM grants a better head model, as shown in Figure 3.3, since it calculates the boundaries of 

the head and its structures using an MRI. That allows for the separation of other structures such 

as gray and white matter and facilitates to divide each brain region for further analysis. The tissue 

conductivity is still considered to be equal when inside the same structure, however the CS locations 

are determined according to the levei of precision from the MRI, usually considering only the 

vertices of the cerebrum surface (HALLEZ et al., 2007).

3.3.3 Finite element method

Though BEM is already a better solution for head modelling the last method, FEM, considers 

each volume element that can be extracted from the MRI (Figure 3.4) and associates a specific 

conductivity for each of those. It usually uses images with higher resolutions and therefore demands 

a way higher levei of processing (HALLEZ et al., 2007). So, FEM has the highest precision among 

these methods, however it also has the highest computational cost.
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Figure 3.3: BEM model (adapted from: JAIR MONTOYA MARTÍNEZ (2014)).

Figure 3.4: FEM model (adapted from: JAIR MONTOYA MARTÍNEZ (2014)).

3.3.4 Lead field matrix

After the head model is constructed, the lead field matrix is calculated considering the tissue con- 

ductivity, the position of the EEG electrodes, and the CSs’s position and orientation (KOHLER et 

al., 1996; JATOI etal., 2014).

There are two different approaches to the orientation of the CSs: consider a fixed orientation 

(usually orthogonal to the surface, considering the pyramidal neurons orientation); or a varying 

orientation (FUCHS et al., 2004; GRECH et al., 2008; JATOI et al., 2014; MAHJOORY et al., 

2017). If a fixed orientation is considered, then the lead field matrix will be an N x M matrix and S
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will be M x t matrix. However, if the orientation is not fixed then it changes each moment making 

L an Nx Mx 3 matrix and S an Mx tx 3 matrix. Though this last approach might increase the 

calculations it also allows for more information to be acquired from the ESI application.

3.4 Inverse problem

After determining the lead field matrix we have the values for matrices C and L and can apply an 

ESI mathematical method to calculate S (solve the inverse problem) in Equation (3.1). However, 

this problem is ill-posed, having infinite solutions (HÀMÀLÀINEN et al., 1993; JATOI et al., 

2014; MAHJOORY et al., 2017).

Therefore, there are several methods that can be applied to solve this problem. The majority 

of these methods have the same approach using a regularization function Q(S) to limit the possible 

solutions given some prior knowledge about the expected solution. This prior knowledge varies 

from method to method and can be: limiting the solution to be sparse; making the nearby CSs to 

havesimilarsignals;andmanyothers (FUCHS etal., 2004;GRECHetal., 2008; JAIR MONTOYA 

MARTÍNEZ, 2014; JATOI etal., 2014; MAHJOORY et al., 2017).

The use of this regularization function follows the equation:

S = argmin{1 ||LS-C||F + ÂH(S)},Â > 0, (3.2)S 2 F

where S is the calculated CS matrix, || • ||F denotes the Frobenius norm, Â is the regularization 

parameter, an empiric value which limits the influence of the prior knowledge to find the solution.

3.4.1 Minimal norm estimate

Minimal norm estimate (MNE) is an ESI mathematical method which provides a more sparse 

solution which is better for applications where the signals of dipoles are more likely to extend 

through an area (HÀMÀLÀINEN; ILMONIEMI, 1994; GRECH et al., 2008).
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Its solution can be simplified to the following equation:

S = L+C, (3.3)

where L+ denotes the Moore-Penrose generalized inverse. However this solution is a harmonic 

function, attaining its maximum values at the boundaries of the domain, which in this case are the 

most superficial points in the head model. Because of that it is limited in the CS signal reconstruc- 

tion and localization when compared to new techniques (JATOI etal., 2014).

3.4.2 sLORETA

Standardized low resolution brain electromagnetic tomography (sLORETA) is another ESI method 

which is widely known and used that in simulations has the lowest localization errors when com- 

pared to MNE and can even reach a zero localization error in simulations without noise with a 

single point source (PASCUAL-MARQUI, 2002; GRECH et al., 2008).

Its regularization function is as follows:

ft(5) = ||<, (3.4)

where || •||2 denotes the 2-norm function. It implies that the internal brain signals have a indepen- 

dent uniformly distributed variance across the brain (JATOI etal., 2014).

3.4.3 eLORETA

Exact low resolution brain electromagnetic tomography (eLORETA) is an ESI method which pro- 

vides exact localization with zero error in the presence of measurement and structured biological 

noise (KIMURA; OHIRA; SCHROGER, 2010).

The eLORETA method is already well applied and, though it is not the most used one, it 

grants the advantage of not overestimating superficial sources over deeper ones, as do other greatly 

used techniques such as minimum norm estimate (JATOI etal., 2014).
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For eLORETA the regularization equation is denoted by the following:

Q(S) = STWS, (3.5)

where W E R(3M) x (3M) is a symmetric weight matrix calculated from the lead field matrix (L) 

itself. Yet, Â is still empiric but tied to the noise in the EEG signal, so it can even be assumed as 

zero in simulation cases, yet for other cases Pascual-Marqui (1999) suggested a method using a 

cross-validation error.

