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Abstract

Noninvasive neuroimaging techniques like functional MetgmResonance Imaging (fMRI)
and/or Electroencephalography (EEG) allow researchemvestigate and analyze brain
activities during visual processing. EEG offers a high terap resolution at a level of
submilliseconds which can be combined favorably with fMRiieh has a good spatial
resolution on small spatial scales in the millimeter rangleese neuroimaging techniques
were, and still are instrumental in the diagnoses and trestisrof neurological disorders in
the clinical applications. In this PhD thesis we concerti@t electrophysiological signa-
tures within EEG recordings of a combined EEG-fMRI data skictv where taken while
performing a contour integration task. The estimation @atmn and distribution of the
electrical sources in the brain from surface recordingstviare responsible for interesting
EEG waves has drawn the attention of many EEG/MEG researcHexvever, this process
which is calledbrain source localizations still one of the major problems in EEG. It con-
sists of solving two modeling problems: forward and invetsghe forward problem, one is
interested in predicting the expected potential distrdsubn the scalp from given electrical
sources that represent active neurons in the head. Thes@twas are necessary to solve
the inverse problem which can be de ned as the problem ofneging the brain sources that
generated the measured electrical potentials. This tpessents a data-driven analysis of
EEG data recorded during a combined EEG/fMRI study of vipuatessing during a con-
tour integration task. The analysis is based on an ensemip&ieal mode decomposition
(EEMD) and discusses characteristic features of eventklaodes (ERMs) resulting from
the decomposition. We identify clear differences in certBRMs in response to contour vs
non-contour Gabor stimuli mainly for response amplitudesiqing around 10{img (called
P100) and 20Qgm{ (calledN200) after stimulus onset, respectively. We observe ér30
andN200 responses at electrodes located in the occipital aréree dfrain, while latd®100
andN200 responses appear at electrodes located in frontaldme@s. Signals at electrodes
in central brain areas show bimodal early/late responsesiges in certain ERMs. Head
topographies clearly localize statistically signi camsponse differences to both stimulus
conditions. Our ndings provide an independent proof ofeneicmodels which suggest that
contour integration depends on distributed network agtiwithin the brain.

Next and based on the previous analysis, a new approachuareslocalization of EEG data
based on combining ERMs, extracted with EEMD, with inverseleis has been presented.
As the rst step, 64 channel EEG recordings are pooled adegrtb six brain areas and
decomposed, by applying an EEMD, into their underlying ERM&en, based upon the
problem at hand, the most closely related ERM, in terms afjuemcy and amplitude, is
combined with inverse modeling techniques for source leaabn. More speci cally, the



standardized low resolution brain electromagnetic toraplyy (SLORETA) procedure is
employed in this work. Accuracy and robustness of the resatticate that this approach
deems highly promising in source localization technique$EEG data.

Given the results of analyses above, it can be said that EMiblis to extract intrinsic
signal modes, ERMs, which contain decisive informationwabvesponses to contour and
non-contour stimuli. Hence, we introduce a new toolboxlecekEMDLAB, which serves
the growing interest of the signal processing communitypplgng EMD as a decomposi-
tion technique. EMDLAB can be used to perform, easily anéatively, four common types
of EMD: plain EMD, ensemble EMD (EEMD), weighted sliding EMI@SEMD) and mul-
tivariate EMD (MEMD) on the EEG data. The main goal of EMDLAd@tbox is to extract
characteristics of either the EEG signal by intrinsic magtections (IMFs) or ERMs. Since
IMFs re ect characteristics of the original EEG signal, ERk ect characteristics of ERPs
of the original signal. The new toolbox is provided as a piugp the well-known EEGLAB
which enables it to exploit the advantageous visualizatapabilities of EEGLAB as well
as statistical data analysis techniques provided therexXimacted IMFs and ERMs of the
signal.






Abstrakt

Nichtinvasive bildgebende Verfahren der Hirnforschung atwa funktionelle Magnetresonanz-
Tomographie (fMRT) oder Elektroenzephalographie (EE@)aglichen Forschern die Unter-
suchung und Analyse von Gehirnaktivitdten wahrend derigeraung visueller Information.
EEG bietet eine hohe zeitliche Au 6sung im sub-MillisekwmdBereich und kann vorteil-
haft mit der Funktionellen MRT kombiniert werden, die eingggraumliche Au 6sung im
Millimeterbereich bietet. Diese bildgebenden Verfahrearem und sind noch wesentlich
fur die Diagnose und Therapie neurologischer Erkrankungédinischen Behandlungen.
In dieser Dissertation liegt das Augenmerk auf elektropilggischen Signaturen in EEG
Aufzeichnungen eines fMRT-EEG Datensatzes wahrend einatddrintegrationsaufgabe.
Die Schatzung der raumlichen Verteilung elektrischer Siguellen im Gehirn hat seit
langem das Interesse vieler EEG/MEG — Forscher geweckttzdem ist diese Quellen-
lokalisation ein weitgehend ungeltdstes Problem der EEGrsdRoing. Es umfasst die L6-
sung zweier Teilprobleme: Der Schatzung der Verteilungtakeher Aktivitatsherde auf
der Schéadelober &che (Forward problem) und die Lokal@atier ihnen zugrunde liegen-
den Signalquellen (inverse problem). Im Vorwartsproblemt\&lso aus einer angenomme-
nen raumlichen Verteilung von elektrischen Signalque{l@ipolquellen) die &chenhafte
Verteilung der zugehdrigen elektrischen Potentiale auSdbadelober che geschatzt. Das
inverse Problem versucht dagegen aus beobachteten Rbterigilungen die raumliche
Verteilung der zugehdrigen Signalquellen zu schatzen. M&sertation prasentiert eine
Daten-getriebene Analyse von EEG Signalen, die wahrerat &ontour — Integrationsauf-
gabe aufgezeichnet wurden. Die Analyse basiert auf ein@irsmthen Modenzerlegung
und diskutiert charakteristische Merkmale Ereignis-lger®r Moden (ERMs), aus denen
sich die Signale zusammensetzen. Die Analyse kann, behldgr beiden Stimulus Paradig-
men (Kontour — nicht-Kontour), deutliche Unterschiede @sttmmten ERMs nachweisen.
Dies gilt insbesondere fur ERMs mit positiven Maxima (P168ya 100 ms nach Stimu-
lus Prasentation bzw. negativen Extrema (N200) ca. 200 rols wigueller Stimulation.
Die Reizantworten P100 und N200 erscheinen in den front@kmirnregionen ca. 70 ms
verzogert gegeniber den entsprechenden Reizantworéeem disuellen Kortex beobacht-
bar sind. Reizantworten, die an Elektroden in zentraleni@edgionen aufgenommen wur-
den, zeigen ein bi-modales Verhalten mit einer Signalalfgpg in eine frihe und eine
spate Reizantwort. Die Ergebnisse von Hypothesentests tegstatistischen Signi kanz
der Reizantworten kénnen als topographische Karten v&edlwerden. Sie zeigen klar
eingegrenzte Gebiete erhdhter neuronaler Aktivitat imigtaen bzw. frontalen Kortex
mit klaren Unterschieden bzgl der Starke der Reizantwories® Befunde liefern einen
unabhangigen Beweis fur die These, dass an der Kontouratiey neuronale Netzwerke



Vil

beteiligt sind, die GUber Gebiete im visuellen und frontal@mtex umfassen. Mit Hilfe der
empirischen Modenzerlegung konnte auch eine neue Methedmwkersen Modellierung
entwickelt werden, die eine Lokalisation der den beobdeht®otentialverteilungen zu-
grunde liegenden Signalquellen mit grof3er Prazision elictitg Fir die inverse Model-
lierung wurde eine als SLORETA bekannte und bewahrte Methigal Quellenlokalisation
eingesetzt. Schlieslich wurde noch eine neue Toolbox, EMBgenannt, entwickelt, die
dem wachsenden Interesse der EEG Forscher an der empiristigenzerlegung Rech-
nung tragt und geeignete Werkzeuge zur EEG Analyse zur §enfij stellt. EMDLAB
umfasst viele wichtige EMD Dialekte wie etwa ensemble EMBighted sliding EMD und
multi-variate EMD. Mit Hilfe der Toolbox kénnen auch wiché Charakteristika Ereignis-
bezogener Potentiale oder Ereignis-bezogener intriasikfoden gewonnen werden. Die
Toolbox ist in Verbindung mit der weit verbreiteten ToolbBEGLAB verwendbar und
verwendet deren ausgezeichnete Visualisierungsmogiitgrkund statistischen Analysew-
erkzeuge.
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Chapter 1

Introduction

The mammalian visual system is able to recognize a multitfdebjects within a visual
scene. Object recognition presupposes the ability foraarntegration and gure-ground
separation. Visual integration is de ned as the processomhlmning the output of neu-
rons, which carry small attributes of a scene, into a comptexcture more suitable for
the guidance of behavior. Contour integration is one of tlstnelementary tasks during
visual feature integration. Still it is debated whethertoam integration is con ned to the
visual cortex or whether higher brain areas are involved @lt Whe traditional theory of
visual processing suggests a hierarchy of serial proagsséps through a bottom-up cas-
cade of discrete visual areasl]. But this strict bottom - up processing is challenged by
more recent theories proposing a parallel bottom-up andltom information ow [111].
The ability to integrate oriented contrast edges (Gabanetds) into a contour depends on
the spacing and orientation of the Gabor elements relatitied path orientatiorbg][ 119.
Similar principles apply in the multi-stable organizatiohregular arrays of elements in
rows and columns34][ 35]. Other, more general, stimulus properties also seem taance
the binding of contour elements: Closed contours are ma#yadetected than open ones
[109[165. Likewise, symmetric contours are also easier to detesnt fisymmetric ones
[128. Indeed, contour integration improves when Gabor elemard oriented perpendicu-
lar to the contour within a closed area, and deteriorategyvthese elements are oriented
parallel to the contour3g].

Event - related potentials and contour integration

Analyzing brain activities during visual processing isgkelly based on non-invasive tech-
niques like functional Magnetic Resonance Imaging (fMRij/@r Electroencephalography
(EEG). The former offers good spatial resolutid®@|, while the latter excels in temporal
resolution hence nds applications also in brain - computéerfacing 30[212. Tradi-
tionally, EEGs are studied at the level of event related mats (ERPS) which represent
averages over a suf ciently large number of single trialomelings. Characteristic ERP
components and their related latencies are then compareliffierent stimulus conditions.
Several studies investigate differences between contmlnan-contour stimulus conditions
for various components of event related potentials (ERE&)127)[216[141]. Such differ-



ences arise mostly for mean peak amplitudes of the ERP coenpgfPil andN1 denoting
the rst positive and rst negative components appearingastimulus onset, respectively.
Early studies already demonstrated that modulations dwamtour integration do not only
vary with context but also with task demar2b]. This study already shows that contour
integration involves a neural network including anteriad g@osterior brain areas in addi-
tion to the visual cortex. Recently, electrophysiologstaildies 127] provided further clear
evidence that context modulates the electrophysiologigalature of contour integration at
early stages of visual processing. Modulating effects wieaienly seen for the ERP compo-
nentsN1 andP2, corresponding to the rst negative and the second p@sERP compo-
nents appearing after stimulus onset. However, no effestsgan for the rst positive ERP
componenPl. In summary, context primarily exerts a modulatory effacttheN1 compo-
nent. These studies thus highlight the dynamic interplawéen perceptual grouping and
the contextin which it operates. A more recent contour iratgn study using EEG analysis
[216 advocated the hypothesis that perceptual grouping ieglop-down selection rather
than a mere pooling of afferent information streams enapthoal elements in the visual
eld. Differential brain activity, i. e. statistically sigj cant differences in stimulus response
amplitudes for the ERP componeéXi, occurring roughly at a latency of 170180 [md,
could be detected only during a contour integration taskiwiparietal, lateral occipital and
primary visual areas. If the contour stimuli were presemigl a concurrent task (i.e., if the
contours were not the detection target), then no differemcérain activity were found be-
tween contour and non-contour stimuli. The study conclalkascontour integration seems
to be based on selecting information from primary visuahayend appears to be controlled
by the lateral occipital cortex. This conclusion corroltesaresults of another recent EEG
study on contour integratior2]7]. A contour and a non-contour stimulus were presented
within the same trial in fast succession, with the task tadat whether the contour was
shown within the rst or within the second presentation mtd. As a result, differences in
brain activity between contour and non-contour stimulivoed for stimuli shown in the
rst interval, but were completely absent for stimuli shourthe second interval. Thus, top-
down information obtained from the serial presentatiorpsglahe brain activity in response
to contour stimuli.

The above mentioned debate about competing theories ¢gongehe mechanisms of con-
tour integration has been the focus of yet another elecysiplogical study. Tackling the
question whether serial facilitative interactions betweellinear cells in the primary visual
cortex (V1) or pooling of inputs in higher-order visual asedetermine contour integra-
tion, the authors applied high-density electrophysiatagrecordings to assess the spatio-
temporal dynamics of brain activity in response to Gabort@anstimuli embedded in Ga-
bor noise versus control stimuli. The study concluded thatearliest effects could be
observed in the ERP componéyi rather than in the compone@i of the visual evoked
potential. Inverse modeling identi ed sources in the laterccipital complex (LOC) within
the ventral visual stream as the generatofd bimodi cations. Also modulatory contextual
effects appeared only at this later processing period. Tieoas claim that these results
are consistent with a pooling of information from primargwal areas in higher cortical
areas only at a latency characteristic for the occurrendbedN1 stimulus response com-



ponent L9§. Concurrent to traditional ERP research, there is alscessing interest in
oscillatory brain responses during contour integratiosciltatory brain activity is thought
to re ect rhythmic changes between relatively high andtreddy low excitability within a
neural population. By synchronizing neural activity, gpswf neurons can be transiently
linked into neural assemblies to jointly process a givek {&4]. With respect to contour
integration, several studies revealed local power ine®as beta frequencies (1530H2)
during contour compared to non-contour processing. Tha peter difference occurred
relatively early (< 160mg and mostly at parietal and occipital electrodes acrossiesu
[217][20€. Furthermore, increased neural long-range synchraoizdtas been observed
during contour compared to non-contour processing withatet (4-7 Hz) 73], alpha (8-12
Hz) [217] and beta frequencie2]16. Differences in high-frequency (gamma) oscillations,
sometimes assumed to be a correlate of conscious visuapiena P7], have not yet been
found during contour integration. The results togethemsti@t brain activity differences
during contour and non-contour processing are not onlyatee in the ERP amplitude, but
also in neural oscillations within low-to-mid frequencies

Technically, EEG and fMRI data sets can be recorded in sepseasions or simultaneously.
Integration of both, EEG and fMRI, recordings into one datdésr combined data analysis
can be performed either in a symmetrical or an asymmetriegl Whe latter methods in-
clude fMRI - directed EEG analysis and EEG-directed fMRIIgsia [151]. Symmetrical
data fusion methods mainly resort to different variantioielpendent Component Analysis
(ICA). Simultaneously recording EEG and fMRI signals is axd@ading technique in terms
of data recording and signal processing. However, theirlgoation can reveal both the
location of active brain areas and the temporal order of tigivation. A very recent exam-
ple is provided by a study of the dynamics of contour intagrein the human brain, where
EEG and fMRI data were acquired simultaneously during palsviewing Gabor stimuli
under contour and non-contour conditions. By applying th)GiA to the EEG and fMRI
responses of the subjects, the authors gained temporallggtially highly resolved brain
responses during contour integration which could not beveléifrom unimodal recordings.
Within EEG recordings, they found differences for stimuiiiwand without contours around
240[mq after stimulus onset, in early visual (V1/V2) as well lateyecipital areas. Further-
more, they found an additional later activity, occurringigbly at a delay of 30Qmg, in
early visual areas for less salient contours, possiblyatng re-entrant processing of such
stimuli. Another combined EEG and fMRI study revealed thattour detection depends
on the information transfer between lateral occipital andgial brain areas/B], where a
good detection performance required a high functional eotivity between these sites. To-
gether these studies indicate that contour detection magltshed within cortical networks,
involving feedback loops between higher and lower visuatpssing areas.

Signal decomposition techniques

Several signal decomposition techniques are available forore detailed data analysis.
Especially artifact removal, i. e. the extraction of sigoanponents unrelated to cognitive
brain activities, using blind signal separation techngjilee principal and independent com-



ponent analysis (PCA, ICA) are standard techniques availaltoolboxes like EEGLAB
[40]. Such exploratory data analysis is hampered by the int@fg non-stationary nature,
and the non-linear couplings involved in signal generatida help alleviate such issues,
recently, an empirical nonlinear analysis tool for complean-stationary temporal signal
variations has been pioneered by N. E. Huang et&]. [Such technique is commonly re-
ferred to as Empirical Mode Decomposition (EMD), and, if daned with Hilbert spectral
analysis, it is calledHilbert - Huang Transfornr{HHT). EMD utilizes empirical knowledge
of oscillations intrinsic to a time series in order to re@mresthem as a superposition of com-
ponents with well de ned instantaneous frequencies. Tragptvely and locally decom-
pose any non-stationary signal in a sunrdfinsic Mode FunctiongIMF) which represent
zero-mean, amplitude- and (spatial-) frequency-moddlatemponents. EMD represents
a fully data-driven, unsupervised signal decompositionctvliloes not need arg priori
de ned basis system. EMD also satis es the perfect recoiesitvn property, i.e. superim-
posing all extracted IMFs together with the residual slowdyying trend reconstructs the
original signal without information loss or distortion. T EMD lacks the scaling and per-
mutation indeterminacy familiar from blind source separa(BSS) techniques. Because
EMD operates on sequences of local extremes, and the dest@iopas carried out by
direct extraction of the local energy associated with therisic time scales of the signal
itself, the method is thus similar to traditional FourieMgavelet decompositions. It differs
from the wavelet-based multi-scale analysis, howeverckvbharacterizes the scale of a sig-
nal event using pre-speci ed basis functions. Owing to testure, EMD, and even more
S0 its noise-assisted variant calledsemble Empirical Mode DecompositiBBEMD), is

a highly promising signal processing technique in dealinily wroblems of a multi-scale
nature. Note that with EMD a data representation as an eigairgo intrinsic modes is
generated from the signal itself and no prede ned basissysas for example in Wavelet
decompositions, is used for the signal representations 8hhEMD decomposition re ects
in a natural way the characteristics of non-stationary agym either time or spatial do-
mains. Note further that Fourier transforms have constagjuiencies and weights, while
Hilbert transforms allow the frequency as well as the amghs to vary over time.

Given the background discussed above, we suppose that EEMlée to extract intrinsic
signal modes, so-called event related modes (ERMs), whoaktat decisive information
about responses to contour and non-contour stimuli. Sudd€Eshould appear at various
electrode locations indicating the presence of extendedonal networks which process
such stimuli. We further hypothesize that such responsesiges are better visible, with a
high statistical signi cance, in these modes rather thatineoriginal recordings. Also any
latencies related to such signal components could be gedmtiore precisely.

Signal processing toolboxes

Brain states analysis using non-invasive monitoring tegples such as electroencephalo-
gram (EEG) have been receiving much attention because asing interest and popu-
larity of research related to brain computer/machine fateng (BCI/BMI) methods, due
to the very interesting possibility of computer-aided coamication with the outside world



[183. Therefore, this technology is expected to be at the coritofe intelligent com-
puting. Recently, several new signal processing methods baen used in EEG signal
processing129. Most of these new methods need new tools to adapt routineEG data
processing. Additionally, this sort of interactive toolskes the possibility of analysing
the multimodal EEG data collected using more complex erpenial designs much easier,
for example a Neuroelectromagnetic Forward Head ModelowBox(NFT) [1], a Source
Information Flow Toolbox(SIFT)146[41], Measure Projection Toolbox (MPT197] and
Brain-Computer Interface LAP toolbox (BCILABYDPSH[104. These toolboxes are inte-
grated with the well-established EEGLAB software enviremin40], an interactive menu-
based and scripting software for processing electroplogical (EEG) data under the MAT-
LAB interpreted programming script environment.

In this thesis, a new toolbox called EMDLAB which is an opefiware environment for
electrophysiological data analysis is introduced. EMDLA& be used to perform, eas-
ily and effectively, four common types of EMD: plain EMD, &mble EMD (EEMD),
weighted sliding EMD (WSEMD) and multivariate EMD (MEMD) &EG data. The main
purpose of EMDLAB toolbox is to extract characteristics wher the EEG signal by IMFs
or ERMs. In EMDLAB, data structure and visualization of theracted modes is adopted
from the EEGLAB MATLAB toolbox §0], therefore it is proposed to use EMDLAB as
a plug-in for EEGLAB. Similarly, the toolbox is mainly desigd for EEG data, although
both EEGLAB and EMDLAB can process MEG data as well. Conttargther toolboxes
dedicated to the analysis of ERPs, EMDLAB is used to analgeecharacteristic of ERPs
based on the extracted modes.