3.5 Data analysis

3.5.1 Sources of interest

Even limiting the analysis to consider only a specific brain region, there are usually many source 

points inside these regions requiring the application ofa dimensional reduction technique.

Since itis well known that mu rhythms are highly related to movement control (NICOLAS- 

ALONSO; GOMEZ-GIL, 2012;MCFARLANDetal., 2000), manyEEG applications use principal 

component analysis (PCA) over the mu power levels to extract only the information most related 

to the highest variance in signal for this specific rhythm. Though this would be optimal for appli- 

cations in motor control analysis, since it is required to find the CSs with highest activity change, 

hence variety, PCA transforms the signal into a different spacial representation so that the resulting 

signals are no longer related to a specific source point in the brain, but rather a linear composition 

from each individual source point.

However, we can still use this knowledge for comparing the difference in total mu power 

between different time intervals. The CSs with highest change in mu power between an interval 

before motor planning (theoretically not related to brain activity) and an interval during motor 

planning (before movement onset (start)) will most likely be more relevant for motor planning. 

Likewise, the CSs with highestchange in mu power between an interval during motorplanning and 

an interval during motor execution will most likely be more relevant for motor execution.
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3.5.2 Recalculated average direction

In the case of calculating the CSs without a fixated orientation, the complexity of signal analysis 

becomes way higher, because now there are three values for each sample of each CS. We can use 

the power levels for simpler analysis (such as dimension reduction), but when it comes to time and 

frequency visual analysis it would be important not to lose this orientation information.

Fortunately, Coito et al. (2016) applied a technique named recalculated average direction 

(RAD) which consists of determining the resulting direction of each CS for a given time inter- 

val considering only the 90% strongest directions. Then each sample inside this time interval is 

recalculated as a projection over the resulting direction of each CS.
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4 METHODOLOGY

For proving our hypothesis we proposed to find the most relevant source points during different 

movement activities in the same limb applying ESI to EEG signals and then analyse the time and 

frequency changes within the signals from those sources to verify if they are in accordance to prior 

knowledge about the brain motor control.

We divided the whole process into two main stages: validation; and application. The meth- 

ods and materials needed for these processes are further explained in this chapter.

4.1 Lead field calculation

The lead field matrix changes according to the head model, the tissue conductivity, the number of 

internal source points, and the number of EEG electrodes. However, since we used a previously 

collected data set, we did not have access to MRI data from each of the subjects. Therefore, 

we turned to an MRI data set which is commonly used in ESI applications (MAHJOORY et al., 

2017), the icbm152 data set. It consists of an averaged head MRI from 152 different subjects 

(MAZZIOTTAetal., 1995; FONOV etal., 2011), allowing for general applications in cases where 

there are no available specific MRI data. Even though there might be some inaccuracies inherited 

from such approximation, this data set provides an approximation which is sufficient for more 

general application such as the one in this study.

Having determined the head model from the icbm152 data set (MAZZIOTTA et al., 1995), 

the vertices from the calculated brain surface model were considered as source points, resulting in 

8196 source points throughout the brain (with an average distance between each otherof3.67 mm), 

as illustrated in Figure 4.1. The electrode positions were considered according to the 10/10 system 

having 64 electrodes, also illustrated in Figure 4.1. Later we recalculated the lead field matrix for 

the same CSs but with a different arrangement of electrodes to fit correctly the used EEG data set.

Furthermore, the tissue conductivities were considered as 0.3300 Sm-1, 0.0042 Sm-1, and 

0.3300 Sm-1 for brain, skull and scalp respectively (WANG; REN, 2013).
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All calculations were made with the MATLAB® functions from the FieldTrip® toolbox

(OOSTENVELD et al., 2011).

4.2 Validation with simulated signals

Although eLORETA is well known, it is important to prove its validation. And since we did not 

have access to anyways for recording internal brain signals in order to have the exact values forthe 

S matrix, this validation is done using simulated signals, as itis usuallydone for many ESI methods 

(KIMURA; OHIRA; SCHROGER, 2010; GRAMFORT etal., 2013; COSTA etal., 2017).

Using a simulated data generated for matrix S, and the lead field matrix, the C matrix is 

calculated using Equation (3.1). These values are then used to calculate S using Equation (3.2). 

After that, the method is validated through the comparison between the values in matrices S and S.

We simulated CS signals in different settings, generated electrode signals in a 10/10 system 

using Equation (3.1). After that we applied eLORETA, using Â = 0, since it is a simulation, and 

compared the calculated CSs to the original ones using several different metrics.

In order to further solidify the better performance from eLORETA, we also applied other 

two methods to the simulation settings: Minimum norm estimate (MNE) (HÀMÀLÀINEN et al., 

1993; HÀMÀLÀINEN; ILMONIEMI, 1994); and standardized low resolution brain electromag- 

netic tomography (sLORETA) (PASCUAL-MARQUI, 2002).
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4.2.1 Signal generation

We generated four different simulated signals using the icbm152 head model. These simulations 

differed in number and position of activated CSs which are presented in Table 4.1 and Figure 4.2. 

Table 4.1: Number of sources and their general positions for each CS simulation.

# activated sources Positions
1 left M1
1 right M1
3 2 left M1; 1 right M1

10 5 left M1; 2 left S1; 3 left occipital cortex

(a) 1 CS (b) 3 CSs (c) 10 CSs
Figure 4.2: (a, b and c) CSs chosen for the simulations with 1, 3 and 10 main CSs respectively.

The generated signals were comprised of Morlet Wavelets with a central frequency of 12 ± 

4 Hz and a decay frequency of 0.175 ± 0.125 Hz. The signals had a duration of 1.2 s and a sampling 

frequency of 512 Hz, however the wavelets only have a duration of 0.60 s and had varying temporal 

displacements as illustrated in Figure 4.3. Since each CS has signal components to each dimension, 

we generated three different simulated signals to each activated source, also shown in Figure 4.3.

We also added a background activity by adding a white noise to all CSs (even the ones that 

were not used) with a signal to noise ratio (SNR) of 20 dB, and filtering all of them with a low-pass 

filter of 40 Hz and a high-pass filter of 1 Hz. That way, the background would have a frequency 

within the strongest brain rhythms (NICOLAS-ALONSO; GOMEZ-GIL, 2012).
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Figure 4.3: Example of simulated signals for each direction of one CS.

4.2.2 Comparison metrics

The comparison metrics that we used were chosen to better analyse not only if the signals were 

correctly reconstructed but also if the positions were correct. Keeping in mind that there could be 

a situation where the signal is correctly reconstructed but with slight position differences.

4.2.2.1 Correlation coefficient

The correlation coefficient (CC) between two sets of data represents the probability of a mathe- 

matical/statistical relationship between the two (MUKAKA, 2012), as presented in the following 

equation:

r = ^n=1(Xi- XKi- y) (4 1)
. P x - x)2)(E?=1(yf-y)2)' '

Therefore, the higher the coefficient, the stronger the relationship between the data sets. If 

the datasets are equal, then it retrieves a maximum value of1, and if they are exactly opposite then 

the value will be -1.

In the case ofCSs, it can be used in two different ways:

• In the 1 to 1 comparison (Total CC) each source from the S matrix is compared to its coun- 

terpart in the S matrix, analysing the reconstruction accuracy for each source position;
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• In the 1 to all comparison (Focal CC) only the main sources from the simulated data (S) are 

considered, and for each of them the correlation coefficients are calculated in relation to every 

CS in the calculated matrix (S), analysing if the main source signals were correctly calculated. 

This can also be applied to the main sources from the simulated data in comparison to the 

found main sources in the calculated data. Therefore there is a true Focal CC and a found

Focal CC.

4.2.2.2 Distance between main sources

Using the Total CC the found CSs with highest correlation to the original ones might be in a 

different position. It is important to calculate this distance, for it shows what is the average spread 

of signal that the method generates.

4.2.3 Further validation

Since we encountered some problems to more accurately simulate internal brain signals, we needed 

a better way to validate eLORETA.

Therefore, we used one of the real EEG data segments and considered it as a simulated 

source (S). Then we calculated the EEG signals (C) using Equation (3.1) and found S by applying 

eLORETA to it. We then compared these matrices using the same metrics applied in the previous 

simulations.

4.3 Application with real data

After validating the method, we applied it to a data set with EEG signals sampled during the perfor­

mance of different movements from the same limb, in order to analyse if the behaviour of calculated 

internal signals during these movements is in accordance to prior literature knowledge.
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4.3.1 Data set

The data set was acquired from Ofner et al. (2017). It had EEG signals from 15 different healthy 

subjects between 22 and 40 years with a mean age of 27 years. Nine subjects were female, and 

all the subjects except s1 were right-handed. These subjects performed with their right upper limb 

the following movements: hand closing and opening; wrist pronation and supination; and elbow 

flexion and extension. The EEG had 61 channels selected from the 10/05 system (with an average 

distance of 24.69 mm between each other), mostly concentrated in the central region of the brain 

as presented in Figure 4.4, and had a sampling frequency of 512 Hz. The data set also included 

electrooculogram (EOG) signals which were used to filter any artifact related to eye movement in 

the EEG signals.

Figure 4.4: EEG channels used for data collection.

Each subject had their arms supported by an exoskeleton with anti-gravity support to avoid 

muscle fatigue and had a screen in front of them which would indicate which movement to perform. 

The signals from the exoskeleton andfrom adataglove were also sampled inorderto determine the 

several movement onsets. All movements had a maximum, a rest and a minimum point, therefore, 

they were normalized so that the rest point would value 0 and the maximum and minimum would 

have values of 1 and -1 respectively.
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In total, each subject performed 10 sampling runs, where each run had 6 instances from 

each movement class, making a total of 60 movements for each class. Further explanation from the 

data set can be found in the original paper: Ofner et al. (2017).

4.3.2 EEG preprocessing

The EEG signals were filtered with low pass and high pass filters with cut-off frequencies of 1 and 

90Hz respectively, and further filtered with notch filters for 50 and 100 Hz to eliminate the power 

line interference.

The eye movement influence was minimized using Independent Component Analysis (ICA), 

having the three EOG channels as basis to find the components most related to the eye movement. 

This step was done through visual and automatic analysis, where the independent components with 

highest correlation to the EOG signals were eliminated along with other ones which were consid- 

ered as noisy in the visual analysis as exemplified in Figure 4.5.

Figure 4.5: EEG ICA decomposition and eliminated components through correlation with EOG (red) and 
visual analysis (magenta).