Brain source imaging

During the last decades, functional imaging techniques iMRI and Positron emission
tomography (PET) dominated in neuroscienti ¢ researchnémnitantly, the importance
of the technically much simpler, but less straightforwar@mnalyze, EEG declined to some
degree. Still, EEG plays an important role thanks to its heghporal resolution in the mil-
lisecond range and its direct access to neuronal activedibier than measuring it indirectly
via the Blood Oxygenation Level Dependent (BOLD) effectraBMRI. Brain source imag-
ing and reconstruction from continuous and single-triaGEAEG data thus have received
increased attention to improve our understanding of rggidanging brain dynamics, and
using this information for improved real-time brain momita, brain computer interfacing
(BCl), and neurofeedback¥b]. Recently, several new beamformers have been introduced
for reconstruction and localization of neural sources fleEG and MEG. Beamformers
provide a versatile form of spatial Itering suitable forquessing data from an array of
sensors195.

Thus EEG provides dynamic information on submillisecontttiscales which can be com-
bined favorably with fMRI measurements which provide coempéntary high resolution
information on small spatial scales in the millimeter rafidg10][213[8][4]. EEG re ects
voltages generated mostly by excitatory postsynapticniss (EPSPs) from apical den-
drites of massively synchronized neocortical pyramidédkcdonic current in ow at den-



dritic synapses and ionic out ow at the soma induce currepolés at the pyramidal cells
which nally cause the event-related membrane potentiaRKs) seen in EEG recordings.
Unfortunately, these source imaging techniqug®s][ 74] face the problem of ambiguity
of the underlying static electromagnetic inverse problérhat is to say, the signals mea-
sured on the scalp surface do not directly indicate the iocaif the active neurons in the
brain. Many different source con gurations can generatesaime distribution of potentials
and magnetic elds on the scal®?][53]. Thus, the analysis of such EEG data is quite
involved, encompassing machine learning and signal psoogs$echniques like feature ex-
traction [LO][ 9] and inverse modelingd[7]. For timely accounts of recent advancements and
actual challenges in dynamic functional neuroimaging tégples, including electrophysio-
logical source imaging, multimodal neuroimaging integrgfMRI with EEG/MEG, and
functional connectivity imaging, see the reviews of Bin Hé|[and Jatoi et al. §9]. Ad-
ditionally, a systems level approach to understanding'métion processing in the human
brain is offered by Edelman et ak3] who advocate substantial efforts to shape the future
of systems neuroengineering. Furthermore, for a recent sperce toolbox, nameBlrain-
storm which offers tools to analyze MEG/EEG data, combine it vaittatomical MRI data
and locate underlying neuronal sources of activation, sekellet al. 204].

Source localization affords solving an inverse problem ECGEsource analysis which is
highly ill-posed due to a larg@, smalln problem setting 101]. Unique solutions can,
however, be achieved by imposing additional constrainteeéaesulting optimization prob-
lem. Such constraints are often of a purely mathematicalreabut biophysically realistic
constraints have been formulated as well (see for exampléRMA[168)[15][32]. Source
localization methods use measured scalp potentials in tbewolt range, and apply sig-
nal processing techniques to estimate current sourcegeitise brain which best explain
the observations. The analysis rst predicts scalp po#mtiesulting from a hypothetical
current distribution inside the head - this is called ftwavard problem[77][72][132[218].

In a second step, these simulations are used in conjunctitbntine electrode potentials
measured at a nite number of locations on the scalp to esériee current dipole sources
that t these measurements - this is called theerse problenj67][225. Over the years,
researchers have developed non-parametric (also referrasl distributed source models
or source imaging) as well as parametric (also called etpnvaurrent dipole methods
or spatio-temporal dipole t models) approaches to tackke source localization problem
[44][67]. Source localization accuracy depends on several fatit@shead-modeling er-
rors [204[221], source-modeling errors and measurement noise conbisifl85. Also

it has been pointed out that the scalp potential needs torbpled with electrodes evenly
and densely distributed along the scalp surf&€] Localization accuracy increases in a
non-linear fashion with the number of electrodes, and egBsiindicate that probably no
less than 500 electrodes would be needed for an accuratdisgropthe surface potential
distribution [L84][ 126]. But it has also been pointed out recently that the absahopeove-
ment in accuracy decreases with the number of electr@f$k [Bayesian approaches, have
been reviewed recentl®]], allow to compare several models and indicate that spiatial
calization precision in the millimeter range can be achienatiably. Localization accuracy
increases in a non-linear fashion with the number of eléetspand the latter need to spread



over all the scalp surface homogeneously. If electrodesaneentrated in certain scalp
segments, source localization can turn awfully wroté(]. For practical purposes, Baillet
et al. [L6)[17] suggested a spatial accuracy didim and a temporal accuracy of(mg, re-
spectively. Among the many source localization method#aia, low resolution electrical
tomography (LORETA) 155 and its extensions standardized LORETA (sLORETES
and exact LORETA (eLORETA)157][ 159 are the most commonly employed techniques.
Especially SLORETA seems to outperform other techniquesast practical situations.
Hence it is considered the method of choice in this thesis.

In Chapter5, a new method which combine an EEMD analysis with a sourcalilation
scheme, more speci cally an SLORETA source estimation bellintroduced in Chaptét.
The introduced approach offer the possibility to use theaex¢d modes as inputs into an
sLORETA analysis and explore whether their underlying abaristic can help in source
localization.

Thesis outline

In this thesis we concentrate on electrophysiologicalatigres within EEG recordings of
the fMRI/EEG contour integration task. EEMD method is usethtvestigate neural corre-
lates of contour integration via intrinsic modes extradredn the EEG signals, recorded
while applying two visual Gabor stimulus conditions i. €ontour true(CT) and non-
contour true(NCT), and studying the related electrophysiological cese signals.

The organization of this thesis can be summarized as follows

» Chapter2: the theoretical backgrounds for the main concepts areepted in detail in
this chapter. First the physiology of the human brain and tieeorded electrical activity
EEG will be described. Then some main concepts related t&HE@ called ERPs and
BCls are detailed. The nal part of this chapter will give ackground about the main
uses of the EEG, called source localization.

» Chapter3: the main decomposition technique EMD used in this work e teatures
extraction is explained in this chapter. The latter introekia detailed background about
the EMD algorithm, its characteristic features, issuesitéition and evaluation. A the end,
some common EMD extensions that are developed to overcomtations are presented.

» Chapter4: this chapter is devoted to a description of the datasetadbtaiand the way,
data has been acquired and preprocessing. It provides alsacése summary of the
perceptual learning and contour integration.

» Chapters: in this chapter, EEMD is applied to EEG brain data that aguaed during a
contour integration task in the Institute of Experimentsyéhology of the University of
Regensburg, to solve the forward problem. It presents dle@@escription of the EEMD
analysis applied and quanti es the results obtained. Camapbtime courses and related
head topographies further illustrate these results.



» Chaptef6: here, EEMD is used for inverse modeling of the EEG data. AMBEnNalysis
combining with a source localization scheme, SLORETA walused to estimate sources.
Obtained results and related brain images are presentedai. d

» Chapter7: a new toolbox called EMDLAB which is an open software enmiment for
electrophysiological data analysis will be introducedhistchapter. The presented new
toolbox provides a GUI, which helps the user to handle hia dad perform signal pro-
cessing tasks tted to EMD analysis. Moreover, instrucsidor the use and results when
applying to real data are provided.

» Chapter8: in this nal chapter, the thesis will be ended with thorouggnclusions of the
present work.






Chapter 2

Biomedical Background

2.1 Human Brain

The human brain is the main organ that is responsible for toong and controlling a large
number of functions of the human body. It is the part of cdmiemvous system which is
located in the skull. This highly complex organ, togethethviie spinal cord and network of
nerves, controls the information ow throughout the bodyluntary actions such as reading,
talking, and involuntary reactions such as breathing agéstion [0]. The human brain
consists of four main parts: Cerebrum (divided into two égpgired cerebral hemispheres),
Diencephalon (Thalamus and HypoThalamus), CerebellunBaaith stem. The cerebrum
part is the largest one which is located in the uppermostg@uodf the brain. It consists of
four lobes: the frontal lobe, the parietal lobe, the templofze, and the occipital lobe. The
frontal lobe is located at the front of the brain and assediatith reasoning, planning, parts
of speech, movement, emotions, and problem solving. Thetphlobe is positioned above
the occipital lobe and behind the frontal lobe. It is resplolesfor movement, orientation,
recognition, perception of stimuli. The temporal lobe is Hottom middle part and located
behind the temples. It is responsible for processing anditdormation. The occipital lobe
is the visual processing center of the brain that is locatetieaback of cerebrum. The
various important parts of the brain can be easily locateah fihe anatomical images shown
in Figure2.1

The brain is made up of many cells, including neurons and géilis. These neurons are
cells that serve as the building blocks of the nervous systemsmitting electro-chemical
signals to and from the brain and nervous system. There aret 490 billion neurons
in the brain P9. When these neurons are activated, local current ows avdyrced. This
electrical activity of the brain can be recorded using etestcephalography (EEG) method.

2.2 Electroencephalography(EEG)

The rst human EEG recording was obtained by the German plhggist and psychiatrist
Hans Berger in 1924 in Jena. He named this recording elewtephalogram (EEG). Since
then, this recording technique has been one of the most us#itbds to study brain ac-
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Figure 2.1The parts of human brain (adapted from199).

tivities. Compared to other recording techniques such astional magnetic resonance
imaging (fMRI) and Positron emission tomography (PET), B85 been largely used for
multiple advantages e.g, simplicity and low cost. Eleatemphalography (EEG) is the
recording of the electrical activity of the brain through Itple electrodes placed on the
scalp that is the top of the head where hairs grow. Recordhisgactivity is usually taken
over a small period of time, for the duration of a round halfrexur only. EEG is used
to diagnose different disease e.g epilepsy, comma and diberders of brain because of
injury or illness.

2.2.1 EEG Signal Recording

EEG is recorded by placing different sensors (electrodeshe scalp of the head in special
positions. The scalp area is prepared by light abrasiondiwoeimpedance caused by dead
skin cells. These electrodes are either attached to anidhudivwire or in some systems
embedded into caps or nets. The locations of the electrodl@a@ames are speci ed by the
international 10 20 system which is an internationally standard method teri®s and
apply the location of scalp electrodes in the context of aGEEperiment88§]. It is based
on dividing the head into proportional distances from proenit skull landmarks (reference
points): rst, the Nasion which is the point between the forad and the nose; second, the
Inion which is the most prominent projection of the occipltane at the posterioinferior
(lower rear) part of the human skull89. This division provides adequate coverage of all
regions of the brain. In this system, 21 electrodes are gdlacethe surface of the scalp as
demonstrated in Figura 2.

Electrode placements are named by letters according theraital area where the elec-
trode corresponds: prefrontal or frontopolar (Fp), fro(fE, central (C), temporal (T), pos-
terior (P), occipital (O) and auricular (A). The letters aecompanied by either a number
,indicating lateral placement, or the letter z indicatiegazor midline placement. Electrodes
with odd numbers are speci ed at the left side of the head evéven numbers correspond
to the right side. The 10 and 20 refer to the actual distanetsden electrodes when mea-
sured from Nasion to Iniorg[7]. The standard set-up of 1020 system included only 19
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Figure 2.2The international 10-20 electrodes placement systeii31].

electrodes. Later on, additional electrodes can be addedrease the spatial resolution for
a particular area of the brain.

The EEG signals recorded from the scalp electrodes are aahply connecting each elec-
trode to one input of an ampli er. These ampli ers amplifyetidifference between the ac-
tive electrode and the reference which reduce the outstddémence and artifacts because
they amplify just the potential difference between two &lates distorted by the same arti-
fact. During EEG recording, unwanted signals which havatee artifacts could happened
due to noise. These artifacts are not related to brain &ctiaiher affecting the signal
measurement making it dif cult for analysis. There are @iéint types of artifacts such as
environmental artifacts which are generated from outsidéobdy, e.g the impedance of an
electrode. Another type of artifacts which are useful- diptal artifacts such as electroocu-
lography (EOG) and electrocardiography (ECG) can help ¢dliot different mental states
and provide information. EOG is used to measure eye movenvemte ECG is used to
record the electrical activity of the hea).

The placement of the electrodes and the connection betlweenis referred to as a montage.
EEG signals can be recorded using either a bipolar montageederential one. In bipolar
montage, each channel (waveform) represents the voltffigeetice between two adjacent
electrodes, while in referential, each channel represhetslifference between a certain
electrode and a speci ed reference electragle |

2.2.2 EEG Usage

The EEG measurements are commonly used in two main areas:

* Medical area: one of the most important EEG applicatiorie svaluate several types of
brain disorders. A clinical EEG recording typically lastsoat 20 30 minutes and used
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to diagnose or monitor various health circumstances, dwty seizures and epilepsy,
brain diseases, sleep disorders, infections, confusead mjuries, etc.152.

* Research area: EEG is used widely in human research areaarfous purposes. It
is used commonly in psychophysiological and neurosciehegiess, cognitive science,
cognitive psychology and neurolinguisti2d.

2.2.3 EEG Brain Waves

Electrical potential recorded at the surface of the humaitpsthanges due to the different
activities of the brain. These activities contain sevemsliqic or rhythmic wave patterns
which have been categorized into ve main groups accordntheir frequency range (see
Figure2.3

» Delta waves ¢) have a frequency range up to 3 Hz. They are the slowest waai thie
rhythms and the highest one in amplitude. These waves dbdevis deep sleep in adults,
infants and children.

* Theta wavesd) have the frequency range from 4 Hz to 7 Hz. They are seen rigrma
young children. They also can be seen in adults and oldedremilduring drowsiness and
sleep. These waves occur most often in sleep but also haveasseciated with reports
of meditative and creative states. They are seen in ceterajoral and parietal parts of
head.

« Alpha waves &) have the frequency range from 8 Hz to 15 Hz. They are alsedall
Berger's waves in memory of the founder of EEG. They are mostroonly seen in
adults. Alpha waves are dominant during owing thoughts ansome meditative states.
They can be clearly observed in posterior and occipitabmregof the head.

» Beta waveslf) have the frequency range from 16 Hz to 30 Hz. They are knowmgis
frequency and low amplitude brain waves which are genesalgn while normal waking
consciousness. They are involved in thinking and activeeotration. Beta waves with
higher frequencies are related to high levels of arousakyTdre seen in various parts
of brain including primary motor, somatosensory and pastgrarietal cortices in the
neocortex 5]

« Gamma wavesqd) have the frequency range from 31 Hz to 100 Hz. They are theeisig
frequency of brain waves. Gamma waves were not studied argldgred aspare brain
noiseuntil researchers discovered. They are involved in highemtad activity, including
binding senses, cognition, information processing, liegrand perception. These waves
appear in each part of brain.
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Figure 2.3Most common EEG waveforms(adapted from149).

2.3 Event-Related Potentials (ERPS)

EEG is a useful measurement of the electrical activity witthie brain. This technique is

based on placing electrodes on the scalp, amplifying theasigand plotting the voltage

variations of the brains activity during the session. Altgb EEG represents the electrical
activity within the whole brain, cognitive neurosciensistre concerned with speci ¢ neu-
ral processes. These neural responses can be extractgdausiaging methods. They are
known as Event-Related Potentials (ERPs) and show the stiomad postsynaptic poten-

tials between neuron2387.

2.3.1 Whatis ERP?

Event-related potentials (ERPs) are the measured brginmess to speci ¢ events or stim-
uli. ERPs can be generated by measuring the voltage chaagssctin the brain during cog-
nitive processing. They are an average of many EEG triatydeugs that are time locked to
speci ¢ events or stimuli24]. ERPs consist of series of positive and negative voltag&pe
that are called component8ql. These components are recognized by either the Ibtter
or P which represents the polarity (negative/positive), fakal by a number indicating the
latency in milliseconds or the component's ordinal positio the waveform. For instance,
the mean peak amplitudes of the ERP componPaf0 andN100 denoting the positive
and negative components appearing 100 ms after the stironket, respectively. ERPs
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can be classi ed either according to the nature of the stimuisual, somato-sensory, and
auditory or according to their latency: short lateneyX00mg and long latencyX 100mg
potentials. The shorter latency components are hamed egageomponents and gener-
ated during the sensory stimulus processing stages wiiletiger latency components are
called endogenous components and represent the cortozadgsing stagekB).

Figure2.4 presents an example of ERP of time-locked EEG signals whiehedated to a
visual stimulus. Figur@.4-Left shows 3 EEG trials signals while Figu?et-Right depicts
their averaged ERP waveform.

EEG Trials
50
-0 0 200 500 800
Averaged ERP Waveform
simz —= = oA Ml [l )
-50 50
o 200 500 800 0 200 500 800
Time (ms)
50
-50
0 200 500 800

Figure 2.4An example of averaged ERP waveform.Left: 3 different EEG time-locked
waveforms elicited during a visual tasiRight: the averaged ERP waveform across the
signals in the left panel.

2.3.2 ERP Wave Properties

The ERP waveforms are described according to three paresyi@8{see Figure2.5):

* Amplitude: the maximum value of the wave from the troughg@ie/e or positive). It
represents information about the neural activity as theaese to the stimulus.

e Latency: is the time delay between the stimulus presemtaind its response. It represents
the timing of the neural activity in milliseconds.

» Scalp Distribution: the voltage distribution over thelpaaf the brain at any time point. It
gives information about the activated areas of brain.

Figure 2.5 illustrates an averaged ERP waveform following a visuahstus. It shows
several ERP componentB100,N200 andP300 with their amplitudes and latencies. The
amplitude is measured from the prestimulus baseline to ¢dad,pand the latency is mea-
sured from stimulus onset to the peak. The related scalgtapbic maps oP100,N200
andP300 components are illustrated at the bottom.
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Figure 2.5ERP waveform with its related components: P100, N200 and P300 in re-
sponse to a visual stimulus.The amplitudes and latencies for each component are illus-
trated using magenta and green double arrows, respectivélg red line identi es the
stimulus onset. The associated scalp current distribsitairnthe P100, N200 andP300
components are depicted at the bottom.

2.3.3 ERP Advantages and Disadvantages

There are many bene ts for ERP method compared to other lbesiponse measurement.
But on the other hand, there are some limitations:

* The ERP is a non-invasive method which leads to excellemptzal resolution compared
to neuroimaging methods, such as fMRI and Positron Emisgomography (PET)121].
ERP resolves data down to milliseconds and exposes moretafnpformation under-
lying cognitive functions, where early components repmésensory processing and later
components represent higher-level cognitive processasekkr, the spatial resolution of
the ERP is poor, where the location of ERP sources is an iey@ablem that cannot be
exactly solved, only estimate@32[233.

* ERPs provide a measure between stimulus and responsalltiveg understanding of the
effects of speci c experimental manipulations much betit@n behavioural responses. In
addition, ERP can provide a measure of processing of stewah if there is no behavioral
change 125.

* ERP experiments are more exible compared to those in neaging techniques where
there are constraints on testing conditiob83.

* The ERP method is cheaper to do than other imaging techsi{§9

« As compared to neuroimaging measures, the ERP methodsiséesitive to movement
artifacts which makes it useful when studying infar87)].
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ERPs are used widely in many research elds: neuroscierugmitive psychology, cogni-
tive science, and psycho-physiological.

2.4 Brain-Computer Interfaces (BCIs)

Many people have speculated that brain activity measueeHEkG might one day lead to a
new non-muscular path for the brain to communicate with ttteraal world, which is es-
sentially a brain-computer interface (BCI). Over the past years however, the history of
brain computer interface begins with Hans Berger's disopuéthe electrical activity of the
human brain and the development of EEG. In 1924, when Bergsrable to identify oscil-
latory activity, he used some devices with silver wires do@ann capillary electrometer and
others. The term BCI was rst introduced by Dr. Jacques Viddhis rst peer-reviewed
publications on this topicd0][91]. He is known as the inventor of BCls in the BCI com-
munity as mentioned in several articles (e28][11]). And later, many BCI studies from
many elds, including neurology, engineering, psycholpggmputer sciences, etc. were
done. These studies aim to a better understanding of therhbraan functions via detect-
ing and translating features of brain signals into deviamm@ands that achieve the user's
target.

2.4.1 Whatis aBCI

BCI, also sometimes known as a brain-machine interface jBs& computer-based system
that allows communication and interaction between the mubrain and output devices.
This interface enables users to read the signals produoed different locations of the
brain, analyze and convert them into required outputs tiegpassed to an output device, as
shown in Figure2.6. A BCI lets users to act on the worl@3(Q.

2.4.2 Principle of BCI

A BCI is mainly consists of 4 sequential steps as describ@86):

 Signal acquisition: this is the main step for any BCI. It e tprocess of reading the
brain signals using a speci ¢ type of sensor. These signasmpli ed, digitized and
transferred in preparation for later processing.

» Feature extraction: in this step, the digitized signaésaralyzed to extract the pertinent
signal characteristics. These characteristics have todse relevant to the users's target.
They can be extracted in the time-domain or the frequencyadio [49][43][ 98], or both
[190. In current BCI systems, features such as amplitude, ¢gtand frequency power
spectra are commonly used. To ensure the accuracy in sgjesitjnal features, artifacts
need to be removed such as electromyographic signals.
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» Feature translation: in this stage, the extracted featinoen previous step are converted
into device commands. These commands, in turn, will produtputs that achieve the
user's goal.

» Device output: here, the generated commands in the fortaprase used to operate the
external device.

Recognition
2
Feature Extraction
T
Preprocesssing

4

EEG

Recorder
V' \

Figure 2.6Brain-Computer Interface scheme for Contour Task.

2.4.3 BCI Applications

BCl is an interesting eld that can help researchers to sohamy problems that seem to
be complicated. The main goal of BCI applications is to contlee users intent or ideas
to an action in external device. Actually, the area of pdesi®Cl applications is very
wide. It can be used to complex problems as well as simple.oB&sce BCI research
has begun in the 1970s, It has concentrated rstly on neosipetics applications that
designed for substituting damaged hearing, sight and memenfAny applications of BCI
focused on patients that have disorders of consciousn€S)Dhese patients can not make
communication with others around worl8(]. One of the most common BCI application
is neurofeedback (NFB) training. It is a type of biofeedb#wkt uses brain signals mostly
EEG, to improve the brain functions such as, working, aibendand memorization. BCIs
also are used in many applications, including spellititi], semantic categorizatior22?],
silent speech communicatioB9] and computer games, etc.

Concisely, we can say that BCIs have participated in diffeegeas of research. They
are contributor in medical, educational, neuroergonoraiu$ smart, neuromarketing and
advertisement, self-regulation, games and entertainnaemt security and authentication
environments.
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2.5 EEG Source Localization

Neuroelectromagnetic source imaging (NSI) is the sciengld allocated to modeling and
evaluating the spatiotemporal dynamics of neuronal ctsrémoughout the brain that gen-
erate the electric potentials and magnetic elds measuiddelectromagnetic (EM) record-
ing technologies]73. Thus, over the past few decades, localizing electricafsss in the
brain from surface recordings has attracted the attentionamy EEG/MEG researchers.
Source localization is one of the complex real world prolddracause of the complicated
nature of the brain. It is the process of estimating the looatof activity sources inside
the brain depending on the electrical recordings over thtace of the scalp. This elec-
trical recordings re ect the activities of neurons in theaior. Activities of daily living,
including motor, cognitive and sensory activities may l&aduch neuronal activities. The
problem lies in that a multiple of sources may lead to the spatential distribution over
the surface of the head. The only way to address this proldémdonstruct models for the
head and the underlying sources. When these suppositierdoae, then the source local-
ization is separated into a forward problem and an inversblem. Figure?.7 illustrates
the source localization procedure which is based on thehlition of scalp amplitudes in
single time point. This procedure starts with recording Bif series signals, and then
preparing these measured signals for solving the inversielgm through applying some
signal processing techniques. The inverse problem triéscite the underlying sources
from recorded measurements, whereas the forward problpposes a source de nition in
order to predict an electrical potential distribution map.

inverse problem

-
Preprocessing
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wm'mwmm\‘l(ww M"""
p

' Hll M"V M‘
M@MW e e
NMW

forward problem

Figure 2.7The key parts of EEG source localization.They start with time series recorded
at the scalp sensors, passing through a preprocessingretegnding with localizing the
sources (adapted from§9).

2.5.1 Forward Problem

The EEG forward problem is the process of de ning the potmlistributions arising from
neural sources in the head modeé®]. The mathematical formulation of the forward prob-
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lem is derived from Poisson's equatiob3([92][ 71]. In the past, several studies of EEG
forward mapping has mainly concentrated on multilayer spaemodels, for example
[23][42][243. These studies were simple and easy to compute, so they appieed to
approximate the human head. Forward solutions can be dpjgieompare either scalp
potentials for different approaches or calculated and oredspotentialsg§Q][55] and for
source imagingg4][75. Additionally they are also required for EEG inverse smlos
[144]. With forward modelingfZ] [94], one is interested in predicting the expected potential
distribution on the scalp, specifying position and activas of dipole current sources, and
electrical conductivity of the different regions of the de®oisson's equation can be used to
relate the scalp potentials to the current density distiobunside the brain. It is developed
by using the divergence operator. For further details aBoigson's equation derivation via
Maxwell's equations, one can see textbooks on electronimym§r 1][ 131][210,.

By applying the divergence operator to the vector eld of therent densit)(x;y; 2), then
the divergence of K is represented as

- 1
N:K = lim = KdS 2.1
GI!mOG 1G 2.1)

whereN:K is the current source density and symbolized Wittn [130]

N:K = I, (2.2)

The relation between the current density K and the elec#ld E is stated by Ohm's law

K=sE (2.3)

wheres is the position dependent conductivity value.

Now, the scalar potential eld is presented due to Faraday's law being zero under quasi-
static conditiongN E = 0) [181]. A link between the potential eldf and the electric
eld E can be introduced using the gradient operator

E= Nf (2.4)

The vector Nf at any point represents the direction where the scalar fefdost rapidly
increases, and the minus sign indicates that the orientafithe electric eld is from the
high potential region to a low potential region.

When all the equations above are combined together, P&sdifflerential equation is ob-
tained as follows

R:(sN(F) = Im (2.5)

This Poisson's equation can mathematically describe th® Etward problem for electri-
cal conduction in the head 7. Accordingly, solving the EEG forward problem requires
solving this equation. This in turn requires nding the scpbtentialsf . This parameter is
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de ned by 3 factors, the electrode positiorthe dipole positiomg;, and the dipole moment
d = dey with magnituded and orientatiorey.

For one dipole and one electrode, the electrode potentidbeale ned as

f(r)= 9(r;rgip;d) (2.6)
This equation measures the potential at an electrode bedta point on the scalp with

position vectot. This vector is de ned by a single dipole with dipole momegtplaced in
lgip inside the brain.
In case of multiple dipole sources, the electrode potentilabe
f(r)= é o(r; rdip i) = é 9(r; rdip; di€di) (2.7)
i i
Assuming the superposition principle, Equatibii can be rewritten as
f(r)= a o(r; dip,; €ai) (2.8)

ForN electrodes ang dipoles, the forward problem can be reformulated as

2f( ) ’ ( ) ( )32d °
r ors; fdip»€dy) ==+ 91, Mdipy, €dp 1
8 . £=% S A
f (1) o(rn;ldipi€) it O(rN;Tdipy €d,)  dp
f = G(r; rdip; €)D (2.9)

wherek = 1;::;;nandi = 1;::;p: f is data measurements matr&,is the gain matrix and
D is the matrix of dipole magnitudes.

More generally, a noise perturbation mateis added

F=GD+e (2.10)

2.5.2 Inverse Problem

The inverse problem is about estimating the underlyingenirsources inside the brain that
generated the measured electrode potentials. It is noip@$s solve the inverse problem
directly. Instead, iterative forward solutions for difé&t source con gurations are required.
Starting from the EEG forward solution, data measured atiggepositions of electrodes
on the scalp, one can work back and estimate the sourcestttie@se measurements- the
inverse problem.

Equation2.10 presents the general model for the inverse problem. The atitedanverse
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problem then is to estimafe of the dipole magnitude matrix by giving the electrode posi-
tions and scalp readingsand using the gain matri®@ calculated in the forward problem.

Whereas the general forward solution is well-de ned, theense solution is ill-posed’B]
due to the non-uniqueness of the solutionpas n in most of the imaging applications.
Besides that, the accuracy of estimating the sources istaffeoy some factors, such as
EEG noise and modeling errd228. Consequently, EEG inverse solutions are unstable.
There are two main groups of methods which were introducesblee the EEG inverse
problem: non-parametric and parametric methods. Nonrpeiréic methods, also referred
to as distributed inverse solution (DIS), rely on a disttédalisource model in which the
number of dipoles is unknown, but the positions and origmtatare xed. Most common
examples of non-parametric methods are: Low Resolutiootilmagnetic Tomography
(LORETA) [160 and its derivations SLORETA(standard) and LORETA-FOCUS&8cal
underdetermined system solutioB)].

On the other hand, parametric methods, also called CoratedtSource Models (CSM)
rely on a model that has a xed number of dipoles. The most comlynused approaches
of parametric methods are the non-linear least squaregersfag|[211], Multiple Signal
Classi cation [L149[ 192, and parametric adaptations of beam forming techniqLd@s [
One of the most robust methods for source localization isrredl to as standardized low
resolution brain electromagnetic tomography (sSLORETA)altwas introduced byl5§.
For single point sources and noiseless data, SLORETA hasdbewvn to provide an exact
source localization even for blurred images. However it sla@wn also that the precision
with which sources can be localized strongly depends onuhgber, and even more so on
an even distribution over the scalp surface, of electroaes fvhich electrical potentials are
collected p19.

2.5.2.1 Standardized Low Resolution Brain Electromagneti Tomography (SLORETA)

There are multiple methods which were introduced to solgd=tEG inverse problem. These
methods can be categorized into parametric and non paiamegthods. The major differ-
ence between the two is whether the dipoles number is xedivaace or not. One of the
most common used non parametric methods is standardizeg$olution brain electromag-
netic tomography (SLORETA). It has been proposed1i6]. Based on scalp distribution
of electric potentials, SLORETA was used to estimate théicarelectrical activity that
could be responsible for that surface potential. It is amog@urce software environment
that is publicly available attt p: ==awwwuzhch=keyinstloreta:htm It is an improvement
over previously developed tomography LORETES[]. The sSLORETA method is a stan-
dardized discrete, three-dimensional (3D) distributed lmear, minimum norm inverse
solution. For single point sources and noiseless data, 8fdfhas been shown to provide
an exact source localization even for blurred images. Fdhéu details about the descrip-
tion of the method, one can se&5f. The mathematical proof of its exact, zero-error
localization property is explained ii$7] and [15§. It is also important to mention that
SLORETA has no localization bias even if there is measurémehiological noise 157.
However, there are studie$96|[68] which showed that the method is not biased in the ab-
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sence of measurement noise and biased in the presence afrereast noise. On the other
hand, several studies have recently shown the validity G@RETA in EEG/fMRI studies
[153[142 and EEG localization for epilepsy.87].

The sLORETA computation was made in a realistic head magi#lthat is based upon
MNI1152 template136 with the three-dimensional solution space. In practicakdations,
the solution was restricted to cortical gray matter, as isgedy the corresponding digi-
tized Probability Atlas117. The standard electrode positions of M&l1152 scalp were
determined as in4] and [1L54]. A total of 6239 voxels at 5 mm spatial resolution were cre-
ated for the intracerebral volume. Thus, SLORETA imagesasgnt the electric activity at
each voxel in neuroanatomic space as the exact magnitute etimated current density.
Anatomical labels as Brodmann areas are also reported MBiigpace, with correction to
Talairach space?[/].

The forward problem amounts to solving Poisson's equation

N2f (rgt)= e tro(r;t) (2.11)

for the electrical potentiaF (r;t), registered at scalp locatiap at sampling timd, as
function of the charge density(r;t) inside the brain. Biophysically, scalp potentials can
be described as stemming from ionic currents in apical denthees of pyramidal neurons
resembling dipolar charge distributions at locationgnd having dipole polarizatiod;.
According to the superposition approximation, the totaleptial at any scalp electrode
locationr amounts to

f(rat)= &J (radi(rit) wa griari) di(t) (2.12)

whereg(:::) is called the gain or lead eld which depends on dynamic eiestusceptabil-
ities inside the brain. Givells electrodesN, dipoles andT discrete time samples, the

intoanNe T - dimensional data matrik (t) which is estimated via

OcF (t) = OcG(rj;ri)D(ri;t) + En(t) (2.13)

Note that all EEG signal-related quantities, i. E; G, are conveniently re-referenced to
an average EEG signal by applying the N - dimensional centering operat@,; =

| 117(171) ! which obeys the relatio®.1 = 0. Note that source localization does
not depend on the choice of the reference electrode, as lotigeareference is correctly
integrated into the modellfi(d. Further, G represents thé&e N, - dimensional gain
or lead eld matrix,D(ri;t) theN, T - dimensional matrix of current dipole moments
di(tn) d(ri;tn) =( dx;i(tn);dw(tn);dz;i(tn))T ata nite setl = fij1;:::;Nyg of grid points

Ny grid points are located in cortical gray matter and the hgapgpus. While the gain
matrix G is estimated via solving the forward probledBg[62][ 72], the inverse problem
tries to deduce the dipole matrix from electrical potential& measured at electrode lo-
cationsry at any discrete timg,. Non-parametric optimization methods solve the inverse
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problem by estimating the dipole matiix which maximizes the posterior probability dis-
tribution p(DjF ) of current dipole sourceg(t,) given the observatiorts(r;t,). Assuming

a Gaussian posterior density, the corresponding log-postiensity is related to an energy
functionalF5(d) = R(d) aL(d), which consists of the data log-likelihood representing
a reconstruction errdR =k F GD k? and a log-prior which constitutes a regularization
term [205. In case of SLORETA, the latter is, in the spirit of Tikhon@gularization, taken
asL (D) = k D k? yielding a minimum norm least squares estimate

Dune= G GGT+ a0 'F: (2.14)

The latter becomes standardized by the square root N itsN, - dimensional co-variance
matrixSp= GT GG' + a0 'G. Thus, atany given time pointthe(3 1) - dimensional
vector of the estimated standardized dipole monteat voxel locationr; is obtained as

[159[22Q

dunei(t)  dwne(rist) =[ Spl; Tod(rit) (2.15)
Finally the sSLORETA brain maps result from computing estesaof the equivalent stan-

Edip(ri) W dipne; ([Soli) dwines (2.16)

wheredyne; is the minimum norm current dipole moment estimate atittirevoxel and
[Sp]; isthe(3 3) - dimenionali-th diagonal block of the co-variance mat&y [156[67]
[159.

Note that because pyramidal neurons span all cortical $aylee model is often simpli ed
by assuming that, at each grid point, the direction of thécioarrents inside the apical den-
dritic trees, and thus the equivalent dipole moment oriéariais orthogonal to the surface.
Then only its amplitude needs to be estimated. In that casemiatrixD has dimension
Ny 1 and each - th element corresponds to the amplitude of theth voxel, and the
dimension of the gain matrix, as well &g, also changes thle  N,.






Chapter 3

Empirical Mode Decomposition (EMD)

3.1 Motivation

Data analysis plays a big role in pure different researchdsapplications. Basically, it is
a process of transforming data using analytical and lodexiniques for purposes of ob-
taining constructive information. In the real world, ther® many types of signals which
contain a lot of information that people are interested irhe Btructures of these types
extend from simple to complex ones. The rst natural clagsd of all signals is into
either stationary or non-stationary categories. AnalyAtationary signals is an easy pro-
cess compared to non-stationary ones. But most of real veigltals are non-linear and
non-stationary. This leads us to the need of breaking theggsodown into individual com-
ponents and analyzing each one separately, this breakoug$s is called decomposition.
There are a number of time frequency (TF) representatiohoastof time domain signals
such as Fourier Transform (FT), Wavelet transform, etc. Fberier transform is based
on decomposing the process into harmonic functions withl ftequencies and amplitudes.
Although the Fourier transform is widely used, but theresae critical restrictions: the
system must be linear and the data must be strictly periadstationary. Otherwise the
resulting spectrum could not re ect the interesting cheeastic of the system behavior.
On the other hand, Wavelet transform is used to avoid cdnsdrassociated with non-
stationarity system. Contrary to FT, it decomposes thege®nto a xed basis of time
and frequency functions. However, it characterizes théesafa signal event using pre-
speci ed basis functions. In practical applications, itwe be good to have an adaptive
decomposition that could overcome the limitations of abdescribed methods. Recently,
an empirical nonlinear analysis tool for complex, nonistary temporal signal variations
has been pioneered by N. E. Huagigal. [80]. Such technique is commonly referred to
as Empirical Mode Decomposition (EMD), and, if combinedhitilbert spectral analysis,
it is called Hilbert-Huang Transform (HHT). EMD utilizes g@mical knowledge of oscilla-
tions intrinsic to a time series in order to represent thera agperposition of components
with well de ned instantaneous frequencies. They adaptiaed locally decompose any
non-stationary signal into many modes with different frelgcy characteristics, called In-
trinsic Mode Functions (IMF). These IMFs represent zeramemplitude- and (spatial-)
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frequency-modulated components. EMD is a fully data-arjuensupervised method. It
is based on an adaptive basis system. EMD also satis es timpleteness property, i.e.
original signal can be reconstructed by superimposingxatheted IMFs together with the
residual without information loss or distortion.

This chapter explains the theory behind Empirical Mode Daoosition (EMD). It covers
a detailed explanation on how the EMD has been implement®tD Extensions, instanta-
neous frequency estimation, other properties and isseessu discussed.

3.2 EMD Algorithm

Empirical mode decomposition (EMD) is a purely data-driaralysis tool for complex
non-linear and non-stationary time series. It adaptively lbcally decomposes any non-
linear and non-stationary time series into oscillationsvarious frequency scales. These
resulting oscillatory modes are called intrinsic mode tions (IMFs) that represent zero-
mean amplitude and frequency modulated components. EMiugive, direct, a posteriori
and adaptive, with the basis of the decomposition based roh darived from, the data.
The essence of the decomposition is based on identifyingntnesic oscillatory modes
empirically by their characteristic time scales in the d&=tracting the IMFs is an iterative
process that relies on subtracting the highest oscillatmmponents from the original data
with step by step process, which is called #ifting process

3.2.1 Intrinsic Mode Function (IMF)

The principle of EMD method is to decompose any sigiglinto a set of a mono-component
functions called Intrinsic Mode Functions (IMFs) which aero-mean, amplitude- and
(spatial-) frequency-modulated components. The monooowmt function refers to an os-
cillation similar to common harmonic functions. Therefotlee IMFs represent the signal
as amplitude and frequency modulated (AM-FM) signals wlaod arranged in order of
highest frequency to lowest frequency components. The AiMlesathe envelope and the
FM is the constant amplitude variation in frequency and cot@g using a sifting process.
To achieve this, an IMF must satisfy two conditions:

* In the whole dataset the number of maxima and minima can at difber by one.

» At any point the local meam(t) of the upper envelope and lower envelope should be
close to zero.

Note that achieving the second condition leads to consigeiMF as wide sense stationary
signal which simpli es its analysis. Nevertheless, an IMiuld have modulated amplitude
and frequency as presented in FigQré&

The rst condition results to a narrow-band signal, and riéeessary to ensure achieving the
conditions needed to calculate the instantaneous fregy&0ff 84]. The second condition
is a local requirement caused by the global one which regsiyenmetric upper and lower
envelopes of an IMF that makes the signal ready for moduld86][ 79][83]. It is not easy

to nd the envelopes because of the nonlinear and non-siatyonature of the data.



3.2 EMD Algorithm 26
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Figure 3.1An example of Intrinsic Mode Function (IMF).

3.2.2 Sifting Process

Although the mathematical proof of EMD has not been devealogst, there are methods
for extracting the IMFs which has been introduced 89| Finding the IMFs is an iterative
process that relies on subtracting the highest oscillatmmponents from the original data
in a step by step process, which is called $iféng process It is the core of the EMD al-
gorithm that is applied to iteratively Iter the differensoillatory components of the signal,
starting with the fastest and ending with the slowest coreptnHence, the sifting algo-
rithm decomposes a data sét) into j = 1;::::J individual IMFs symbolized by!(t) and
r(t), the residuum which is the remaining non-oscillating trehthe data.

The sifting process can be summarized in the following steps

1. Identify the extrema (both maxima and minima) of the regesd signak(t).

2. Construct the upper and lower envelogesma(t) and envyin(t) using a cubic spline
interpolation scheme.

3. Calculate the mean of the two envelopesé = [e”““aX(t); eMnin(t)]
4. Subtract the mean value from the sigh@d) = x(t) m(t)

5. Determine whetheh(t) is an IMF or not by checking the two conditions as described
above.

6. If h(t) is IMF, setcl(t) = h(t) and nd the j+ 1 - st IMF after updating(t) = x(t)

& cl(t). Otherwise, update(t) = h(t) and repeat steps 1 to 5.

j<(j+1)
wherer(t) is an intermediate signal, initially created with a copylué briginal time series
r(t) = x(t). The sifting process is straightforwardly illustrated igére 3.2
IMF represents the oscillation mode of signal and becaugbatfit was called intrinsic
mode function. Accordingly, the IMF involves only one modeoscillation, no complex
waves are allowed. At the end of the decomposition, the maiggignal can be represented
by an expansion into its underlying modes plus a non-osicifaesiduum

x(t) = <'§Jl cl(t)+ r(t) (3.1)

=1
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Figure 3.2Flowchart diagram of EMD algorithm.

The sifting procedure will be repeated until all IMFs havembextracted. Figurd.3illus-
trates the complete process of EMD for an example of toy dgteksig which consists of
two sinusoid components
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e X1(tn) = 3sin(20p:ty)
* Xo(tn) = 6sin(60p:ty)

with t, = 0;::::;1, a step ofDt, = 0:0001 between the samples and a totaNof 10001
data points. These two signals are summed up to generatgti@@sg(t,) = xi(tn) + Xo(tn)
(Figure3.3-Top). Figure3.3clearly describes how EMD could extract the two IMFs (second
and third rows) of the original signaig ( rst row). The last row shows the trend of the
signal.

Sig. 0 i

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
2 T T T T T T T T T

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

- 1 | | | | | | | | |
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

01 T T T T T T T T T

Res. o} .