EEG signals were then windowed using the onsets of movement acquired from the data 

glove and exoskeleton signals. The window comprised of 1 s before the beginning of movement 

and 3 s after it, as shown in Figure 4.6.

The onsets for each movement were determined from exoskeleton and data glove channels 

which were chosen given ease of finding these sampling moments for every instance of movement. 

These were: exoskeleton ‘Elbow' channel for both elbow movements; exoskeleton ‘ProSupination'
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Figure 4.6: Example of window from EEG channel C3 and the exoskeleton elbow signal (normalized) used 
to determine the movement onset.

channel for both wrist movements; exoskeleton ‘GripPressure' channel for hand closing; and data 

glove ‘ring_near' channel for hand opening.

4.3.3 ESI calculation

After windowing the EEG signals, they were all used in ESI calculations using eLORETA to deter­

mine the CS signals for each movement occurrence separately, then we delimited region of interest 

(ROI), used a dimension reduction to minimize the number of CSs, calculated the RAD values for 

the CSs inside ofit, and finally analysed their signals.

4.3.3.1 Regularization parameter

First, we needed to determine the regularization parameter (Â). For eLORETA, this can have 

values above or equal to zero. To determine this value, we applied a genetic algorithm, which 

is an evolutionary algorithm that searches the optimal solution for a determined problem (fitness 

function) by manipulating a population of possible solutions (individuals). The individuals are 

evaluated given their results in the fitness function, then a new generation of individuals is selected 

from the previous given some manipulations such as crossing over the previous individuals and 

even mutating them (these techniques vary from application to application) and then the process
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repeats for the new generation of individuals. Finally the algorithm stops after reaching a certain 

condition such as number of generations or a threshold in the fitness function.

Since it is possible to determine the EEG signals from the CS signals using Equation (3.1), 

we used the minimum squared error between the original EEG signals and the signals calculated 

from the estimated CSs as fitness function, and our individuals were possible values for Â.

The other genetic algorithm parameters were chosen somewhat empirically and are further 

listed: uniform creation function; scattered crossover function; 0.8 crossover rate; elitism count 

of 2; a function tolerance of 10-10; 100 maximum generations; 10 maximum stall generations; 

Gaussian mutation function; population size of 50 individuals; roulette selection function; and 

value limits for the population between 25 and 10-11.

4.3.4 Region of interest

The information went from a 61 EEG channel space to a 8196 CS point space, requiring a dimen- 

sion reduction for simplifying the analysis.

We separated only the CS points within the brain areas most related to the performed move- 

ments as our ROI. These areas were selected only from the left hemisphere, since all movements 

were performed with the right-arm and are presented in Figure 4.7. They were: vPM; dPM; upper 

halffrom the M1; and upper halffrom the S1.

It is important to mention that even with the separation of this ROI, the spatial resolution 

increase is still huge: from about 8 electrodes over the ROI to 491 CSs inside it, as illustrated in 

Figure 4.8.

4.3.5 Dimension reduction

Even after separating the ROI, we had 491 CSs to work with, so we had to apply a dimensional 

reduction to limit the number of CSs we would work with.

We compared the changes in power levels in the mu rhythm for each CS and found the ones 

mostly related to movement planning and the ones mostly related to movement execution. From 

these we chose only the strongest SC from each sub-region inside our ROI (vPM, dPM, M1 and
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Figure 4.7: Brain ROIs separated for dimension reduction: vPM (yellow); dPM (blue); upper half from the 
M1 (green); and upper half from the S1 (red).

Figure 4.8: Electrodes used in the data set acquisition and CSs found right above and inside the ROI 
(respectively).

S1), however, M1 had two CSs to account for the fact that hand and elbow movements are mostly 

related to two different regions within M1.

4.3.6 ESI analysis

After determining the most relevant CSs for each movement, their RAD signals were calculated 

and analysed, along with the power levels for the motion from all limb sub-parts (hand, wrist and 

elbow), with a geographical position analysis (firstly considering all CSs in the ROI).

However, it would be better to see differences along the time, and this is more complicated 

to show in paper using the previous method. Therefore, we calculated the spectrogram from the
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RAD values of the most relevant CSs. For that we used a Hamming window of 0.25 s and a step 

of 1 sampling point (0.002 s). We are then able to analyse time-frequency changes in the signal up 

from 4 Hz, given the chosen window size.

In order to further analyse the differences between limb sub-parts, we made a separate 

single window with approximately 21.5 second which contained one movement from each limb 

sub-part. We then applied ESI to it, followed by the RAD calculation, considering the relevant 

CSs previously found. Then the time and frequency analysis were performed in the same way as 

mentioned above.
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5 RESULTS AND DISCUSSIONS

5.1 Stage 1: Validation using simulated data

We used simulated sources and calculated the EEG signals from them to investigate how well ESI 

could reconstruct the CSs. Figures 5.1 to 5.3 show the power levels of CSs for both simulated 

and calculated sources considering 1 and 10 activated sources. Giving a general evaluation ofhow 

similar ESI can reconstruct the CSs.

With Figures 5.1 to 5.3 we can estimate that there was a spread of the signal from the 

main CSs throughout the brain. Therefore, in order to analyze quantitatively the reconstruction, we 

calculated the Total CC, considering every CS, and the true and found Focal CC, considering only 

the CSs with highest significance, and the average distance between the simulated and calculated 

activated sources. Table 5.1 present these results considering the different number of activated 

sources. With these values we can determine how well the ESI can reconstruct the CSs (Total 

CC) and weather the main differences are in source location (specific point distance) or source 

waveform (Focal CC).

Table 5.1: Total CC, Focal CC, and specific point distance between simulated and calculated sources in all 
cases (1, 3 and 10 focal points) for the eLORETA method.

# activated sources Total CC Focal CC (true) Focal CC (found) Distances [mm]
1 (left) 0.1223 0.9949 0.9949 0.0000

1 (right) 0.1800 0.9718 0.9718 0.0000
3 -0.1140 0.9198 0.9768 14.7201

10 -0.1378 0.7062 0.8311 52.5590

The results in Table 5.1 prove that eLORETA provides exact localization with zero error 

when considering a point source (KIMURA; OHIRA; SCHROGER, 2010), however, this was only 

analysed in the cases with only one main CS. The cases with 3 and 10 main CSs showed a non- 

negligible localization error. However, both calculations ofFocal CC, fortrue and found main CSs, 

were higher than 0.9 even forthe case with 3 main CSs, but went down to approximately 0.7 in the
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(b) (c)

Figure 5.1: Simulation using 1 main CS. (a) power from the main CS and a cursor indicating the time 
sample for the following subfigures; (b and c) CS power in a specific time sample from the simulated and 
calculated source spaces respectively.

case with more than 10 mains CSs. However, the Total CCs, were kept around 0.1 and 0.2 for all 

simulations, inferring a bad reconstruction ofthe overall sources.
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(b) (c)

Figure 5.2: Simulation using 3 main CSs. (a) power from the main CSs and a cursor indicating the time 
sample for the following subfigures; (b and c) CS power in a specific time sample from the simulated and 
calculated source spaces respectively.

We can also compare the results regarding the othermethods (MNE and sLORETA), shown 

in Tables 5.2 and 5.3. We see that the results are very similar for Total em Focal CC, however the 

values from eLORETA are higher on average. But there is a great difference regarding the distance
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(a)

(b) (c)

Figure 5.3: Simulation using 10 main CSs. (a) power from the main CS and a cursor indicating the time 
sample for the following subfigures; (b and c) CS power in a specific time sample from the simulated and 
calculated source spaces respectively.

error, where the distances from true to found main CSs were smaller for the eLORETA results. 

Therefore, we chose to apply eLORETA for the rest of the study.

Furthermore, we decided to rerun the simulations with 10 activated sources, yet this time 

we left the source position to be random and repeated the process 100 times to avoid any biases. 

The result is presented in 5.4.
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Table 5.2: Total CC, Focal CC, and specific point distance between simulated and calculated sources in all 
cases (1, 3 and 10 focal points) for the sLORETA method.

# activated sources Total CC Focal CC (true) Focal CC (found) Distances [mm]
1 (left) 0.0819 0.9972 0.9972 0.0000

1 (right) 0.1102 0.9805 0.9916 18.6095
3 -0.1287 0.9603 0.9844 9.8241

10 -0.1119 0.7020 0.8417 85.9916

Table 5.3: Total CC, Focal CC, and specific point distance between simulated and calculated sources in all 
cases (1, 3 and 10 focal points) for the MNE method.

# activated sources Total CC Focal CC (true) Focal CC (found) Distances [mm]
1 (left) 0.0512 0.9586 0.9648 4.5560

1 (right) 0.1220 0.9526 0.9582 8.5149
3 -0.1168 0.9417 0.9565 16.9831

10 -0.0974 0.6542 0.8110 86.0341

Table 5.4: Averages of Total CC, Focal CC, and specific point distance between simulated and calculated 
sources having 10 random sources activated for the MNE, sLORETA and eLORETA methods.

Method Total CC Focal CC (true) Focal CC (found) Distances [mm]
MNE -0.0959 0.6192 0.7849 42.9935

sLORETA -0.0965 0.6698 0.8081 39.9807
eLORETA -0.0705 0.6703 0.7973 35.1194

However, there were still some inaccuracies. Though these are in accordance to Figures 5.1 

to 5.3, they might be due to a lack of biomimetism in them. For instance, a noise signal between 

1 to 40 Hz was added to serve as background brain activity, however, this noise signal was added 

with an SNR of20 dB, which might not be an accurate value. And we did not change the signals 

of surrounding CSs to be somewhat similar to the main ones as it is estimated by the eLORETA 

method itself.

Because of these results and limitations in our simulations, we applied a similar analysis 

in real EEG data. We used a calculated source signal from a real EEG data as original CS signal, 

from it we calculated the EEG signal and then recalculated the CS signals. We then compared them 

using the same measurements. The results were way better, as presented in Table 5.5and Figure 5.4 

showing a way similar reconstruction. This shows that the simulation was not optimal for proving
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the accuracy of total CS reconstruction, but rather focal CS reconstruction. However, the method 

can still be used for broader brain activation considering the results from the real EEG signals.

(a) Calculated (b) Recalculated

Figure 5.4: Source space calculation and recalculation using real EEG data. (a) shows the CSs calculated 
from a real EEG signal. (b) shows the CSs recalculated from an EEG which was calculated from (a).