_0.1 | | | | | | | | |
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

Figure 3.3EMD decomposition of a toy data signal. Top raw: toy data signal which
consists of two different frequencies sinusoid sign&i$t,) = 3sin(20pt,) (second row)
andxo(tn) = 6sin(60pt,) (third row). The last row illustrates the monotonic trendtloé

signal.

3.3 Hilbert-Huang Transform

In the periodic signals, the frequency is de ned as the nurobeccurrences of a repeating
event per unit time. It is constant for signals that are catghy sinusoidal. But, most
signals in the real world are not completely sinusoids. Fangple a linear chirp signal
IS a non stationary signal where its frequency increasestiy over time. This has led to
the concept of the Instantaneous Frequency (IF) where teges in the frequency can be
represented instantaneously over time. Hence, IF wagdintex to describe the frequency
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of non-stationary signals at each time pod][

The Instantaneous Frequency can be easily calculatedgimitke Hilbert Transform. For
any time series{))(t,), the IFw(t,) is de ned as the derivation of the phagét,) of the
analytic signak(ty)

dqto) 52)

w(tn) = dt

The analytic signat(t,) can be de ned as

Zt) = <D (tn) + Iy(tn) = a(tn) exp(iq(tn)
with instantaneous amplitud€t,) given by

q
a(tn) = (c)2(tn) + y2(tn) (3.3)
andy(t,) is the Hilbert Transform of the signal)(t,), and can be calculated as
z
1 ¥ x(t)
= P 4
y(tn) f i tdt (3.4)

where P indicates the Cauchy principle value of the integral

However, in some situations calculating IF using this waijl give a negative value that
has no meaning in the real word. In other words, IF de ne thaéati@n of the frequencies
over the time. That means, it may be represented as the fregud Sine wave that lo-
cally suits the signal under analysis. Therefore, the hiateeous Frequency is meaningful
only for mono-component signals, where there is only ongueacy or a narrow band of
frequencies varying over timé&0][194]. In principle, it is dif cult to represent the IF of
multicomponent signals, thus a separation into componsmnequired. So, to apply the
concept of IF to any signal, EMD can be used as a separatidmhétat decomposes a sig-
nal into series of mono-components IMFs. Then the derinatidF for each IMF can give
meaningful physical information. Using the EMD method t@a®pose signals to IMFs
followed by applying Hilbert spectral analysis to each IMFabtain IF is called Hilbert-
Huang transform ( HHT).

After performing the Hilbert-Huang transform, each IMF danrepresented as

. Z 1,
cD(ty)= Re aj(tnyexp i wj(ty)dt (3.5)
¥
and the original signat(t,) can be written as
( 7, )
X(t)= Re Q aj(tnexp i wi(t)dt  + r(tn) (3.6)
i ¥

]

Figure 3.4 displays a linear chirp signal that increases in frequeney time (upper plot).
This signal is generated using a frequency range froml@Hz, a duration of .ns The
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lower plot shows the related Hilbert spectra for the signailclv presents the instantaneous
frequencies.

5
Amplitude
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Time
30
20" : : : -
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Figure 3.4Hilbert spectra of a linear chirp waveform. Top: a linear chirp cosine wave
that increases in frequency linearly over tintgottom: the related Hilbert spectra for the
signal at the top.

3.4 Some Issues with Applying EMD

A main feature of the EMD algorithm is its simplicity of apgédition and robustness across
a wide range of data processing methods. However, a numhbeswés come up which
need further consideration for successful applicationME The decomposition is based
on these critical issues which have to be managed by the Tiker.makes the uniqueness
of decomposition not guaranteed. Among these issues grpistpcriteria, envelope con-
struction and boundary adjustment. In the following setctan overview of these issues is
introduced.

3.4.1 Envelopes Estimation

The method of estimating the envelopes is crucial to theesgcof the EMD algorithm. It
is based on rstidentifying all extrema (maxima and minim@nce these extrema are iden-
ti ed, all the maxima are connected by a cubic spline linetesupper envelopenynaxtn) -
The procedure is repeated for the local minima to generatdothier envelopenvyin(ty).



3.4 Some Issues with Applying EMD 31

All the sample points should now be covered by the upper andri@nvelopes. The mean
of the two envelopes(t,) is computed as follows

eNVinax(tn) + ( €Nnin(tn)
2
which should represent the pointwise local extreme meaheo$ignal as accurate as possi-
ble. The envelopes are required to estimate the local mesachtsample point. In addition
to that, it is necessary to precisely localize all extremaxima and minima). There are
several interpolation methods used to create the enveldpest widely used is the spline
interpolation. Splines are piecewise polynomial functsiohdegreé. The pieces connected
in the so calledknotswith certain continuity conditions for the function itselhd its rst
| 1 derivatives. Cubic splines are most commonly used topotate local maxima and
local minima. The basic idea of the cubic spline is that theefion is represented by a dif-
ferent cubic polynomial on each interval between data goihiis piecewise cubic function
has continuous rst and second derivatives atkhets Cubic spline is a fast, ef cient and
stable method used for interpolation. Furthermore, it geod results compared to other
types of interpolation but on the other side, its computeti@ost is high.
Figure3.5shows an example of an IMF, where the blue curve represemtctnal IMF, the
green line its upper envelope, the red line its lower envelopd and cyan stars illustrate
the local maxima and minima, respectively, and the blaakie@presents the mean of the en-
velopes. In this case, the IMF has 26 zero crossing and 29dgttama, and the symmetry
of the two envelopes leads to mean value that is close to zero.

m(tn) =

(3.7)
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Figure 3.5An example of IMF with corresponding envelopes.The blue curve represents
the input signal, green and red lines are the ugpgrax(tn) and lowerenvyin(t,) envelopes,
respectively, represented by cubic spline interpolati®®ad and cyan stars represent the
local maxima and minima, respectively, and the black linbésmean envelope(t,).

In the standard EMD algorithn8()], a cubic spline interpolation method is used to estimate
the envelopes. Several alternative interpolation metihade been introduced to improve
the performance of the EMD algorithm. For example, t80] pnd rational 164 splines
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have been used as interpolation technique which is based ertea parameter and offers
transmitting between a linear and a cubic spline smoothlighoigh these studies show
lower covariance terms (more orthogonal) of the resultddfed and residual relative to
the cubic spline, they increased the number of IMFs and timebeu of sifting iterations
required to generate the IMFs. Rillireg.al[178 tried to use linear or polynomial splines,
but they result to a large number of sifting iterations andwer-decompositionf signals.
Also, B-splines were tried and gave similar results as cspimes, but they increase the
number of IMFs. Furthermore, optimizing the quadratic dosictions was used to esti-
mate the envelopes ir224, but it shows low improvement in relation to the large cost.
Accordingly, cubic splines were to be preferred to lineapolynomial interpolation. Fur-
ther methodology is proposed ihQ2[ 103 based on optimizing the interpolation poinB
(maxima and minima) to the ones with the highest frequendyiaterpolating them using
Hermit interpolation. Recently, new approaches were pgeddo generate the local mean
of the signal directly without the need to use enveloddsd[139. The obtained results
were similar to the ones obtained by the standard algoritiutthe method requires further
research and development. In this thesis, the cubic spiteegolation is used for the EMD
algorithm applied to all decompositions.

3.4.2 Stopping Criteria

In EMD, the stopping criteria determine the required nunidfesifting steps to produce an
IMF. In other words, they decide when the sifting processukhgtop. Stopping criteria
have a direct in uence on the result, since they play an irtgyarrole for the successful im-
plementation of the EMD. As described in EMD methodologg, $ifting process has to be
repeated as long as there exist local segments with meagstrmose to zero. Accordingly,
the more times the sifting is iterated, the closer the medirbeito zero. Although that is
good to eliminate the riding waves and force a local zero,ithgtads to over-sifting and
tends to split physical meaningful IMFs into meaninglesgifnents. Based on the above,
the stopping criteria must be chosen carefully to avoid deeating.

The most common stopping criteria are:

Cauchy-like Convergence Criterion

This criterion was used when an EMD algorithm has been inited in BO]. The sifting
process is performed until the sifted result is smaller thgmedetermined limig. If two
components from consecutive iterations are close enoughdb other, it is assumed that
the last extracted component is an IMF. It is based on cdlogl#éhe standard deviation of
two successive sifting results

2
_ o hi;j a(tn)  hi;j(tn)
Si;j - a. h2 (t )
n=0 i;j 1\

wheresi:; is the difference between two successive reshq[tis 1) andh;;j The rst IMF
is extracted wheneves;;j is smaller than the appropriate prede ned vatpeUsually the

(3.8)
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typical value ofs is between 2 and 03. Using a predetermined threshold is to compel
the envelope mean signal being closer to zero which will enthe symmetry of the two
envelopes between the number of zero crossings and numiegtremes. This threshold
should be small in order to allow separating all the osadlzg. But on the other hand,
it should be also large enough to avoid losing the meaningduhponents. However, a
smaller threshold could lead to over-sifting and mixingddH modes, and a larger threshold
could lead to an early termination of the sifting proceX3.[ This Cauchy-like convergence
criterion, however, is often not a trustworthy stoppindesion because it does not test or
check the two IMF conditions, and can be satis ed withoutieeimg the latter.

Evaluation Function Criterion

In 2003, Rillinget al. [178 proposed an alternative stopping criterion which uses two
thresholds; anddb. The rst thresholdd; is de ned to guarantee globally uctuations in
the mean of the cubic splines, while the secobdllowing small regions of locally large
excursions. Besides the original mea(t,) = ( envna{th) + envmin(tn)) =2, it is based on
introducing the mode amplitudt,) and the evaluation functiosi(ty)

|

eMinad(tn)  eNvinin(tn)

a(ty) = 5 (3.9)
[
s(tn) = r;((tt:)) (3.10)

where envnax(tn) and envyin(t)(t,) are the upper and lower envelopes respectively. The
sifting process is stopped when< d; for a setting fraction (1 a) of the total duration,
ands < & for the remaining fraction. Typical values of those thrddbaarea 0:05,

dp 0:05andd, 10d; [178. However, Rilling's method introduces three new paramsete
that have to be xed which might have an affect on the resgltMFs.

Fixing the Number of Sifting Iteration

This criterion that was proposed b§1][85] is based on predetermining the number of
sifting iterationl. The sifting process is stopped when the number of zeroiogsand the
extrema is the same number fosequential sifting steps. Wu and Huang #8%§ found
that about 5 iterations are enough to achieve the stoppitegion proposed by Huangt al.

in [80].

In this thesis, the latter stopping criterion of EMD algbnt is used.

3.4.3 Boundary Adjustment

In the EMD algorithm, interpolating extremes is achievethgssplines to construct the
upper and lower envelopes. However, using the spline iotetipn induces overshoots
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and undershoots. Accordingly, the resulting IMF does noueately ensure symmetric en-
velopes 80]. These problems occur when the end points are not extren@hwhuses the
spline to oscillate widely. Furthermore, and because oftfimg iterations, these effects
could propagate inwards and progressively corrupt the tegufency IMFs. The rst proce-
dure to deal with the problem proposed &9and modi ed by [37] is to pad the signal in
the beginning and at the end with typical waves. These waeelBased on the two closest
maxima and minimad0], while in [37], it is based on the closest maximum and minimum.
A simple technique introduced byLT7§ is to mirror the extreme closest to the data edge,
rather than padding with extra data. Another alternativesisg the average of the two
closest maxima and minima for the maximum and minimum spliespectively31]. In
addition, Peeét.al[163 have presented an alternate methodology c&@lédrofor handling
the spline end artifacts which is based on the assumptidhit@alope of the cubic spline is
equal to zero at the end points. For long data series, thdesinpay to control the results
corruption is to remove some data at each end of the signaleier, this becomes compli-
cated when there are not enough data to remove. The staniHddakjorithm applied in
this thesis handles the boundaries of the time series aslgesdin [23§. In the beginning,
the rst sample point of the data is de ned as rst maximum amchimumm, = t;. Then
the slope between the secofmbjxp) and third(mgjx,g) maximum is estimated

X2 Xm3 _ 4 Xm23
b3 = =
M Mg 4 mp3
During estimating the slope, a straight line is built croggihe second and third maximum.
After that, the intersection poibs(m )+ X,p between the straight line and vertical
line is calculated

(3.11)

Xmy = Max{cha(My M)+ Xmp; X(My)] (3.12)

This valuexm, will be de ned as the new rst maximunimjXny), if it is larger than thex-
value of the rst samplex(m,). The same procedure is done for the minima at the beginning
and the extreme at the end of the time series data.

3.4.4 Data Requirements

There are some demands related to the data which should éxe it account to ensure
a satisfactory signal decomposition. One of these req@ngsns the sampling rate of the
time series. EMD results depend highly on sampling conas{g03[174]. Since the EMD
algorithm operates practically on discrete-time sigralspecial attention has to be paid to
the fact that extrema has to be correctly detected whichiregja fair amount of oversam-
pling.

The Nyquist sampling theorem must be followed to provide fecsnt condition for the
sampling of the signal. Also, the number of extrema in a dlgied signal and its contin-
uous version should be equal. Furthermore, at least 5 sampleperiod are required to
obtain good results from the Hilbert transfor80]. Further details about the in uence of
different sampling rates on the decomposition outcomepareided in L74[176. An-
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other key point which plays an important role in detecting ¢éxtreme is the amplitude of
the signal. Since it is not possible to detect the extremaradlisamplitude oscillations,
the EMD method collapses to extract the components with seghsmall amplitude com-
pared to the other modes contained in the signal, espediathere is additional noise.
Finally, a third issue that has to be taken into account stedl to the frequencies of the
signal, which have only been characterized by numericaéexents, and no theory has
been created yet. EMD acts as a dyadic lter bank with whitesedb9|[177[235 and
the number of extrema will be decreased by one half from oné iMthe next. Rilling
et al. [178[175 concluded that for a given signal frequenéy, there is a frequency
bandB (f1) =[ ar f1; f1];ar < 1;r = a;=ap, for each amplitude ratio ,such thatf; and
f, 2 B (f1) cannot be separated. This supports an interpretation of EkIDter bank.
Using the same lter for two frequencies will lead to repnessthem by the same IMF.

3.5 EMD Characteristic Features

Since there is no mathematical basis behind the EMD meth®gerformance has been
studied empirically using numerical solutions. This haal®ed a clear understanding of
its decomposition behavior and de ned the issues with d@ppglthe method, which in turn,

could help researchers to make a decision about applyinmé#ikod to different types of

signal. In this section, some mathematical properties oDEMhich have been obtained
mostly through numerical expressions are explained.

3.5.1 Completeness

One important feature of EMD is that the original signal carréconstructed by summing
up all IMFs components and the residuum. Hence, the corma@ssels ful lled according
to the reconstruction equation

X(tn) = éJ c/ (tn) + r(tn) (3.13)
=1

Completeness can be evaluated numerically using this iequafhe error between the

reconstructed signal and original signal is estimated Wytraating sum of all extracted
IMFs from the original signal

o i 2
e= Xt acVy)+r(t,) =n' 10 % (3.14)
j

In practical experiments, the order of magnitude of themstoiction error is approximately
between 10%° 10 16
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3.5.2 Orthogonality

The orthogonality for the decomposition method is impdrtanensure that the extracted
components are not overlapping with each other. Mathealbtjcf two functionsx(t) and

y(t) satisfy

#2
X(t) y(t) dt= 0O; t1<t<t (3.15)
t1
thenx(t) andy(t) are orthogonal.

The orthogonality of the EMD method still is not guarantebdaretically, however the
extracted IMFs are locally orthogona(]. Huanget al. [80] tried to prove the EMD's
orthogonality by investigating several decomposed datéffarent research areas. In the
equation Equatior8.1, if r(t,) is considered as an IMF, the data decomposition can be
rewritten simply as

X(tn) = & <O (t) + r(tn) = & XU(tn) (3.16)
j j

The square of the signal is

o i 2 o o i
X(tn) = & (XV(t) "+ 28 & XV (t)XW(tn) (3.17)
j jok
Now, the decomposition is orthogonal when the second paheofight side of the equation
is equal to zero. The overall index of orthogonali@ can be de ned as follows

10=3 3 a XV t)Xx¥(tn)>¢(tn) (3.18)
th i k
According to a study of analyzing decomposed wind data byngeaal. [80], the value of
IO is only 0:0067. The orthogonality of two IMF componentsandcj can be also de ned
as
_ 8 CiCj
105 % cZ+ c?

(3.19)

It should be noted that the orthogonality mentioned hererseto local orthogonality, not
global.

3.5.3 Uniqueness

The results of the EMD decompositions of a data set are the sartong as this decomposi-
tion is subject to the same conditions implementation. @keain the EMD implementation
such as stopping criterion will lead to quantitative and nalgative change in the resulting
Intrinsic Mode Functions.
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3.5.4 Linearity and Stationarity

Linear systems ful ll the property of superpositiog§]. Given two valid inputs:a;(t),
ax(t) and their respective outputs argt) = Hf ai(t)g, yo(t) = Hf ax(t)g, whereH is the
operator that maps an inpw@(t) as a function of to an outputy(t), then a linear system
must satisfy

ayi(t)+ byo(t) = Hf aay(t) + bay(t)g (3.20)

for any scalar valuea andb.

Most real world signals, like biomedical time series, aralm®ar and can approximately
be re-formed as a linear system. However, EMD as a deconguosgchnique is able to
deal with nonlinear data. Recently there have been attetogisove the non-linearity of
EMD [208.

For stationarity property, the time seriggt 2 Z (whereZ is the integer set) is said to
be strongly stationary if the joint probability dfx,;X:,;:::; %) is the same as that of
(Ko £3 X0 1575 X t) [28]

Fx (X 500 X £) = P (g 2200 %) (3.21)

In other words, strongly stationary means that the joinbpholity does not depend on the
time itself(tq; :::;t) but only on the time differencds A weaker form of stationarity called
weak-sense stationarity, wide-sense stationarity (WS$ised in signal processing. The
time seriesX(t);t 2 Zis said to be weakly stationary if the variance is nite, IEX(t)°) <

¥ 8t 2 Z,the meanis constant, i.E(X(t))= m8t 2 Z, and the covariance only depends
ont, i.e. co X(t1); X(t2)) = coUX(t1);X(t1+ t)) = coU(X(0); X(t)). Weak stationarity
only requires that the rst (mean) and second (variance) ewnof the data distribution
P(X(t)) do not vary with respect to time.

Unfortunately, in most real systems, the data are mostlytodnstationary. The data from
such a system is not easy to analyze. The main feature of EMIEaist can be used to
decompose nonstationary data into a nite number of Inicivdode Functions without any
dif culties. These resulting IMFs used to de ne the localazhcteristics of nonstationary
signal through its instantaneous frequency.

3.6 EMD Limitation

Despite of its worthwhile success in many practical appilbces (see for exampld [ 123
[234[37][223[36]), EMD still has some drawbacks. The major drawback of EMDhuod

Is the lack of theoretical framework which leads to dif del for the characterization and
evaluation of the performance of this approach. Conseguentpractice, EMD can be
ef ciently evaluated by simulating the decomposition pges using toy data sets and inves-
tigate the effect of various parameters.

In addition to the mathematical model, EMD is an empiricéised data-analysis method
which means any physical meaning of the resulting IMFs cdrbaaeliable. However, the
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extracted IMFs maintain their amplitude modulation andhgag frequency. As mentioned
above, EMD can not guarantee uniqueness of the decompositie variation in choosing
the optimal parameters in EMD leads to the loss of physicajueness of the extracted
IMFs which makes it dif cult to interpret their physical sigcance.

One of the major drawbacks of the original EMD is the repeateclrrence of so-called
mode mixingwhich means a consequence of signal intermittency. Modengniappears
when either a single IMF composed of signals of widely ddferscales, or different IMFs
contain a signal of a similar scale. The intermittency ohsigcauses aliasing in the time-
frequency distribution, and furthermore, it makes the vidiial IMF losing of physical
meaning 80][81]. Figure 3.6 shows an example which illustrates how mode mixing prob-
lem occurs when EMD is applied. The signal used in the exampemposed of the sum
of two signalssig= Comp+ Com® (see Figurs.6-Left).

« Comp = 0:1sin(2pt,+ 5sin(pt=100)(exd (tn 25)2=10))
e Com® = sin(0:1pty)

Com is high frequency intermittent oscillations, wher€&sm® is a simple sinusoidal
signal with a larger scale. FiguB6-Right shows the nal decomposition of the signal into
IMFs and a residuglReg. As can be shown, there are still some oscillations of snealles
mixed with large scale ihlMF 1. In addition, oscillations of large scale also exist infbot
IMF1 andIMF2. To alleviate this problem, a new noise-assisted dataysisai[NADA)
method is proposed by Wat al. [236], called Ensemble Empirical Mode Decomposition.

3.7 Evaluation of EMD Performance

In fact, EMD has no mathematical background yet which wolllmhato evaluate the per-
formance of the algorithm. But EMD could be, in practice, laaged using toy data sets
ef ciently. Interpretation of Intrinsic Mode Function israajor issue in evaluating the EMD
algorithm. EMD is a completely empirical method which makelif cult to ensure the
physical meaning of the extracted IMFs. These IMFs could iferdnt in their appear-
ance and characteristics depending on the parametersrutieelalgorithm. Moreover, all
IMFs except the rst one are sums of the spline which used tionase the envelopes. This
assumes that all oscillations parts of the original sigreal be represented as a sum of
splines. EMD is, further, very sensitive to the sudden clkarig the signal e.g. losing the
time series signal in speci c time intervals. This can sign@sult tomode mixingvhich
prevents interpretation of the extracted IMFs correctig Becond key issue of EMD eval-
uation is the statistical signi cance of the extracting IMMPNVhen the data contains noise,
how can the noise be isolated surely from the information@s€&hguestions were tackled
by [59][58][ 235 through a study of noise. Flandret al.research which is based on frac-
tional Gaussian noise suggested that EMD acts as a dyadid39]. Wu and Huang235
con rmed Flandrin's results through studying white Gaassnoise instead of fractional
Gaussian noise. They also tried to evaluate the statistigal cance of an extracted IMF
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Figure 3.6EMD mode mixing problem. Left: the rst row is a superposition of the signals
in the second ronCompl = 0:1sin(2pt,+ 5sin(pt=100)(exy (t, 25)2=10)) indicated
by Compland the third rovCom®2 = sin(0:1pt,) indicated byComp2to generate the
intermittent signalsig= Com@d+ Com2. Right: the intermittent signasig followed by
its modes (IMFs) which extracted using plain EMD.

based on the observation that the IMFs of white noise are albyrdistributed. They as-
sumed that the IMF is informative when its energy densityeexis a noise bound. Energy
density of theathIMF can be calculated by a mathematical expression. Thubk,the study
of noise, the method provides a way to separate noise froonnrative signal.

The sifting process is the core of EMD method, and theretsrguality plays an important
role in the performance of EMD method. The quality of a s@tprocess may be estimated
by the number of sifting steps that is required to extract\dR. IIin [82], Huanget al. inves-
tigated the stoppage criterion by changing the number wfigisteps. A con dence interval
of sifting steps in the range of 4 to 8 for each extracted IM wancluded. The latter is
done by forcing the number of IMFs to be the same for diffegiting steps for different
stopping criterion or the way of constructing envelopes.

3.8 EMD Extension

Recently, plain EMD has been extended to improve the algyoriaddress problems, adapt
to types of data or extend the application areas. In thisestyé short overview about some
of these extensions, namely Ensemble Empirical Mode Deositipn, weighted Sliding
EMD, Multivariate EMD and Green's function-based EMD wik lgiven brie y.
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3.8.1 Ensemble EMD

One of the major drawbacks of plain EMD is the occurrence oflenmixing which could
happen during the sifting process. It describes a situatioere a single mode appears in
different IMFs or local oscillations with widely dispardtequency scales show up in a sin-
gle IMF (see Figures.6, IMF 1 for example). In general, mode mixing can be de ned as a
consequence of signal intermittency. Additionally, ofteundary artifacts result from the
sifting process due to improper envelope estimation at thamfaries. To overcome these
problem, a noise assisted data analysis method, datiedmble Empirical Mode Decompo-
sition (EEMD), was proposed by2B6. The basic idea is to exploit the self-compensating
property of white noise by applying EMD to an ensemble of peisrsions of the original
signal. Final IMFs are obtained as averages over the camnelépg modes extracted from
each member of the ensemble. The approach is based on sttithesstatistical properties
of fractional Gaussian noise, a versatile model for broadba@ise including white noise,
reported by Flandring9] and Wu and HuangZ35. They showed that EMD operates as
an adaptive dyadic Iter bank when applied to fractional Gsian noise. Thereby the mean
IMFs keep the natural dyadic Iter windows. Thus, mode mgiis signi cantly reduced
and the dyadic property is preserved.

First white noise of nite amplitude is added to the data, #meh the EMD algorithm is ap-
plied. This procedure is repeated many times, and the IMEsalculated as an ensemble
average, consisting of the signal and added white noise nAemsemble number increases,
the IMF converges to the true IMRB6[237. Adding white noise to the data can be con-
sidered a physical experiment which is repeated many tifies.added noise is treated as
random noise, which appears in the measurement. In thisttese th noisy observation
will be

Xm(tn) = X(tn) + @n(tn) = a D () + rm(tn): (3.22)

wherexm(tn) is the true signalan(t) is the random noise ardy)) = c() + gn(ty) represents
the IMF obtained for then-th noise observation. Therefore the resulttMf c()) and
residuar (t,) is obtained by averaging all th)é{ of the ensemble.

, 1Y
= 5 & chit (323)
|\/|
th) = — m(tn 3.24
W)= 158 ) (3:24)

whereM represents the number of ensembles.

By averaging the respective IMFs, noise contributions Wl removed leaving only the
true IMFs. However, in practical applications, the whiteseas not eliminated completely
which leads to extract components with more high frequeiaditionally, EEMD needs

to prescribe two parameters, namely the $izef the ensemble and the standard deviation
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Snoise Of added Gaussian noise. The ensemble nurivbshould be large while noise am-
plitudes can be selected relatively high. An added white@of 02 0:4 amplitude of the
standard deviation of the original signal is suggested byet\al. [236].

However, since there is no method to help selecting the vigftite noise amplitude, there
exist some basic rules which are possible to follow. For datia high frequency, the noise
amplitude could be smaller, and in case of low frequencyadighe noise amplitude can be
high. Additionally, the amplitude of the intermittency chae used as a reference for tuning
noise amplitude. Signals with high intermittency amplguequire higher white noise. It
is worth mentioning that, when the noise amplitude is grgwior the decomposition, the
ensemble number also should be higher to decrease the iofghetwhite noise in the nal
result. Furthermore, because of the need to compare theceedrIMFs truly, the number
of IMFs into which the signals are decomposed has been xedlirance. In this case, the
sifting process does not care about achieving the IMF @iitétowever, the decomposition
using EEMD leads to alleviate mode mixing and improve splitthe modes with similar
frequencies. The studied time series contains more loti@®a because of the added noise
which demands too much estimation to the envelopes compuoigdly. Hence, EEMD is
computationally costly but it is considered as a furtherttv@anhancement for the EMD
technique.

Figure 3.7 shows the EEMD decomposition for the same signal presentédgure 3.6.
The signal is decomposed into a series of IMFs by EEMD mett®dguM = 20 and
Snoise= 0:0001, which is shown in Figurg.7-Right. Adding white noise into the targeted
signal facilitates the separation of its different scalék wo appearance of a mode mixing
problem. EEMD has more concentrated and band limited IMspmments compared to
the plain EMD. It represents a signi cant improvement over original EMD.

3.8.2 Weighted Sliding EMD

One of the shortcomings of plain EMD is its need of the congtehe series before the
analysis can start. Many practical applications recordigidical data over long time spans
thus producing an amount of data which cannot be handledarstvoke because of limited
computational resources. A time version of EMD was propdsefd 8], called Sliding Em-
pirical Mode Decomposition (SEMD). SEMD algorithm is bassddecomposing a time
series of arbitrary length into a residuum and a certain rermabIMF-like functions called
sliding intrinsic mode functions (SIMFs). It considers ssdgments (windows) of the orig-
inal time series of lengtM. These data windows overlap each other in accordance véth th
step sizeK of the sliding window mechanism. EMD (or EEMD) is applied tch window
separately. Therefore, as each sample makes pErFof% consecutive subsegments, the
nal value of an IMF sample results from combining corresgimg samples fronk subseg-
ments. Because of the above-mentioned boundary probleEMIDf the step siz& should
be selected much smaller tham otherwise discontinuities would occur. In addition tottha
the estimated values &; for each sample of(t) might be different. These results values
of SEMD represent the mean value of all estimaigk.



3.8 EMD Extension 42

2 ; ; ; ; 2 ; ; ; ;
i AVAVAVAVAY B W
2 ‘ ‘ ‘ ‘ 2 ‘ ‘ ‘ ‘
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
0.1 ; ; ; T 0.2 .
Comp1 0 Awwuw IMF1 me
01 : : : : 0.2 : : : :
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
1 T T T T 2 T T T T
1 ‘ ‘ ‘ ‘ 2 ‘ ‘ ‘ ‘
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
x10*
2 T T T T
Res.g \/\—/\/
2 . . . .
0 2000 4000 6000 8000 10000

Figure 3.7EEMD decomposition for eliminating mode mixing problem. Left: the inter-
mittent signaksig) and its components as presented in FigufelLeft. Right: the intermit-
tent signal(sig) and its extracted modes (IMFs) by applying EEMD.

Eventually, EMD decomposes the segmemf the original signal intgj different IMFs
Xm j(t) and a local residuumy (t) according to

Xm (1) = é_xmj(t)+ Fm(t); (3.25)
J

where the number of sifting steps is xed equally for all segts.

All the resulting IMFs are gathered in a matrix with corresgimg sample points in which
the estimated values of every sample represent a columre eh#trix withE entries. The
columns for the beginning or end of the time series are indetapand consequently they
are ignored in the next steps of processing. This in turnantees that all columns contain
the same amount of information which will be used to estintag¢eaverage IMF amplitudes
at every time point in each segment. Finally, this results for m

1I+E 1
XM=z a Xmj); (3.26)
1i+§ 1
r(t)= E a rm(t); (3.27)
=L My (3.28)

k
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wherex;(t) are the resulting functions call&MFs andr(t) is the sliding residuum. Thus,
for every sample(t)- the mean value of thE decompositions represents the result of the
SEMD decomposition. Note that the number of sifting steps IdiFs should be xed for
all decompositions of all windows, otherwise problems wdoappear.

Due to computing the mean value of theestimates, the in uence of the boundary artifacts
will be reduced when using SEMD. However, it is expected #séimates originating from
the boundaries are to be more defective like the ones causdidebmiddle part of any
speci c window. To overcome this problem, an extension tdvEEcalledweighted Sliding
Empirical Mode DecompositioWwSEMD) was introduced by4[7]. wSEMD is based on

a weighted sum of the estimates which will be used to reduearnthience of estimates
stemming from the border of a window. For every window, theuteng IMFs and residua
are multiplied by a vector of rank that is generated from a Gaussian distribution.

2

w(n) = exp a% ; (3.29)

NI =

N N

5 n 5 a=25 N=m 1, (3.30)
Further details about SEMD, wSEMD and their applicatiorrsdbiomedical signals can be
found in 48][47][239[241[238[242[240.

3.8.3 Multivariate EMD

Multivariate Empirical Mode Decomposition (MEMDLY([133 is the multivariate ex-
tension to plain EMD introduced above. When interpretingirpEMD as an univariate
approach of decomposing one dimensional time course, MEMID ke seen as a mul-
tivariate approach by taking the response of a system frarargechannels as a multi-
dimensional signal with each channel — like EEG-channelgistance — representing one
dimension in am-dimensional space. The time course can be seen as a trgjpodpagat-
ing in this multi-dimensional space and MEMD tries to decos®this signal into multi-
dimensional IMFs, which then can rather be seen as rotatibaa oscillatory modes. The
main problem for the multivariate approach is that thereoiproper de nition of extrema
in n dimensions. Rehman and Mandic/[) tackle this issue by generalizing the aspect of
creating envelopes around the time course thmensions. At rst, a set of Hammersly-
sequenced-dimensional direction vectors is introduced samplingriftemensional space
as uniformly as possible. Afterwards the signal is projeécteto each direction vector to get
one-dimensional representations of the signal. Then tlreraa of those projections are ex-
tracted and re-projected into thedimensional space resulting in setsxedimensional max-
ima and minima for each one-dimensional projection, whi@ntcan be used to construct
n-dimensional envelopes. Eventually, the core principl&bfD — averaging envelopes —
can be applied to a multivariate signal by averaging thetsead@-dimensional envelopes.
Afterwards, the same procedure as in plain EMD is appliede Stopping criterion for a
multi-dimensional IMF is similar to that of the plain EMD adgthm, besides the compar-
ison of number of zero crossings and number of extrema daelsahd anymore, as there
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is no proper de nition of zero crossings mdimensional space. An additional bene t of
doing MEMD to plain EMD is that — besides improvement in awegdmode mixing — fre-
quency scales of same index IMFs alig7 (.

As for the plain EMD approach, ansemble noise assistetethod is proposed for MEMD.
It is important here do distinguish between noise assisteldesmsemble approaches. For
plain EMD these two approaches are synonymous. In case of dIMIiE has to be men-
tioned, whether only a noise assisted MEMD (NA-MEML)/[] or an ensemble noise
assisted MEMD (ENA-MEMD) 177 is applied. Compared to MEMD, the NA-MEMD
introduced channels consisting of white Gaussian noise in additiohéocsignal channels
spanning th@-dimensional space of the multivariate signal, since itiggested not to add
noise onto the already existing signal itself in the mulieee case. After EMD is done the
| noise channels are discarded. For the noise amplitud&@®% of the signal amplitude is
suggested]72. The ensemble principle is introduced by creating severalizations of
IMFs by using different initializations of noise for sevelRA-MEMD runs resembling the
same principle as for EEMD in the univariate case. The mailtate aspect of MEMD can
be exploited in EEG studies by looking for multivariate plagnchrony 148 or several
other intrinsic multi-scale measurek2().

3.8.4 A Green's function-based EMD

Recently, Al-Baddakt al. [6] has developed a new version of 2 Dimensional Empirical
Mode Decomposition (2D-EMD) based on Green's Functionss)Gif-tension. The latter
is employed to build surfaces during sifting process irgtafausing the normal spline in-
terpolation. The main point that GFs forces an envelope dase to pass through a given
number of the data constraints. Consequently, unwantdatladiens between data points
are avoided. Generally, the general solution of any poirtherenvelope based dnhgiven
data constraints can be expressed using GFs as follows

N
S(Xu) = & WnF (Xu;Xn) (3.31)
n=1
wherex, are the points at which the envelope is unknows then th data constraint (in
case of the EMD it represents the extracted extremum durftiggsprocess)F (Xu; Xn) IS
the Green's function andy, are the associated unknown weights in the envelope regeesen
tion. It was proven by Sandwell87] that the Green's functiof (x) satis es the following

DD5, TDop F(XuXn)= d(Xu Xn) (3.32)

where, Dgp and Dop = N2, denote the bi-harmonic, the Laplace and the Nabla-operato
respectivelyD is the exural rigidity of the envelope and the tension paetenT. The
latter must be between 0 and 1 (whErO, GFs is considered as normal spline interpolation
and whenT =1 is considered as linear interpolation). Now, to solve &pun 3.32for data

constraints, the weights of known data constraints is efatll rst as
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N
Sn= & WnNF(Xm Xn) Am m= 1;::::N:
m= 1

which results in a quadratic linear system

Gw=_c

where the Green's matri& collects all Green's function8 (X, X,) at the data constraints
m;n= 1;:::;N. Corresponding slopes, in directionsfi,. To compute the GFs, the curva-
ture of GF is introduced

Y (x) = N?F (%) (3.33)
When Fourier transform is applied, the result will be
2 2
p _ 1p°,
Dop+ 2 Y (k) = Tie (3.34)
Now, when Fourier transform is computed again, the genetatisn becomes
_ 1 p

wherek is the wavenumber aridis the Fourier transform of. The exact solutions, however,
depend on the dimension of the problem. For the gase0 which corresponds td > 0,
the solutions arel[87]

1D:f(X)=e P+ pjx 1 (3.36)

2D : f (X) = log(pjx) + Ko(pjXj): (3.37)

whereKg is the Bessel function. Exact solutions for even higher disn@nal problems
exist. However, they are not relevant for the scope of thesigh Recently, the 2D version,
called GIT-BEMD, has been successfully applied to fMRI irsfp]. The latter was jointly
collected with our EEG data. Exact solutions for even higlisrensional problems exist.
However, they are not relevant for the scope of this thesis.






Chapter 4

Contour Integration Task

4.1 Perceptual Learning

An essential task of visual system is to identify shapes addys of a visual scene that

belong together as meaningful objects. In the early visggtbsn, neurons carry local image

attributes of the visual scene. Visual integration is delres the process of combining

these attributes into a a unique structure more suitabléhéoguidance of behaviof 2.

This combination which is classi ed under the term “peraggtgrouping” requires some

kind of grouping process. The human visual system perforuok grouping processes in a

hierarchy of serial processing steps, depending on sptraporal, and chromatic features

of the stimulus 19][161][69][114]. There is a set of rules which was elaborated by Gestalt

psychologists, that manages these grouping processeden tor control the principles of

perceptual organizatiodp([227]. These rules aim to formulate the regularities according

to which perceptual input is organized in a regular, simpleg meaningful form. The

Gestalt rules of perceptual organization include (seergigLi):

* Proximity. stimulus elements that are near each other are inclinee fgelceived as a
group.

» Similarity: stimuli that are perceived similar will be perceived as @ugr.

Closure stimuli are likely to be grouped into complete gures.

Common Fateobjects are seen as lines that move along the smoothest path

Figure Ground it is known as separating gures from their background.

» Continuity people connect individual forms so they tried to minimizgcdntinuity.

One special case of perceptual grouping is contour integrathere local parts of an in-
tersected contour are re-integrated to form a continuono®co line, following the Gestalt
rule of good continuation. The latter has been known for g ltime ago, see2q, and

it helps to recognize a number of geometric illusions as geablor just as a speci ed
path of elements in visual perceptidsd]. Hence, Gabor elements can represent rather the
receptive eld properties of orientation selective simpkls in the primary visual cortex.
Consequently, such Gabor elements are used as a favorablgi $or the examination of
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Figure 4.1Examples of Gestalt rules for perceptual grouping(adapted from166)).

these small spatial lters and their interactiod®§. Using Gabor elements with different
orientation angles in psychological experiments is duegbyaiological background.

4.1.1 Contour Integration

One such perceptual grouping process is a contour integrathich is one of the most
elementary tasks during visual feature integration. lhes main visual process that cre-
ates representations of continuous borders and shape drasis of the related orienta-
tions of multiple edge elements. Contour integration is wwmly measured as the ability
to detect the shape, position, or existence of a closed apcteated from non-adjacent
elements, included within a display of randomly orienteeineénts. Contours make the
boundaries of objects which are considered as the rst stagdhape perception. First
attempts to introduce a descriptive basis for contour natisgn considered the task is so
complicated for being implemented by local feature proogssnits early in the visual
area. So, they tried to use a globally mechanism that cormbiriermation from multiple
feature dimensions in order to recognize the visual obj2@¢[20]. However, this con-
cept was challenged by many researchers in neuroimad?jflpg[13], computational
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[65][165[120[33][110[191], neurophysiologicall18[18][ 134][ 186 and psychophysical
studies $4][107][138[180[50][ 143. The task of contour integration can be outlined by a
series of three processing stages at different levels ofiioal hierarchy according to how it
is achieved by the visual systeffiltering stageis the rst stage which would be concerned
with extracting local features of stimulus elements thdbbg to the same contour. In the
next stagdinking stage connections of similar elements are modeled based on feaal
tures like orientation, proximity or contrast. The nal g&integration stageis concerned
with grouping individual elements into an entire contousdx on the connections models
and consequently, constructing a global perceived ob@st [The ability to integrate the
individual elements (Gabor) into a contour depends on tgacing and orientation with
regard to the path orientatiob4][119. Some stimulus characteristics appear to have an
effect on connecting contour elements: closed contoursare easily detected than open
ones [L09[165. Similarly, symmetric contours are also easier to deteahtasymmetric
ones [L28. Actually, contour integration gets better when Gabonedats are oriented in
perpendicular direction to the contour within a closed aae@ gets worse, when these el-
ements are oriented parallel to the contd8]] In this thesis, we used exclusively Gabor
arrays as visual stimuli. It could thus be objected that #silts are not speci c for con-
tour integration, but re ect some general visual processeter conditions of low stimulus
visibility.
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4.2 Experiment Materials

4.2.1 Subjects

The subjects participating in the study encompassed 5 nmalel 3 female volunteers be-
tween 20 29 years old, i. e(2279  2:7) [yeard. All subjects were right-handed and
had normal or corrected-to-normal vision. Based on s@éres, the subjects had no neu-
rological or psychiatric disorders, brain injuries or dgpendencies. This study also was
approved by the local ethics committee (study number 101 0035). Subjects were
treated according to the principles laid down in the Helsti@claration.

4.2.2 Gabor Stimuli

The stimuli were generated with a procedure similar to thdtl85. Stimulus displays
contained odd symmetric Gabor elements arranged in anbte/is0 by 10 grid subtending
16:6 deg 16:6 deg of visual angle. The corresponding stimulus protaedlustrated in
Figure4.2. The luminance distributioh(x;y) of a single Gabor element is de ned by the
equation

NCT, 0.194 s

Figure 4.2Stimulus protocol including Gabor patches either forming acontour (CT)
or none (NCT).

L(Xy) = Lo(1+ s(xy) g(xy)) (4.1)

whereL(x;y) [cd=n?] is the luminance at poir(i;y) andLg is the background luminance.
The functions(x;y) represents a 2D - sinusoid, describing the carrier wavegéng) the
related Gaussian envelope, describing the amplitude rabdanl These functions are given

by

s(xy) = Csin[kx xcogq)+ ky ysin(q)] (4.2)
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whereC = 0:9 is the Michelson contrast k = ( Kky; ky)T k[rad=m]= 2pf [cpd]is the angular
wave number withf = 3 [cpd] the corresponding spatial frequency[ayclesded, andq
is the orientation from vertical which depends on the experital condition. Furthermore,

+y?