Table 5.5: Total CC, Focal CC, and specific point distance between simulated and calculated sources in real 
data for the eLORETA method.

Total CC Focal CC (true) Focal CC (found) Distances [mm]
0.8144 0.9900 0.9935 15.5735

5.2 Stage 2: Application using real EEG signals

Knowing how reliable ESI's reconstruction is, we investigated if the reconstruction from real data 

grants enough information and if it corresponds to prior literature knowledge.

For that we used an EEG data set with data from 15 individuals performing different right 

arm movements and applied ESI to it.

5.2.1 Regularization parameter

We applied a genetic algorithm for finding the best value for the regularization parameter Â by 

minimizing the error between the original EEG signal and the one calculated by applying Equa-
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tion (3.1) to the calculated CSs. The results from the genetic algorithm reached a minimum error

of 3.4022 x 10-12 with Â = 1.0000 x 10-11 which was the minimal value which the genes could 

reach. Figure 5.5 shows the huge tendency for lower errors considering smaller Â values.

Figure 5.5: Convergence from the genetic algorithm for finding the best gene (Â) value by finding the 
minimal score (error) value.

Since the found value for Â was so close to zero, we also made a test with Â = 0 assuming 

that the genetic algorithm did not reach this value due to the empirical values chosen. This Â value 

reached an error of 3.0827x 10-18, which is even lower than that from the value found using the 

genetic algorithm. Hence, all ESI calculations here onward use Â = 0.

5.2.2 CS power and RAD analysis

After reconstructing the CSs, we analysed the RAD and power levels temporally by compar- 

ing the activities regarding different moments during the whole movement planning and execu- 

tion. Figures 5.6 to 5.11 show these values for the onset moment for three different occurrences 

from each movement class. However, the supplementary material contains animated Figures for 

each of these occurrences in the material present in the following database: <https://1drv.ms/u/s! 

AgVspuYPRFipjsskmJapXK2QSmxkjQ?e=vse 1xj>.

Through these images we are able to see that indeed RAD grants more information from 

the CSs in comparison to the power levels. However, we are going to focus on the power levels for

https://1drv.ms/u/s%21AgVspuYPRFipjsskmJapXK2QSmxkjQ%3Fe%3Dvse_1xj
https://1drv.ms/u/s%21AgVspuYPRFipjsskmJapXK2QSmxkjQ%3Fe%3Dvse_1xj
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(a) Power levels (b) Power levels (c) Power levels

(d) RAD values (e) RAD values (f) RAD values

Figure 5.6: CS's RAD and power levels from the onset instant for different hand opening movements for a 
single subject. (a,b,c) Power levels; (d,e,f) RAD values.

(a) Power levels (b) Power levels (c) Power levels

(d) RAD values (e) RAD values
(f) RAD values

Figure 5.7: CS's RAD and power levels from the onset instant for different hand closing movements for a 
single subject. (a,b,c) Power levels; (d,e,f) RAD values.
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(a) Power levels (b) Power levels

(d) RAD values (e) RAD values

Figure 5.8: CS's RAD and power levels from the onset instant for different wrist supination movements for 
a single subject. (a,b,c) Power levels; (d,e,f) RAD values.

(a) Power levels (b) Power levels (c) Power levels

(d) RAD values (e) RAD values (f) RAD values

Figure 5.9: CS's RAD and power levels from the onset instant for different wrist pronation movements for 
a single subject. (a,b,c) Power levels; (d,e,f) RAD values.
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(a) Power levels (b) Power levels

(d) RAD values (e) RAD values (f) RAD values

Figure 5.10: CS's RAD and power levels from the onset instant for different elbow extension movements 
for a single subject. (a,b,c) Power levels; (d,e,f) RAD values.

(a) Power levels (b) Power levels (c) Power levels

(d) RAD values (e) RAD values (f) RAD values

Figure 5.11: CS's RAD and power levels from the onset instant for different elbow flexion movements for 
a single subject. (a,b,c) Power levels; (d,e,f) RAD values.
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this initial analysis, since we are interested in noticing the power fluctuation probably related to mu 

and beta frequency rhythms.

Although looking only at the onset moment for every movement class is not enough for 

in-depth analysis, we can already notice the higher activation in the pre-central and post-central 

cortices in the majority of cases. This might be due to some variation during the movement perfor­

mances, but most probably the onset instant is not comparable between movements because ofthe 

metric used to find them, or even the signals used for such.

Nonetheless, all of these presented brain signals can be interpreted in accordance to ex- 

pected behaviour given prior literature knowledge. These signal changes are due to the dynamic 

between the mu and beta brain frequency rhythms. These changes can be more easily noticed 

in the supplementary material, where it is possible to notice a decrease in power levels during 

movement execution when compared to resting state and position maintenance, according to the 

knowledge that during movement execution there is a high ERD in the mu frequency rhythm (8 to 

12 Hz), which usually starts before the movement onset and reaches its maximum shortly after it 

(NICOLAS-ALONSO; GOMEZ-GIL, 2012). This seems to be the case forthe low power levels in 

Figures 5.6c, 5.7a, 5.7c, 5.8a, 5.8c, 5.9a, 5.10a and 5.11c.