2s2
wheres = 0:25 deg is the standard deviation of the Gaussian envelo@sured in degrees
of visual angle.
For contour displays, a path of 10 invisible line segments ws@nstructed and placed at
a random location within the stimulus area, with the restits that none of the segment
centers, where the Gabor elements were nally placed,ri&dthe inner 2 2 grid cells, and
that at least 4 segment centers fell into the inneiBagrid cells. This ensured that the Gabor
path did not cross the central xation mark, and that the etrggty of the path was not too
large. The angle between adjacent line segments was thepgkba plus an orientation
jitter Da drawn from a uniform distributiop(Da) 2 [ 1;+ 1]. Gabor elements were placed
at the center of each line segment and aligned to the segmeensation. The separatian
between neighbouring elements depended on the length obthesponding line segments.
Itwas chosenaa da=2 0:55 degrees of visual angle. After setting up the Gabor
path, empty grid cells were, lled with randomly oriented Galelements. The size of the
grid cells was set to(1+ 2) = 1:66 degrees of visual angle. This ensured that mean
distance between distracting Gabor elements was closetméan distance between the
elements making up the Gabor path. The distracting Gabanezies were placed in the
center of each grid cell and jittered vertically and horizdly by  0:55 degrees of visual
angle. New Gabor elements were not drawn if their visiblé paerlapped with an already
existing Gabor element by more than 5 pixels. The whole dtimwas withdrawn if more
than 10 Gabor elements could not be drawn. Thus, each ssmahtained 90 100 Gabor
elements. For constructing non-contour displays, the salgwithm was used as for the
construction of contour displays but rotating adjoiningo@iaelements by 45 deg. Thus,
non-contour displays resembled contour displays witheesfp spacing, positioning and
the number of elements, but did not contain a Gabor path.
For the experiment, a set of 150 non-contour stimuli was geed, which was the same
for all subjects. Then a set of 150 contour stimuli was geaedraeparately for each subject,
where the path angle was adjusted to the individual maximum tolerable path anghese
angles were obtained during behavioral pre-testing angedifrom 21 ded 34 deg.

X2

g(xy) = exp (4.3)

4.2.3 Experimental Procedure

Subjects were positioned supine in the scanner. The visoallswere back projected onto
a translucent circular screen (LCD video projector, JVC BGRO0, Yokohama, Japan) and
was seen on a mirror re ecting the projected image. A stah@® running Presentation
12.0 (Neurobehavioral Systems Inc., Albany, Canada) wad t@ stimulus presentation.
The projector had a resolution of 800 by 600 pixels at a réfrate of 72HZz]. The viewing
distance to the projection screen wasé4.
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The trials started with the presentation of a central xaticross that remained visible
throughout the experimental block. After a random intefi@in 1000 3000[m9g, a stim-
ulus was presented for 194hd, followed by a blank screen. The next trial started after the
response, or after a time-out of 3009 if the subject did not respond. The behavioral
responses were recorded with two ber-optic response b{xesitouch, Photon Control,
Ltd, Burnaby, BC, Canada) where one key was provided for esgdr of the left and the
right hand, respectively. The subjects were instructeceteat contour stimuli. One half of
the subjects used the left hand foc@ntourresponse and the right hand fonan-contour
response. For the other half of the subjects the responspingawas reversed. Altogether,
the subjects were presented with 300 stimuli in a randomrppdetitioned into 15 blocks
with 20 trials each.

4.2.4 EEG Data Acquisition

The EEG was recorded concurrently with fMRI in a Siemens ¢kle3 Tesla Head Scan-
ner. In this thesis, we focus on the EEG data. The fMRI resarésreported in a sepa-
rate work @]. The EEG was recorded with an MR-compatible 64 channel Ef&iem
(BrainAmp MR plus, Brain Products, Gilching, Germany). T9ealp EEG was obtained
from 62 equidistant electrodes that were mounted in anieleap (EasyCap, Herrsching-
Breitbrunn, Germany) and were referenced to FCz duringrdaeg. Impedances were
kept below 200kW]. The signals were ampli ed betweenld00[HZ], with a notch lter
at 50[HZ] in order to cancel out mains hum. The sample rate was at thenmmaxreso-
lution of 5000[HZ]. To control for eye-movement artifacts, the vertical elestulogram
was recorded from an electrode placed below the left eye. |&ctrecardiogram (ECG)
electrode was placed below the left scapula in order toifawl the off-line removal of
cardioballistic artifacts. The clock of the EEG ampli er svaynchronized with the clock
output of the MR scanner usingSynchBoxmanufactured by Brain Products (Gilching,
Germany). Electrode locations are presented in Figuse

4.2.5 EEG Data Preprocessing

MR gradient switching produces large artifacts in the EEGhdane a new slice is collected.
A second source of artifacts is the movement of electroddscanductive blood inside the

MR scanner due to the cardiac cycle. The continuous EEG dataeleaned from both gra-
dient and cardioballistic artifacts by means of artifachpdate subtraction as implemented
in the FMRIB plug-in for EEGLAB B0][ 150.

» Gradient artifact onsets were determined relative to the Wdlume onset marker that
was recorded along with the EEG. With respect to gradieifaars, a template was con-
structed for each slice artifact and for each channel seggrand then subtracted from
the actual artifact. The template consisted of a movingameiof 21 neighboring slices
and a linear combination of the major principal componemiscdbing the residual arti-
facts that remain after artifact subtraction. These weterdened automatically by means
of sorted eigenvalues. The corrected data were down - sdnp/®00[sampless] and
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Figure 4.3Position of 62 EEG electrodes.

highpass- Itered (FIR) at & [HZ. Bad stretches of data in the continuous EEG, due
to incomplete gradient artifact removal or other idiogragrtifacts, were identi ed and
removed by visual inspection.

 Cardioballistic artifacts occur around heartbeats wisicbw a characteristic de ection in
the ECG electrode denoted@&RS complexThe FMRIB plug-in provides a reliable algo-
rithm for the detection 0QRS onsetsFor removing cardioballistic artifacts, a temporal
principal component analysis (PCA) was performed on eadB Etannel. The rstthree
components were taken as an optimal basis set for descshiage, amplitude and scale
of the artifact. This set was t to, and then subtracted freach artifact instance. As for
the removal of gradient artifacts, this was performed fahezhannel separately.

Preprocessed EEG data subsequently were subjected toepemakent components analy-
sis (ICA) using the extended INFOMAX algorithri15. Components related to artifacts
were identi ed by visual inspection of the component topgries and power spectra. Main
sources of artifacts were eye blinks, eye movements, tongxta activity, as well as resid-
ual pulse and gradient artifacts. Components identi ed réiaat-related were removed,
and the remaining components were back-projected into B® &ignal space. The data
was then segmented into intervals disBduration, centered around the stimulus onset, and
baseline-corrected within the whole interval. Singlel¢rimere again inspected and rejected
if they contained artifacts. The overall rejection rate Wwasveen 67 % and 42 % across
subjects (mean 22 %), i. e., between 174 280 trials per subjects (on average Z3for
both conditions) were available for the analysis.

EEG data were analyzed using custom code and the EEGLABdwalbveloped at the
Swartz Center for Computational Neuroscience (SCCN), USA [
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(http://sccn.ucsd.edu/eeglab/ ). For signal analysis,skgmented data were further
reduced to intervals of 100@ng duration, each containing an onset of a Gabor stimulus.
The epochs (trials) to be analyzed extended ftpm150[mg ! tp+ 850[m4 relative to
stimulus onset &b, corresponding to 500 samples.

Hence, these single trial signals are denoted as

XM (t:5) with n= B; B+1::01:::M 1; ch=1;2;:::C

wherech denotes the index for the recording position (chanre2),SC= fCT;NCTg de-
notes the stimulus condition amg= 1;:::N; with N; the total number of trials. The index
ty is related to discrete time amglindicates the time of stimulus presentation, meaning that
the segment starB= 75 samples before stimulus onggand lasts mor& = 425 samples.

In brain studies, evoked potentials are extracted fromlsitrgal recordings by averaging
single-trial signals, corresponding to a particular stusuover all trials. In this study, two
different stimulus conditions, either contour true (CThon-contour true (NTC), were ran-

domly presented. Then, for each condition, average sigé%s?tn; s2 SO were estimated

ng,rg(tn;SZSQ:Ni & XM(t:s) n= B B+1;:::0:0 M 1
SCe2sc

resulting, for each participant, in two sets of ERP sigrxéi% (t,;CT) and xg?,? (th; NCT)

usingNcT andNycr trials, respectively.

Responses to Gabor stimuli exhibited a large biologicalatéity as can be seen from

Figure4.4. There, for the purpose of illustration only, global ERRs stniown of all subjects

as averages over all channels. Such global averages pravameah idea about the extent
of biological variability between individual stimulus panses.
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Figure 4.4Global averages of individual ERPs elicited by the two stimlus conditions
CT and NCT. The ERP amplitudes are normalized to zero mean and unii@ngatd devi-
ation. ERPs for both conditions are superimposed onto ether,blue Contour condition
andgreen Non-contour condition.






Chapter 5

Forward Modeling of the EEG Data
based on EEMD

The goal of electroencephalogram (EEG) source localimaido nd the brain areas that
are responsible for generating the interesting EEG wavesonisists of solving two main
problems, forward and inverse. The EEG forward problemlrescalculating the electri-
cal potentials for speci ¢ source locations, orientati@msl signals which is the rst step
towards the reconstruction of the spatio-temporal agtioftthe neural sources of EEG. In
this chapter, a new method to calculate these potentialsndipg not directly on the raw
data is introduced. First the recorded EEG data are analyged) a data-driven analy-
sis method, EEMD. This analysis discusses characteresdittifes of event related modes
(ERMS) resulting from the decomposition. We investigatetiler an EEMD analysis can
provide underlying characteristic modes which show d#feres between stimulus condi-
tions with clear statistical signi cance. This chapter ig@anized as follows, Sectiob.1

is devoted to setting the optimal way for the analysis whintiudes estimating: EEMD
parameters, ERP components and ERMs of interest. EstigflaEEMD parameters such as
sifting iterations, noise amplitude and ensemble sizectatiect the characteristic features
of modes which will be extracted next. EEGs are investigatdtie level of event related
potentials (ERPs) which represent averages over a sutlgiésrge number of single trial
recordings. Typical ERP components and their related ¢asrare then compared for dif-
ferent stimulus conditions. This section tries to expldre interesting ERP components.
Furthermore, this section presents a detailed descripfitime EEMD analysis applied. It
explains how EEG signals are decomposed by applying EEMDadetThe latter will be
done in two different waysApproach Aand Approach B Several different investigations
and tests will be implemented in this chapterRiesultsSection5.2. The latter accounts for
details of the EEG analysis and summarizes the main ndingpresents and quanti es
the results obtained. Component time courses and relatat topographies further illus-
trate these results. Finally, the chapter will end vidilscussionSection5.3 which offers a
thorough discussion of these results.
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5.1 The Optimal Con guration for the Analysis

The optimal analysis of any data entails choosing the "destiween various alternatives.
The goodness of the alternatives has an affect on the pafa®nindex. This section dis-
cusses selecting the best structure, method, and paranaténe analysis. EEMD is used
as an analysis tool that allows to extract component sigmiaish contain decisive informa-
tion about responses to contour and non-contour stimulMEMBas been selected instead
of plain EMD to avoid problems like mode mixing, boundaryeets and so on .

-100 0 100 200 300 400 500 600 700 800 -100 0 100 200 300 400 500 600 700 800
T T T T T T T T T T

5 L L L L L n I L f L
—100 0 100 200 300 400 500 600 700 800
Time ms

Figure 5.1Extracted modes when applying EMD and EEMD.Left: EMD decomposition
on ERP of EEG signaRight: EEMD decomposition on the same EEG signal in the left.

An example of using EMD and EEMD methods to decompose EEGakga given in
Figure5.1, where the two methods were applied to the same EEG signsémied in the
rst row. As can be seenMF 2 of EMD decomposition in the left side is a consequence
of signal intermittency. In addition, boundary artifacésulted from the sifting process at
the boundaries. For exampl®F3 andIMF4 of EMD decomposition (left side) can be
alleviated when applying EEMD (right side). Note that thenfer of extracted modes by
EEMD has increased because of the added noise.

5.1.1 EEMD Preparation

EEMD needs to prescribe two parameters, namely theEiakthe ensemble and the stan-
dard deviationsnoise Of added Gaussian noise. Those two parameters were chog@n em
ically after several attempts which indicated an optimaiesnble humbeE = 20 and a
proper standard deviati®heise= 0:2 Ssignal, Wheressigna denotes the standard deviation
of the signal amplitude distribution. Figube2shows EEMD decompositions of EEG signal
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which were implemented with different levels of Nno&gjse=[ 0:0010:01,0:1;0:2] Ssignal

and an ensemble size Bf= 20. As can be seen in the gure, there are no big differences
between the extracted IMFs, however, a slight improvemastieen observed iMF 2 and
IMF 3 when EEMD was implemented with noisg0
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Figure 5.2EEMD decomposition on ERP of EEG signal.In the EEMD, an ensemble size
of E = 20 is used with different added white noise in each ensemblalmer which has a
standard deviation afnoise= ( 0:001;0:01,0:1;0:2) Ssignat

To determine the ensemble siEe several EEMD decompositions of EEG signal with dif-
ferent ensemble sizés= ( 5;10,20;50) are done using a xed noise Ghise= 0:2 Ssignal

as illustrated in Figur®&.3. The differences between extracted modes when increadseng t
ensemble size are only tiny, hence less noticeable. Funthrer, a large ensemble size leads
to increasing the computation time.

Furthermore, because of the need to average correspordifg dver several trials, the
number of IMFs into which the signals are decomposed has edrin advance. Empiri-
cally, after systematically varying the number of modeseeatnposition into 7 IMFs plus
a residuum was considered most appropriate (see Figfand5.13. Slightly abusing
the de nition of a residuum, by integrating the latter as adidonal IMF, all signals were
decomposed into 8 IMFs nally. Additionally, the sifting @cess was implemented with a
xed number of iterations instead of verifying the IMF coftidn [240.
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Figure 5.3EEMD decomposition on ERP of EEG signal. The decomposition is imple-
mented with different ensemble sizestof ( 5;10; 20;50) and an added white noise which
has a standard deviation 8figise= 0:2 Ssignal-

5.1.2 Event-Related Modes from EEMD Decomposition

A more informative way to analyze ERPs concerns the apphicatf signal decomposition
technigues which offer a principled way of extracting cleéeastic features from the record-
ings which in turn, reveal signi cant response differenbeswveen both stimulus conditions.
In this work, EEG signals are decomposed by applying ensemolpirical mode decom-
position. The latter will be applied to the set of signalswo tdifferent ways. Approach A
preserves phase-locked modes and disregards non-pltkeetimodes, while approach B
considers both, phase-locked as well as non-phase-lookades during mode decomposi-
tion:

» Approach A: EEMD after averaging over trials.

After averaging over trials, EEMD is applied to all singlexcimel ERPs, i. e. tng,? (t;CT)
andng,g (th; NCT), respectively, thus yieldingvent-related modd&RMs) which contain
only those parts of the response signals that are phaseeddokthe stimuli. Averaging
has been performed for each stimulus condition separatelye=MD decomposition

was performed for each ERP signal. Then IMF (ERM) amplitutiage been estimated
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within intervals centered at the characteristic peaks efcitrresponding ERMs, 1. e. for
P100,N200 etc. as was explained above.

« Approach B: EEMD before averaging over trials.

Alternatively, EEMD is applied to each single trial respersignalx(®"(t,:s) at each
channel separately. Then all corresponding IMFs becomesdoh of the two stimulus
conditions, averaged over all trials to yield related ERMse latter now also contain in-
formation about signal components non-phase-locked tsttivaili. The further analysis
for estimating mean peak amplitudes of ERM components has thene in the same way
as already discussed for approach A.

Before applying an EEMD decomposition, all signals wered#adized to zero mean and
unit variance (z-score). The following Figuse4 illustrates ERMs, obtained from a grand
average of global ERPs, and their related Hilbert - Huangdfiamms. Especiallf RM3
ERM6 show rather pronounced oscillations with stable fregiesnsee the related Hilbert -
Huang Transforms) ranging fromBzZl 30[HZ roughly. Thus these oscillations represent
characteristic EEG bands like theta - or alpha - bands.

The intrinsic mode ERM5, as can be seen in Figureand more clearly in Figurg.5, most
closely re ects the prominent ERPs of the raw data set. Ttterlaorresponds to a grand
average over 18 subjects of the signals recorded at all effa(see Figuré.6).

5.1.3 The Studied ERP Components

Figure 5.6 illustrates a typical global ERP response, obtained as radgaaerage over all
channels and over all subjects. Such a grand average ERBitexfiour prominent ERP
peaks after stimulus onset, which will be denoted accortheg latencies a®100 N20G,
P300 and\N400, respectivelyd6]. As can be seen, typically one observes a positive peak oc-
curring roughly at 200mg (maximal response amplitude usually occurring betweem#D
and 180m9q) after stimulus onset, calldéfL00. This is followed by a negative peak, called
N200, with maximal amplitude between 1589 and 260[mg). P300 identi es the next
positive peak occurring usually between iy and 370mg, followed by a late negative
potential, denotetl400, at 37dmg to 450[mg. Note that the Gabor stimuli last for almost
Dtst = 200[m9q after stimulus onsdp, hence encompasse$00 and part oN200.

In the grand average ERP, differences between stimulusitcmmsl mostly appear for the
early responses, i. e. fd?100 and most notably foN200, N400, and seemingly also
between 60Qdmg and 800[mg. Mean amplitudes have been estimated therefore within
intervals centered at these characteristic peaks.

5.1.4 Pooling of Electrodes

Our main objective is to investigate the contribution of kedcain region in response to
contour stimuli. In addition to that, it is important to detene a unique set of brain ar-
eas that generates scalp-recorded components of int@assequently, signals have been
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Figure 5.4EEMD decomposition on grand average ERPsSingle subject ERPs were aver-
aged over 18 subjects and are shown for two stimulus comditiGontour and Non-contour.
This signal is generated by averaging all signals from Fgu# for the two conditions
separately. Plots in the left column represent the averaggthl (on top) followed by its
event-related intrinsic modes (ERMs). Plots in the rightuot present related Hilbert
spectra for each of the corresponding ERMs in the left column

pooled according to a clustering scheme proposed by Affgaghich divides each hemi-
sphere of the brain into six electrode clusters. This proceted to six regional means for
each hemisphere which were named according to their spat&iions: Anterior Tempo-
ral (AT), Frontal (FR), Central (CE), Parietotemporal (PFParietal (P), and Occipital (OC).
The grouping of electrodes on the left and right hemisphareslepicted in Figurg.7-Left.
The difference on the latency of the peaks of global aver&feelated with the ERP com-
ponents is clearly visible on the ERP averages of the poddetredes. Figuré.8illustrates
that those peaks show an earlier response in the parietapiat regions OC; P, PT) and
later on the frontal regiond=R; AT). The differences in latencies of ERPs, corresponding
to the pooled signals of the right hemisphere, are markedjur&5.8 by the straight lines.
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Figure 5.5ERP signal and itsERM5. Comparison of the original EEG recording (grand
average over 18 subjects of all channels) vidlRM5.
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Figure 5.6Grand average ERPs, obtained as a result from averaging inglidual global
ERPs from 18 subjects. Such a grand average ERP exhibits four prominent ERP peaks
after stimulus onset, which will be denoted according thegncies a$100,N200, P300
andN400, respectively.

By visual inspection, it can be seen that for the BRPO, in the occipital brain area an early
response occurs during the time interva[@® 120[md while in the frontal brain area the
correspondind®100 peak shows up in the interval 1g@ 180[mg. Correspondingly,
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Figure 5.7Pooling schemes.Left Pooling of electrodes into 6 clusters according to a
scheme proposed bg][ Right It shows the two groups of electrodes related with early and
late responses.

for the ERPN200 two intervals were considered corresponding to an eadgonse at
150[mg 210[mg and a late response at 2il§ 260[m9g, respectively.

However, the ERPs of the CE cluster clearly exhibits a dopbkk structure of th&l200
ERP component showing early and late response componenifiameously. This is justi-
ed by the average of the two kind of signals, e.g, early and tasponses. To determine the
early and late response signals of electrodes, CE regiomiwaked into three sub-regions:
CE-R1 which consists dfC3; FC5 andFC4; FC6, CE-R2 consists d£3;C5 andC4;C6,
and CE-R3 consists @P3; CP5 andCP4;CP6 electrodes in the left and right hemisphere,
respectively. Figuré.9illustrates that electrodes in the CE-R1 region show lasponse
signals while electrodes in CE-R2 and CE-R3 regions pre=any response signals. Con-
sequently, electrodes in CE cluster can be classi ed ay essponse signals for CE-R2 and
CE-R3 regions while late response in CE-R1. Given the d8onsabove, electrodes have
been grouped into early and late response signals as pedsariigure5.7-Right.

5.2 Results

The following section will present results obtained frora #EMD analysis of EEG record-
ings of 18 subjects during a contour integration task. Resdncerning raw data are pre-
sented at the level of event -related potentials (ERPs)a Bdhen decomposed with EEMD
either using single trial recordings or ERPs.

5.2.1 Raw Data

As explained above, for the ERPLOO in the occipital brain area an early response occurs
during the time interval 60mg 120[mg while in the frontal brain area the corresponding
P100 peak shows up in the interval 1gg 180[mg. Similarly, for the ERPN200 two
intervals were considered corresponding to an early respan150Jmg 210[mg and
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Figure 5.8The pooled ERPs responsesThe ERPs are averaged in pools of electrodes
located on different regions.

a late response at 2Qthy 260[mg, respectively. Next, the difference of the absolute
values of these mean response amplitudes, estimated atleachel and for each stimu-
lus condition, has been computed. Finally, these diffezsritave been averaged over the
population of 18 subjects. A paired t-test identi ed the ichals with the most signi cant
differences in signal responses. The resulting valuesIbese used to generate correspond-
ing head topographies as illustrated in Figusesk0and5.11 The topograms (see Figure
5.10 illustrate early and late response differences resuftmm mean response amplitudes
around the ERAP100. Obviously, early as well as late response differenppga to be
insigni cant at a con dence level ok = 0:05. On the contrary, early and late response
differences estimated around the ERROO (see Figur&.11) appear to be signi cant for
the same con dence level. Early response differences aaedd in occipital areas of the
brain, while late responses are found in frontal brain acedg Additionally, such signif-
icant differences are detected only in the right hemisph&able5.1 summarizes p - and
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Figure 5.9The pooled ERPs responses of CE region divided into three suiegions. The
ERPs are averaged in pools of electrodes located on diff@€rsub-regions.

T - values for signi cant early and late responses at varimasitions (channels) and for

different con dence levels in case of ERP200.

Figure 5.1(Head topography of the signi cant difference of theP100signals.Top Early

responseBottom Late response
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Figure 5.11Head topography of the signi cant difference of the N200 signals. Top
Early responseBottom Late response

Table 5.1Test statistics for ERPN200. Results of statistical tests of differences in mean
ERP amplitudes for the event related potenN&00 in early and late response areas. P
- and T - values are reported for different signi cance leve] ) :a = 0:.05;( ):a =
0:0L( ):a=0:.001

5.2.2 ERMSs
Approach A: EEMD after averaging over trials.

Averaging has been performed for each stimulus conditiparsgely and EEMD decom-
position was performed for each ERP signal. Then IMF (ERMpltodes have been esti-
mated within intervals centered at the characteristic pedkhe corresponding ERMs, i. e.
for P100,N200 etc. as was explained above. Again, a subsequent pagstidenti ed the
channels with the most signi cant differences in signap@sses. The resulting values have
been used to generate corresponding head topographiedatiéreare very similar to the
ones obtained by approach B, but show lower signi cancel$evEhese results are summa-
rized in Table5.2and Table5.3. As can be seen from Tabte2, early responses have been
observed only for channels located in the occipital andgpalriareas of the brain, while a
highly signi cant late response has been observed for am#lan the frontal area of the
brain. A similar observation holds for the entries of Tabld Signi cant early response
differences are more numerous for the diffetrd@00 ERM components, while again only a
single frontal channel exhibited a signi cant responsésdénce. Note that even the original
ERP shows signi cant late response differences forNR@0 ERP component.
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Table 5.2Approach A: Test statistics for ERM4 and ERM5 from P100. The table summa-
rizes parameters of the test statistics (p-value, T-vdrd RM4 andE RM5 extracted from
the ERPP100. An EEMD has been applied after averaging over trialxt@et ERMs. P-
and T-values are given for different con dence levdls)y: a = 0:05;( ):a = 0:01.

Table 5.3Approach A: Test statistics for ERM5; ERM6 and ERM7 from N200. The table
summarizes parameters of the test statisticEfaiM5, ERM6 andERM7 extracted from
theN200 ERP. An EEMD has been applied after averaging over tioa¢tract ERMs. P-
and T-values are given for different con dence levéls)y: a = 0:05;( ):a = 0:01.

Approach B: EEMD before averaging over trials.

Approach B consisted in performing an EEMD of all singleltsignals separately. Then an
average over trials has been performed for each IMF, eatluksis condition and each chan-
nel, resulting in corresponding ERMs. The further analj@igstimating mean peak ampli-
tudes of ERM components has been done in the same way asyaltisadssed for approach
A. Figure5.12illustrates differences in early100 responses for both stimulus conditions.
The top row presents on the right the componeRiV5 for both stimulus conditions. It
represents an average over all channels which exhibit a cagi response difference at

a con dence level oa = 0:05. On the left, the corresponding raw signal is presented fo
comparison. In the componeBRMS, clear differences are seen in response amplitude for
both stimulus conditions. In the bottom row, the topograpsulting from differences in
ERM5 amplitudes related to the EFRR00 at a signi cance level ai = 0:05 is shown. The
rightmost topogram exhibits those brain regions wherei signt signal differences could
be detected. As can be seen, early responses are localieedijital and parietal areas of
the right brain hemisphere only. There, the amplitude ofRh@0 component oERM5 is
larger for the stimulus condition NCT than for condition GE¢ Figuré.12). Furthermore,
remember that for the raR100 ERPs (Figur&.12 top left) no statistically signi cant dif-
ferences in response amplitude could be found. Note th&186 peak maximum, both in
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Figure 5.12Early stimulus response at ERPP100. Top Left Standardized original ERPs
for both stimulus conditionslop Right ERM5 for both stimulus condition8ottom Head
topographies showing locations of signi cant differenae& RM5 amplitudes for both stim-
ulus conditions.

the raw signal as well as in tieRM5, occurs shortly before= 100[mg, hence represents
what we call arearly stimulus response.

Figure5.13illustrates differences in what we cédite P1L00 responses for both stimulus con-
ditions. The top row presents to the right the compoleRIMS for both stimulus conditions.
It represents an average over all channels which exhibgra sant response difference at
a con dence level oa = 0:05. On the left, the corresponding raw signal is presented fo
comparison. In the componeBRMb5, the differences in response amplitude for both stim-
ulus conditions are even more pronounced than in case ofatie response. On the left,
an average of the raw signals of all those channels whichbhéxdigni cant response dif-
ferences is shown. In the bottom row the topography reguftiom differences irERM5
amplitudes measured for the ERROO at a signi cance level o&d = 0:05. The rightmost
topogram exhibits those brain regions where signi canhalglifferences could be detected.
As can be seen, late responses are localized in frontal admbftemporal areas in the right
hemisphere only. There tHeRM5 amplitude for the stimulus condition CT is larger than
for condition NCT (see Figurg.13 contrary to what has been observed for the eRil§0
response in occipital areas. Note that the peak maximumreeoughly att * 150 [m4.
Again for the rawP100 ERP signal, no statistically signi cant differencesvaeen both
stimulus conditions could be found. Tal#el summarizes, for approach B and tA&00
ERP, parameters (p- and T-values) of the test statisticE Riv¥d andERM5 at different
con dence levels. Note that an early response has beenwszsenly for channels located
in the occipital and parietal areas of the brain, while alagponse is observed for a channel
in the frontal area of the brain.
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Figure 5.13Late stimulus response at ERPP100. Top Left Standardized original ERPs
for both stimulus conditionslop Right ERMS5 for both stimulus condition8ottom Head
topographies showing locations of signi cant differenae& RM5 amplitudes for both stim-
ulus conditions.

Table 5.4Approach B: Test statistics forERM4 and ERM5 from P100. The table summa-
rizes parameters of the test statistics (p-value, T-vdardg RM4 andE RM5 extracted from
the ERPP100. An EEMD has been applideeforeaveraging over trials. P- and T-values
are given for different con dence level§:) :a = 0.05( ):a=0:0%( ):a= 0:001.

Figure 5.14 illustrates differences in earll200 responses for both stimulus conditions.
The top row presents on the right the componeRiM5 for both stimulus conditions. It
represents an average over all channels which exhibit a cagi response difference at

a con dence level ofa = 0:05. On the left, the corresponding raw signal is presented fo
comparison. In the componeBRM5, differences in response amplitude for both stimulus
conditions are seen clearly. On the left, an average of tesignals of all those chan-
nels which exhibit signi cant response differences is showwhe bottom row shows the
topography resulting from differences BRM5 amplitudes measured for the ERR200

at a signi cance level ofa = 0:05. The rightmost topogram exhibits those brain regions
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where signi cant signal differences could be detected. As be seen, early responses are
localized in occipital and parietal areas in the right hgrhese mainly but also in the left
hemisphere, contrary to tH&L00 response. In the indicated brain areas BRM5 ampli-
tude for the stimulus condition NCT is again larger than famdition CT (see Figurg.14).
Note that the negative peak occurs shortly befare200[mg and exhibits a clear shoulder
shortly aftert = 200[m4g.

Figure 5.14Early stimulus response at ERPN200. Top Left Standardized original ERPs
for both stimulus conditionslop Right ERM5 for both stimulus condition®ottom Head
topographies showing locations of signi cant differenageE RM5 amplitudes for both stim-
ulus conditions.

Figure5.15illustrates differences in latd200 responses for both stimulus conditions. The
top row presents on the right the componBmRM5 for both stimulus conditions. It rep-
resents an average over all channels which exhibit a signt cesponse difference at a
con dence level ofa = 0:05. On the left, the corresponding raw signal is presented fo
comparison. In the componeRtRM5, again very pronounced differences are seen in re-
sponse amplitude for both stimulus conditions. The bottom shows the topography re-
sulting from differences i RM5 amplitudes measured for the ERRO0O at a signi cance
level of a = 0:05. The rightmost topogram exhibits those brain regionsrevsegni cant
signal differences could be detected. As can be seen, gemses are localized in frontal
and medio-temporal areas in the right hemisphere only. erlbteERM5 amplitude for
the stimulus condition CT is again larger than for conditd@T. Note that for the late
response, the negative peak occurs shortly afte200[mg. Table5.5 summarizes, for
approach B and thid200 ERP component, parameters (p- and T-values) of thaet#isties
forERM5 ERMY7 at different con dence levels. Early responses were olethagain from
channels in the occipital and parietal regions of the braimle late responses were located
at channels in frontal regions. Note that the differencevben early and late responses is
most clearly shown i RM5.
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Figure 5.15 ate stimulus response at ERPN200. Top Left Standardized original ERPs
for both stimulus conditionslop Right ERM5 for both stimulus condition8ottom Head
topographies showing locations of signi cant differenace& RM5 amplitudes for both stim-
ulus conditions.

TheERMS is the mode that consistently has peaks with latenciedaitoithe studied ERP
components. Concerning the componeb®0 of the mod& RM5, an early response is man-
ifest on electrodes located in the occipital and parietairbareas with a stronger response
amplitude for the NCT - stimulus condition. On the contrarlateP100 response is clearly
detected in frontal brain areas with a larger response amaglifor the CT - stimulus con-
dition. The delay of the l1at100 response component amount®to 70[mg 10[mg.
Furthermore, the response differences appear much moneyomoed for the 1at®100 re-
sponse compared to the ea®00. A remarkable detail is seen in tR&00 response for
the NCT - stimulus condition. Th100 peak corresponding to the NCT - condition, which
is visible in the early response (see Figbr&2 top right), splits in the late response (see
Figure5.13 bottom right) into a double peak with one component at a tireecurrence of
the earlyP100 response, and a latet00 response, peaking roughly [f0g after the early
response. This detail is only visible for the stimulus caiediNCT and is absent for the CT -
stimulus. The latter only shows the delayed component.tBelaead topographies indicate
the brain areas where statistically signi cant respongiedinces could be detected. They
consistently indicate such differences only for the rigdriisphere in broad agreement with
recent ndings about a right hemisphere specializationasftour integrationZ14]. They
appear more focused in frontal areas while they are morasgifand spatially extended in
occipital, parietal and parieto-temporal areas for théyeasponses. Clearly, occipital as
well as frontal areas are involved in contour integratioready as for thd?100 response
but most notably at thBl200 level. This seems to support assertions of a top-dowtraon
in contour integration317].
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Table 5.5Approach B: Test statistics for ERM5; ERM6 and ERM7 from N200. The table
summarizes parameters of the test statisticEfeiM5, ERM6 andERMY? extracted from
the ERPN200. An EEMD has been applidzeforeaveraging over trials. P- and T-values
are given for different con dence level§:) : a = 0:05;( ):a = 0:01.

Similar results are obtained for tid200 response. An earlM200 response prominently
appeardefore t= 200[mg, while a lateN200 response is peakirafter t= 200[mg. The
response amplitude in the early phase is again larger, i. @e megative, for the NCT -
stimulus condition, while it is weaker in the late phase @ tbsponse. Once again, the re-
sponse difference is more pronounced for the late resp&esaarkably, th&200 response
contour for the early CT - stimulus response exhibits a deruht the time where the late
N200 response amplitude peaks. However, no clear double giratture appears as for
the P100 CT - stimulus response. If one comparesEiRM5 signal structure related to the
different electrodes located on a path from occipital tonfad, a clear shift in the time of
occurrence of th&l200 peak from early to late is seen. Thus sirgRMsallow to follow a
precise timing of thé&d200 ERP along the visual processing pathway.

5.3 Discussion

In the study, we presented EEG recordings from 18 subjecishwhere participating in
a perceptual learning task. More speci cally, subjectseveresented with Gabor stimuli
which occasionally formed an open continuous contour. &tibjwere asked to indicate the
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presence (CT) or absence (NCT) of such contours in theialisld at certain time points.
After proper pre-processing, raw data have been averagedativtrials to extract event
related potentials (ERPS) at every electrode. A globalameiof such ERPs is illustrated
for all 18 subjects in Figurd.4. Clearly, there is a large biological variability in the dat
with mostly little difference between both stimulus comatits. Note that data have been in-
dividually standardized to zero mean and unit varianceatRe differences between both
stimulus conditions have been preserved that way. Figui@resents a grand average of
individual global ERPs, indicating most clearly four pravant peaks named100, N200,
P300 andN400. This grand average suggests that differences in respmplitudes be-
tween both stimulus conditions are most probably to be aerpeat the early ERPs, i. e. at
P100 andN200. But a statistical testing of observed differences spoase amplitudes to
both stimulus conditions could not proof any signi cantfdience in thd*100 ERP ampli-
tudes at a signi cance level @ = 0:05 correspondingtd  2:1 (see Figur&.10. For the
N200 ERP response amplitudes, at the same signi cance Eeadistically signi cant differ-
ences could be found at several electrodes mainly locatégkiaccipital and parietal areas
of the brain but also in frontal brain areas. Interestingdgponse amplitudes peakaefore

t = 200[m4 in the occipital and parietal areas but showed a late reg@dtes t = 200[mg

for the frontal electrodes. Henceforth, these responsesalled early and late responses,
respectively. Early and late responses show a delay of ipugl= 100[mg and correlate
well with electrode locations in either the occipital orrital brain areas.

This rough analysis of raw ERP signals has been improved plyiag a signal decomposi-
tion technigue based on an ensemble empirical mode decaimpd&EMD) as proposed
by Huang et al. §0][236[237]. The analysis has been performed in two different ways: ei-
ther EEMD has been applidntforeor after averaging over trials. The resulting component
signals extracted have been called event related modes $ERMEMD before averaging
delivered better results with respect to statistical messyrobably because of unfavorable
signal compensations through averaging. Hence, only tlessdts have been presented in
detail. For illustrative purposes only, Figuselpresents a grand average EEG signal extend-
ing from 150[mg before stimulus onset &= 0 to 850[mq afterty. While the original sig-
nals exhibit only small differences, mainly around ER200, some of the extracted ERMs
indicate clear differences between both stimulus conastioThe related Hilbert - Huang
spectra indicate decent regularities in these ERMs withadteristic frequencies which
stay largely constant over the time span considered. Mdsbiedifferences are seen for
ERM3; ERM4; ERM5 andERM6. For examplel RM3 shows a dominant frequency around
n = 25[HZ, corresponding to the - band,ERM4 shows oscillations around= 10[HZ]
which represents aa - activity, ERM5 oscillates with roughlyr = 5 [HZ] indicating aq

- wave and, nally,ERM6 is dominated by an oscillation with 2 [HZ] corresponding
to ad - wave. ERM2 is indicative of some high frequency ( 30 [HZ]) activity which
might containg - wave activities. Note that these spectral charactesisigree between
both stimulus conditions.

Even further insight is provided from ERMs resulting from BEMD application to the
single trial signals. The resulting intrinsic mode funasqIMFs) have then been averaged
over all trials to result in corresponding ERMs. The largdiferences between stimulus
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conditions are seen f&ERM4 ERMG, i. e. inthea ;q andd - bands, arouné®100
andN200. A general characteristic of the ERP components is tloia transition from
an early response to a late response is observable whichiesxhistrong correlation to a
spatial representation of the stimulus response eithenanotcipital or the frontal brain
areas. Central brain areas show signs of both, early anddaponses. The electrodes,
where either the early or the late response could be obseaxedhown in Figuré.7-Right.
While studying the switching between early and late respsms more detail, signals have
been pooled according to a clustering scheme propose@]lwHich divides each hemi-
sphere into six electrode clusters as shown in Figurd_eft. The difference on the latency
of the peaks oERM5 related with the ERP components is clearly visible on théVER
averages of the pooled electrodes. Figufsillustrates that those peaks show an earlier re-
sponse in the parietal -occipital regio®¥{; P, PT) and later on the frontal regionB R; AT).
The differences in latencies BRM5, corresponding to the pooled signals of the right hemi-
sphere, are marked in Figubel6by the straight lines. Similar differences are observed in
the left hemisphere though supported by a smaller stalstigni cance between the con-
ditions (see TableS.4and5.5. However, theERM5 of the CE cluster clearly exhibits a
double peak structure of tid200 ERP component showing early and late response compo-
nents simultaneously. This is justi ed by the average oftthe kinds of signals, e.g, early
and late responses. Surprisingly, the podRIM5 of the frontal region shows a similar
double peak structure for the ERP comporfebd0.

Because the human head is a volume conductor, the peakskERfPi@and ERM amplitudes
observed at frontal and occipital electrodes do not neagsgaply that the brain activity
was generated within frontal and occipital sources, respgdyg. However, a change in to-
pography as seen from the earlier to the later phases d?1B8 andN200 peaks clearly
indicates different distributions of neural activity inokephase116[147. Thus, the data
favor the view that contour processing involves activitghin distributed brain networks,
rather than focal activity within the lower visual corté€]. This notion is broadly compati-
ble with results from recent EEG or combined EEG and fMRI stigations 16[141[ 73].
On contrast to previous studies, we used a data-driven apiprfior EEG signal decompo-
sition. The ndings thus give an independent proof that ocontintegration depends on
distributed network activity.

The time and frequency ranges where differences betweaenlsis conditions occurred are
comparable to those of previous studies on oscillatoryntm@sponses during contour inte-
gration. We found the strongest differences at parietalomegpital sites occurring < 200s
after stimulus onset and in low-to-mid frequenci2&7|[216][206. A prominent role for
beta oscillations in contour integration, as observed inpyavious studies, did not show
up in the data. Note, however, that a transient increasetandmver would not necessarily
lead to increased amplitudes within one speci c ERM. An ERBlbGed analysis or the EEG
is thus not well-suited for validating the results of prawsd-ourier-based analyses.

In this study we used exclusively Gabor arrays as visualwtinit could thus be objected
that the results are not speci c for contour integration, t@ect some general visual pro-
cesses under conditions of low stimulus visibility. Indegdecent fMRI study revealed that
brain activity in visual as well as prefrontal areas inceshwith the presentation duration



5.3 Discussion

74

0.05
AT

-0.05

0.05
FR

-0.05

0.05
CE

-0.05

Figure 5.16The pooledERMS5 responses.The ERM5 are averaged in pools of electrodes

Left

0 200 400 600 800

0 200 400 600 800

0 200 400 600 800

0 200 400 600 800

0 200 400 600 800

0 200 400 600 800
Time ms

located on different regions.

0.05

FR

-0.

05

N200
P100 A

A Right

CcT
—— NCT

200 400

600 800

Izo 400

600 800

200 400 600 800
200 400 600 800
200 400 600 800
Time ms
P100 Y
200

and so with the visibility of shortly presented grating3][ The role of the frontal cortex in
this and in our study is yet unclear. Previous authors argaigfitontal cortical activity is re-

lated to a conscious visual experience or to post-percptoeesses like motor preparation

[46][ 14]. On the other hand, the frontal cortex can also be direatlplved into the actual
stimulus processinggB[/]. The fact that posterior and frontal activity differendestween

contour and non-contour conditions occurred very earlynduprocessing is more in line
with the latter interpretation.
Thus, it seems warranted to conclude that the observedehites in brain activity originate
from contour processing per se.