Moreover, it is possible to see high power levels right after movement execution, be it during 

maintenance or rest state. This is in accordance to the ERS in the beta frequency rhythm (12 to 

32 Hz), which usually starts right after movement onset and reaches its maximum after movement 

execution (NICOLAS-ALONSO; GOMEZ-GIL, 2012). This also explains why in some cases there 

is still some relevant power levels during movement execution, shown in Figures 5.6a, 5.7b, 5.8b, 

5.9b, 5.9c, 5.10b, 5.11a and 5.11b.

We can also see the remnant PM activation in Figures 5.6a, 5.6b, 5.7b, 5.8b, 5.9b, 5.9c, 

5.10b, 5.11a and 5.11b, which is expected, since this is the brain region related to movement plan- 

ning and can still be in activation during movement execution (TAYLOR, 1950; HASLINGER et 

al., 2002).

It is important to highlight that, though EEG has part of all this information, it is not easy 

see this dynamical signal changes considering a specific activity. Which is understandable, since 

the considered ROI in this study is directly under only about 8 electrodes (Figure 4.8).
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We made an additional visual analysis to reinforce these previous interpretations, taking 

advantage that there was a section of movements from subject 1 which included all three limb areas 

(hand, wrist and elbow) one after the other. We calculated the CSs for this whole data segment 

in order to find differences between the power of each CS during these different movements. Fig­

ure 5.12 presents the EEG signals and power levels from CSs inside the ROI for this specific data 

segment. The signal dynamics over the time grant an easier analysis into the differences between 

the sub-regions used for controlling each limb area, these are also shown in the supplementary ma­

terial. However, although different limb areas were activated for each movement, the activated brain 

sub-regions were very similar, requiring a better analysis approach than simply looking through the 

power levels.

5.2.3 Main related CSs

In order to further investigate the amount of information granted from ESI it would be optimal to 

investigate each CS, but analysing 491 CSs and interpreting them without the aid of any computa- 

tional intelligence would be tiresome and time consuming. Therefore, we investigated which were 

the CSs most relevant during each movement.

We analysed the changes in power over the mu rhythm, and found the CSs consistently 

considered as relevant among the movements from the same limb region (hand, wrist and elbow). 

Figure 5.13 shows the CSs, from the ROI presented in fig. 4.7, which were considered as relevant 

in each movement considering movement planning and execution.

Though the main CSs were different for planning and execution, the strongest ones kept 

the same in both stages. Therefore, we chose five CSs, as shown in fig. 5.14, for further specific 

analysis, these were the sources with highest difference for each subregion of our ROI. Therefore, 

we chose one CS from the S1, one from the upper M1 region (mostly related to wrist and elbow 

movement), one from the lower M1 region (mostly related to hand movement), one from the dorsal 

premotor cortex (dPM) and one from the ventral premotor cortex (vPM).

After choosing the most relevant CSs, we can analyse the RAD spectrogram from these to 

further investigate any expected correlation with the movement itself. We chose to only focus in the
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(e) CS wrist (f) CS hand (g) CS elbow

Figure 5.12: CS power levels and EEG topographic analysis during different movements for a single subject 
in a continuous segment. (a) Limb positions from data glove and exoskeleton for wrist (blue), hand (red) 
and elbow (yellow) movement and a cursor (green) indicating the time sample for each of the following 
sub-figures respectively; (b, c and d) EEG topographic analysis during wrist, hand and elbow movements 
respectively; (e, f and g) CS power levels during wrist hand and elbow movements respectively.
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Figure 5.13: CSs from the ROI considered as most relevant for hand movement (between before and during 
motor planning: a; and between motor planning and execution: b). Point colors indicate the levei of mu 
power difference for each CS.

■ 800

600

400 =

200

0

Figure 5.14: CSs considered for time and frequency analysis in magenta. Surface colors indicate brain 
sub-regions: vPM (yellow); dPM (blue); Ml (green); and SI (red).

CS3

frequency range between 4 and 36 Hz since these are most prominent in EEG signals. Figures 5.15 

to 5.17 show some behavioural difference among brain regions regarding a frequency analysis 

in the CSs considered as mainly related to the movement executions. In them we can see a high 

similarity between the signals, which is understandable given their location and possible connection 

(HÀMÀLÀINEN et al., 1993).

Nonetheless, there are distinctive differences among them. For instance, there is a slight 

delay between activation from PM CSs to Ml CSs and from Ml CSs to SI CSs. Moreover, it is
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Figure 5.15: Limb positions during hand movement from subject 1 presented along with the spectrogram of 
the five specific CSs considered as relevant. Color values are from dark blue (lowest) to dark red (highest).

Figure 5.16: Limb positions during wrist movement from subject 1 presented along with the spectrogram 
of the five specific CSs considered as relevant. Color values are from dark blue (lowest) to dark red (highest).

also easy to see the ERS in the mu rhythm during movement execution for the three movement 

regions (hand, writs and elbow).

Yet, the most relevant analysis that we can make is comparing the two CSs from the M1. 

For the hand movement (fig. 5.15), we notice overall higher activation levels in the CS closer
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Figure 5.17: Limb positions during elbow movement from subject 1 presented along with the spectrogram 
of the five specific CSs considered as relevant. Color values are from dark blue (lowest) to dark red (highest).

to the hand-related region, while for elbow movement (fig. 5.17), we notice these overall higher 

activation levels in the CS closer to elbow the elbow-related region (PURVES et al., 2004). For the 

wrist movement (fig. 5.16), we did not notice much visual difference between the two.

We can also investigate differences considering the same movement as seen in Figures 5.18 

to 5.20, which show the RAD spectrogram from the chosen CSs (fig. 5.14) during hand, wrist 

and elbow movements from subject 1 respectively. While these differences might carry relevant 

dynamical information regarding speed, position or acceleration, these assumptions would require 

a data set which can more reliably analyse such differences. Yet the consistency maintains in that 

the previous analysis derived from figs. 5.15 to 5.17 are still present in all these other spectrograms.

These specific CS analyses are further proof that the information from ESI is in accordance 

to the signal dynamic (mainly considering mu and beta rhythms) so far presented in the literature. 

We mainly considered visual differences, but if used along with robust classifiers, maybe even 

more information can be extracted from ESI, like direction and speed (RICKERT et al., 2005; 

NAKANISHI et al., 2017). However, the used data set is not optimal for these analyses. Rather, 

we were able to easily see differences between the limb areas which were activated, showing the 

applicability of ESI for classifying between these, and even differentiating the movements given
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-0.5 0 0.5 1 1.5 2 2.5

(a) Hand opening (b) Hand closing

(c) Hand opening

(e) Hand opening

(d) Hand closing

Figure 5.18: Limb positions during hand opening and closing movements from subject 1 presented along 
with the spectrogram of the five specific CSs considered as relevant presented from top to bottom (CS1 to 
CS5). Color values are from dark blue (lowest) to dark red (highest).

V

the dynamical differences which can be easily seen considering the same movement (figs. 5.18 

to 5.20).

It is noteworthy that there is a great variation between signals even from the same movement 

type. These variations should be because of other brain activities happening at the same time 

as the movement execution or even changes in the details of said execution. Again, this gives 

margin to speculate that there is more retrievable information from the brain when reading the EEG
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Figure 5.19: Limb positions during wrist supination and pronation movements from subject 1 presented 
along with the spectrogram of the five specific CSs considered as relevant presented from top to bottom 
(CS1 to CS5). Color values are from dark blue (lowest) to dark red (highest).

signals with added spatial information through ESI. Therefore, the spacial information addition is 

noteworthy and can be highly reliable for applications which include brain signal interpretation 

such as brain machine interfaces.
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Figure 5.20: Limb positions during elbow extension and flexion movements from subject 1 presented along 
with the spectrogram of the five specific CSs considered as relevant presented from top to bottom (CS1 to 
CS5). Color values are from dark blue (lowest) to dark red (highest).
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6 CONCLUSION

We proposed to prove with this study that the use of ESI might provide more specific informa- 

tion during movements from different parts of the same limb, allowing for a better differentiation 

between those, even allowing for a deep analysis of the regions and signals related to these move- 

ments.

The main goal was to verify a significant and consistent difference on signals from hand, 

wrist and elbow movements by applying ESI to an EEG data set. If these differences were in 

accordance to prior literature knowledge, then our hypothesis is assured.

We separated the whole process into two main stages: Validation and Application. In the 

validation stage we verified the performance and reliability of the chosen ESI method using simu- 

lated data in different settings and even real data.

In the application stage we applied the previously validated ESI method to a sampled EEG 

data set on which the subjects performed hand, wrist and elbow movements. We then analysed the 

internal current source (CS) signals to find an expected behavior when compared to the literature. 

We also applied a dimension reduction technique based on the expected signal behavior to find the 

most relevant CSs inside the brain region mostly related to these movements. With these specific 

CSs we were able to analyze their time-frequency behavior using spectrograms.

The chosen ESI method (eLORETA) was correctly validated and granted a considerable 

spatial resolution increase in the application stage: from 61 electrodes (approximately 24.69 mm 

apart) to 8196 CSs (approximately 3.67 mm apart). The time-frequency behavior of the CSs in 

general and in specific is in accordance to the literature when considering the power fluctuations in 

mu and beta rhythms during movement planning and execution. The results also showed differences 

between the movements in regards to signal behavior, but mostly difference between single CS 

behavior as expected, since there are brain regions more specifically related to each of the limb 

regions of these movements.

The results show the applicability of eLORETA for analysing movement related brain sig- 

nals, once it grants a spatial resolution increase which is reliable and coherent with the literature. 

This opens ground for enhancing further studies, for example, using eLORETA for enhancing the
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quality of brain machine interfaces. However, it also opens for the study of applying other ESI 

models and enhance this application in other aspects such as computational effort as well as more 

signal precision.

There are many improvements to be done in the field, but we prove in this study that there 

is substantial reason to apply ESI on brain studies when possible, given its increase in information.

6.1 Future works

There are more investigations to be made regarding the application of ESI in motor control of a 

single limb. Therefore, we propose these future works:

• Implement different ESI mathematical methods, and generate a more advanced simulation 

protocol for validation.

• Use a computational classifier for objectively differentiating between the studied movements 

in this study and compare its performance using standard EEG features in comparison to 

using ESI features for the classification;

• Apply a similar study in order to differentiate between movements from even closer brain 

regions such as different finger motion from the same hand;

• Develop a more specific protocol for data acquisition which can be further used for investi- 

gation of dynamical movement information such as changes in position, velocity and accel- 

eration.
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