Chapter 6

Inverse Modeling of the EEG Data based
on EEMD

Solving the EEG forward problem includes building an electagnetic model of the sub-
ject's head. Once this is done, one can try to identify neswakces by solving the inverse
problem. The inverse problem is basically an optimizatiosbgem, where the procedure
Is to work backwards from the scalp recordings in order taie¢he current dipoles which
best explain the recorded EEG. In this chapter, we propos#hé rst time, to combine an
EEMD analysis with a source localization scheme, more spalyi an SLORETA source
estimation. We investigate whether an EEMD analysis canigeounderlying character-
istic modes which, when fed into an SLORETA analysis, caip hellocalize sources of
neuronal activity re ecting cognitive processing durifgetcontour integration task, em-
ploying CT (contour true) and NCT (non-contour true) stimuHence, measured EEG
responses are subjected to mode decomposition technmuoes speci cally to an EEMD,
and sLORETA is applied to the event - related modes (ERMsaetdd to solve the source
imaging problem. Although a wealth of source localizationgedures meanwhile exist
[67][76][21][ 74][89][45], we considered sSLORETA because of its straightforwardlé@np
mentation and its good performance in real applicatid®@g[ As a reminder, the exper-
imental paradigm used in our study was a contour integratiek, applied to a group of
18 probands and 300 trials each. A large set of Gabor stimai presented repeatedly
which occasionally contained a contour made up by a subssmillriearly oriented Gabor
patches. The participants had to signal the perception wtfoco or non-contour stimuli
with a manual response. Similarly to the forward modelin@€hapters, brain electrodes
have been distinguished according to the timing of themnshis response. Early responses
were recorded at electrodes localized in the occipital artetal areas of the brain, while
late responses were located in frontal and medio-tempogakaf the brain. Early and late
responses, manifested in ERP compon@&iB0 andN200, turned out most discriminative
in detecting signi cant response differences to contouwd aon- contour stimuli. These
components represent the rst and second prominent ERPspeitlk latencies of roughly
100[md and 20Q/m{ after stimulus onset. It has been shownif][that the event-related
modes ERM5 most closely re ected the dominant oscillatibthe grand average EEGs of
the various subjects.
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6.1 Results

The following section will present results obtained fronoanbined EEMD-sLORETA anal-
ysis of EEG recordings from 18 subjects during a contougiratgon task. Results related
to raw data are presented at the level of event-related ppaie(ERPS). Raw data is then
decomposed with EEMD using single trial recordings. Basethe analysis of Chaptér,
source localization results obtained with raw data are @wegpwith results obtained from
the most informative event-related moE&M5. As can be seen in Figuteb, the intrin-
sic mode ERM5 most closely re ects the prominent ERPs of #we data set. The latter
corresponds to a grand average over 18 subjects over alhelsanWithin each average
time series, the two most prominent potentials of each ER&moted, according to their
related ERPs and their latencies after stimulus onseR189€ (positive response roughly
10gm9q after stimulus onset) anld200 (negative response roughly 20@ after stimulus
onset), will be considered. These response amplitudes meset clearly seen in ERM5
and showed statistically signi cant differences in resp@ito contour versus non-contour
Gabor stimuli. The EEMD analysis further revealed a delaictvamounts to 7ong when
comparing response latencies at occipital and frontahbaseas. Early?100 andN200
responses occurred at electrodes located in the occipaiagétal and parieto-temporal areas
of the brain, while latd®?100 andN200 responses appeared at electrodes located in frontal
and fronto-temporal brain areas. The same potentials, @hpaaring at electrodes in cen-
tral brain areas, showed bimodal early/late response tiggga Note that ERPs have been
pooled as illustrated in Figute 7-Right. Note further that the potentid®800 and\N400 did
not show any difference in latencies between early and ¢ésganses. A statistical paired T
-test of differences in reconstructed response amplittallesth stimulus conditions resulted
in a series of paired T-test values. The latter served to enepetween the two stimulus
conditions,CT andNCT, and for selected latencies, the response amplitudes wiech
reconstructed, employing SLORETA, from both the ERP andritrgnsic modeE RM5.

This section is concerned with estimating the localizatbthe spatial sources related to
these ERPs in the raw data as well as in the ERMs. For simpligtcon ne our discussion
to potentials appearing in mo@&&RM5. The inverse problem was solved by employing the
SLORETA software packagd$q. The related sSLORETA values according to the Brod-
mann area (BA) per brain map are given for the sources idedti

6.1.1 Early Response
6.1.1.1 ERP component P100 at 60-120 [ms]

Figure6.lillustrates results of an SLORETA analysis of responsethffices in early stimu-
lus responses for both stimulus conditions. Mean respamgditades have been estimated
for the interval 60 120 [mg around the ERAP100 peak. Shown are signi cant paired
t-test values for the differences, for both stimulus caodg, of potential readings from all
62 electrodes, as shown in Figur&-Right, have been used as entries to the data miatrix
The graphic illustrates signi cant differences for the re®P Figures.1-Top and the mode
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ERMS5 Figure6.1-Bottom. Blue and red colors thereby indicate negative Gitpe paired
t-test values, respectively.

As can be seen in Figuel-Top, differences of the raw ERP appear in the occipital ard p
etal brain areas of the left hemisphere at a signi cance leiva = 0:01. Also some weaker
positive activity differences are detected in the tempregions of the both hemispheres at
signi cance levela = 0:05.

Figure 6.1Early Response (60-120 ms) P100 ERPaired t-test values of signi cant po-
tential amplitude differences at electrodes are illustiatt a signi cance level as speci ed.
Views are axial, saggital and coronal. The left column shthesdistribution on the scalp.
All 62 electrodes were used as entries to the data matr(dop): Raw ERPP100 with sig-
ni cance levela = 0:01. (Bottom): ERM5 extracted from the ERP100 with signi cance
levela = 0:001. Red color (positive paired T-test values) indicates the ERP amplitude
for the stimulus conditiol€T is larger than for conditioNCT while blue color (negative
paired T-test values) indicates that the ERP amplitudeHerstimulus conditioMNCT is
larger than for conditio€T .

These results should be contrasted to those obtained frohgisg the modd= RM5 P100

of the EEMD analysis as it appears in the ERP potential. Thet maticeable difference is
thatERM5 shows highly localized, signi cant differences mainlytive temporal, occipital
and parietal regions. There, the amplitude of the eRtlIQO component oERM5 is larger
for the stimulus conditioNCT than for conditiorCT. The highest differences appear in the
temporal lobe at signi cance leval = 0:001. Tables.Lillustrates the signi cant differences
results of the early\?100 response of raw ERP and moE&M5, respectively, in detail.
The table summarizes the Brodmann areas (BA), MNI coordsand the neuroanatomical
lobe of the voxels for th€100 early response that showed statistically the most seymti
differences of Brodmann area clusters.
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Table 6.1T-test statistics for early P100 ERP and ERM5 response The table shows
coordinates of the most signi cant voxel of clusters. Thgnsof T-test values indicates
the differences between stimufi (°NCT > CT, %+ 9CT > NCT). T-values are given for
different con dence levelsf ) :a = 0:.0%;( ):a = 0:001.

6.1.1.2 ERP component N200 at 150-210 [ms]

Next, Figure6.2illustrates paired t-test values for the ERROO as resulting from an anal-
ysis of the raw data Figuré.2-Top and the mod&RM5 Figure6.2-Bottom. Shown are
signi cant differences in early stimulus responsBR00 early response differences of ERP
N200 are mainly located in limbic lobe and parietal regionthefleft hemisphere with sig-
ni cance levela = 0:001. There are also signi cant differences in the frontal accipital
regions at con dence level = 0:01. Comparing these results with the outcome of an analy-
sis of modeERM5, a much more focused signi cant difference in responseigéies to both
stimulus conditions is located in the parietal and occigitatexes of both hemispheres at
a con dence level ol = 0:001. Some positive activity differences also show up intabn
areas of the right hemisphere where the amplitude of thg 8800 component oE RM5

is larger for the stimulus conditic@T than for conditiorNCT.

These results of earM200 response of raw ERP and madgle M5 are summarized in Table
6.2. As can be seen from the table, all the results show negagwe cant differences
where the amplitude for the conditioMiCT is larger than for the conditioBT. Early re-
sponses of raw ERP have been mainly observed for channaketbm the limbic, parietal
and frontal areas of the brain, while a highly signi cantlgaesponse oERM5 has been
observed for channels in the occipital, parietal and fricert@as of the brain.

6.1.2 Late Response
6.1.2.1 ERP component P100 at 120-180 [ms]

When it comes to consider late stimulus responses as seaw idata sets (see Figube3-
Top), aP100 response peak appears delayed bym®. Corresponding source activity
differences between both stimulus modalities mainly shpwnicentral areas. But if mode
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Figure 6.2Early Response (150-210 ms) N200 ERPaired t-test values of signi cant po-
tential amplitude differences at electrodes are illustiatt a signi cance level as speci ed.
Views are axial, saggital and coronal. The left column shthvesdistribution on the scalp.
All 62 electrodes were used as entries to the data matriXTop): Raw ERPN200 with
signi cance levela = 0:001 . (Bottom): ERM5 extracted from the ERR200 with sig-
ni cance levela = 0:001. Red color (positive paired T-test values) indicates$ the ERP
amplitude for the stimulus conditid@T is larger than for conditioNCT while blue color
(negative paired T-test values) indicates that the ERP itudpl for the stimulus condition
NCT is larger than for conditio@T .

Table 6.2T-test statistics for early N200 ERP and ERM5 response The table shows
coordinates of the most signi cant voxel of clusters. Thgnsof T-test values indicates
the differences between stimufi (°NCT > CT, %+ 9CT > NCT). T-values are given for
different con dence levels{ ) :a = 0:0L;( ):a = 0:001.
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ERM5 is considered instead, highly focused activity diffeeshappear (see Figue3
Bottom). The signi cant activity differences are only seenvisual cortex of the right
hemisphere. Again, modeRM5 shows a much more focused activity distribution than the
raw data set.

Figure 6.3Late Response (120-180 ms) P100 ERPaired t-test values of signi cant po-
tential amplitude differences at electrodes are illustiatt a signi cance level as speci ed.
Views are axial, saggital and coronal. The left column shthvesdistribution on the scalp.
All 62 electrodes were used as entries to the data matridop): Raw ERPP100 with sig-
ni cance levela = 0:001 . (Bottom):ERM5 extracted from the ERPL00 with signi cance
levela = 0:001. Red color (positive paired T-test values) indicates the ERP amplitude
for the stimulus conditiol€T is larger than for conditioNCT while blue color (negative
paired T-test values) indicates that the ERP amplitudeHerstimulus conditioMNCT is
larger than for conditio€T .

Table6.3 summarizes, for late response of €00 ERP, coordinates, T-values of the test
statistics at different con dence levels, the Brodmanraaaad the anatomical area where
the signi cant differences are. The highly signi cant diffences are located at frontal and
parietal regionsd = 0:001) while sub-lobar and limbic regions show signi cantfdiences

of (a = 0:01). WhenERMS is considered, signi cant results can be summarized irleTab
6.3. As can be noted in the table, the signi cant results are $ecduin the occipital and
parietal regions at signi cance leved (= 0:001).

6.1.2.2 ERP component N200 at 200-260 [ms]

Considering the ERIR200 at the late response electrodes, signi cant activitiecences
show up in occipital and parietal regions of the left hemesphwith negative paired t-test
values, but activity differences with slightly positiveiygl t-test values also appear in pre-
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Table 6.3T-test statistics for late PLOOERP and ERM5 response The table shows co-
ordinates of the most signi cant voxel of clusters. The sajnT-test values indicates the
differences between stimufi (°NCT > CT, °+9CT > NCT). T-values are given for differ-
ent con dence levels( ):a = 0:03;( ):a = 0:001.

frontal regions of the right hemisphere (see FigiweTop). Positive t-test values have been
observed for channels located in the frontal areas of th@ bndnile negative t-test values
have been observed for channels in the occipital and pbaieta of the brain. Both positive
and negative t-test values of the ERP are slightly diffeatiat signi cance level = 0:05.
Again, if it comes to compare these results with those obthby using only amplitudes of
modeE RMS5, highly focused signi cant activity differences are Ioed in frontal and occip-
ital areas with strongly positive paired t-test values wlalclear focus of weakly negative
paired t-test values also appears in parietal areas (saefeig-Bottom). These results are
summarized in Tablé.4. As can be seen in the Talied, positive differences of the condi-
tions responses are located in the parietal and occipgadme of the brain while negative
differences are detected in the frontal region.

Table 6.4T-test statistics for late N200 ERM5response The table shows coordinates of
the most signi cant voxel of clusters. The sign of T-testued indicates the differences
between stimuli{ °NCT> CT, % 9%CT > NCT). T-values are given for con dence level:
():a=001.

These results generally comply, in terms of activated megiwvith results from an analysis
of fMRI data which was taken jointly with our daté][4]. This means that these neurons are
more active than others which also responded to the comeegriation task. Ing][4], the
signi cant activation differences are highlighted in @ifent regions like occipital, bilateral
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Figure 6.4Late Response (200-260 ms) N200 ERPaired t-test values of signi cant po-
tential amplitude differences at electrodes are illusttatt a signi cance level as speci ed.
Views are axial, saggital and coronal. The left column shthesdistribution on the scalp.
All 62 electrodes were used as entries to the data matridop): Raw ERPN200 with sig-
ni cance levela = 0:05 . (Bottom): ERM5 extracted from the ERR200 with signi cance
levela = 0:01. Red color (positive paired T-test values) indicates tina ERP amplitude
for the stimulus conditiol€T is larger than for conditioNCT while blue color (negative
paired T-test values) indicates that the ERP amplitudeHerstimulus conditioMNCT is
larger than for conditio€T .

parietal, temporal and frontal regions (the test has beee dsing the same p-value,=
0:001, for all). The fact that, comparing both modalities,asionally different brain regions
are involved in contour and non-contour processing renttesscomparison suitable for
further analysis. Here, for example, wilRM5, the late responge€200 is pronounced in
occipital, temporal and frontal regions, precisely as veamtl with an fMRI analysis in case
of volume intrinsic mode functions (VIMF1, VIMF2, VIMF3 andIMF4) [4]. Figure6.5
presents an illustrative comparison of a saggital view dfl¥1 andERM5 extracted from
the late ERIN200. The VIMFS were extracted by using a new variant of a tweedisional
empirical mode decomposition called GiT-BEEMB).[ Hence, the superior precision in
spatial localization of activity blobs corroborates thegmtial of EEMD/2DEEMD when
analyzing functional neuroimages.
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Figure 6.5EEG compared to fMRI. Saggital view ofleft: the intrinsic mode VIMF1, as
extracted with GIT-EEMD from fMRI data, amught: data reconstructed froBBRM5. The
latter was obtained from EEG data. The comparison condestom the late ERR200.






Chapter 7
EMDLAB Toolbox

To serve the growing interest of the signal processing comityiun applying Empirical
Mode Decomposition (EMD) as a decomposition technique,va toelbox, called EMD-
LAB, has been introduced. Traditionally, EEGs are studietha level of event related
potentials (ERPs) which represent averages over a sutlgiésrge number of single trial
recordings. In case of multi-trial data, EMD is applied toedaither trial by trial or as single-
trial response signal at each channel separately. Theoraflsponding IMFs become aver-
aged over all trials to yieldvent-related moddsRMs. The main goal of EMDLAB toolbox
is to extract characteristics of either the EEG signal by $MFERMs. Since IMFs re ect
characteristics of the original EEG signal, ERMs re ect idweristics of ERPs of the orig-
inal signal. In EMDLAB, data structure and visualizatiortloé extracted modes is adopted
from the EEGLAB MATLAB toolbox |0], therefore it is suggested to use EMDLAB as a
plug-in for EEGLAB. Similarly, the toolbox is primarily deged for EEG data, although
both EEGLAB and EMDLAB can process MEG data as well. EMDLABItmx offers a
comprehensive range of EMD methods, including many popldaigns like EMD, Ensem-
ble EMD (EEMD), weighted Sliding EMD (WSEMD), and Multivate EMD (MEMD).
The latter three are extensions of the original EMD algonitiAll these methods have been
discussed in detail in Chapt8r Contrary to other toolboxes dedicated to the analysis of
ERPs, EMDLAB is used to analyze the characteristic of ERBsdtban the extracted modes.
This Chapter is organized as follows: SectitlaBGLAB and EMDLABepresents an overview
of EEGLAB toolbox and the developed toolbox, EMDLAB. Next, $ectionSimulation
and Resultve provide an example of EEG data trials drawn from an expartrof a con-
tour integration task0][ 73] in order to illustrate the utility of EMDLAB. In this sectig
the toolbox components, together with some screenshatstie graphical user interface
(GUI) are described.
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7.1 EEGLAB and EMDLAB Toolboxes

7.1.1 EEGLAB Toolbox

EEGLAB is an interactive toolbox, running under MATLAB, fprocessing continuous and
event-related EEG, MEG and other electrophysiologicad &f@)]. It provides a graphical
user interface (GUI) which enables users to exibly and iattively process their EEG
and other brain data using independent component analgg a@nd/or time/frequency
analysis (TFA). This GUI allows users processing their gatd tuning their parameters.
EEGLAB provides plenty of methods for importing, visuatigi preprocessing data and
modeling event-related brain dynamics. Using the GUI of EBB, users can apply ad-
vanced signal processing techniques to their dé@pduch as:

« Multiformat data importing.
 Data visualization through interactive plotting functs

» Data processing such as artifact removal, event and chiooadization, component ex-
traction, time/frequency analysis and forward/inversgrse modeling.

» Open source plug-in facility.

One of the strengths of EEGLAB is offering a programming smwment which allows
users to distribute newly developed tools and algorithmsudjh EEGLAB plug-in func-
tions. The latter can be downloaded and installed by othersusnd are available to them
within EEGLAB menus. The toolbox also has an important m&yiproviding an easy-to-
follow path to write exible scripts. Each time a user perfts any operation in the GUI,
the called function is automatically appended to the EEGlcABimand history.

7.1.2 EMDLAB Toolbox

The proposed EMDLAB toolbox can be closely implemented ihi® EEGLAB toolbox
via the plug-in facility of the GUI. EMDLAB relies largely othe functions of EEGLAB
for importing data and visualizing results. EMDLAB offerddational signal processing
modalities — more speci cally EMD and its derivates — to btegrated into EEGLAB for
the analysis of biomedical signals opening up the possiltdiextensively process extracted
modes — comparable to the processing of independent comizoresulting from an ICA,
which is traditionally done with EEGLAB. EMDLAB also prova$ a GUI, which helps
the user to handle his data and perform signal processikg tsd to the EMD analysis.
It renders all implemented options immediately availabithout the need to resort to the
documentation. The GUI of EMDLAB is designed in such a wayt thalso can be used
as a teaching tool for beginners. EMDLAB uses the same appras EEGLAB in a sense
that each time the user selects an operation from the meriurtbgon called by MATLAB

- including all input parameters - is saved to the commantbhiof the EEGLAB session.
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7.2 Simulation and Result

The basic functionality of the EMDLAB toolbox is to providepdug-in to the EEGLAB
toolbox for analyzing EEG data with EMD or one of its variamgplemented in the EMD-
LAB toolbox. The latter includes a group of matlab functidos applying EMD BQ],
EEMD [236, wSEMD [47] and MEMD [17(. All these methods have been described
in detail in Chapter3. EMDLAB relies heavily on EEGLAB's functions for importing
recorded EEG data. Additionally, EMDLAB uses functions &®&_AB to analyze and vi-
sualize the modes resulting from an EMD analysis. Corredipgincode has been modi ed
to include, for example, plotting EEG waveforms of each modebtainingevent Related
Modes(ERMs) and related topographies, so-caléedlp maps Much like Event-Related
Potentials(ERPs), ERMs are obtained as an average of corresponding tMé&r a set of
trials.

Figure 7.1 shows a screen shot of tlggaphical user interfacef the EEGLAB toolbox
which now contains an EMDLAB menu in case EMDLAB toolbox haeb installed al-
ready. As illustrated in the gure, the EMDLAB menu includ®g main parts:

* The rst part is used to decompose signals using EMD or oriesofariants.

* The second part contains various methods to analyze aundlizs the extracted modes.

7.2.1 Run EMD

Figure 7.2 presents the main window of the EMDLAB toolbox. It is used &fprm the
decomposition using different types of EMD. The system wailtomatically recognize if
the data set is epoched or continuous. In the former casexfamation sayingrial-by-
trial will show up in the main window. Otherwise, the informatiamen will be continuous
Before being decomposed into IMFs, data can be normalizeseto mean and unitary
standard deviation by checking themrmalizebox. Normalization is advisable as it helps
to have the same scale for all single trial signals to be coaethalso through this window,
users are able to select any of 4 available EMD algorithneahaEMD [80], EEMD [236],
WSEMD [47] and MEMD [170. Any of these algorithms can be applied directly to each
single-trial EEG data set.

EMDLAB asks users to assign tinember of modeswhich the signal will be decomposed
into. This is needed for the EEMD algorithm to assure contphnaof the extracted modes.
However, it also allows the user to deliberately integrédesnodes into the “residuum”,
I. e. the componeni+ 1. Additionally, this GUI allows the user to easily enter dnde
parameters of each EMD variant such as the variance aidded noiseand theensemble
numberin case of EEMD, thevindow sizeand thestep sizan case of wSEMD and the
variance of thedded noisandnumber of noise channeés well as thensemble number
in case of MEEMD. Furthermore, the studied channels can leetse simply by clicking
the channeldutton, otherwise all channels will be considered by défaul
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Figure 7.1The main EEGLAB graphical user interface (GUI), with the EMD LAB
menu activated. The datasets menu presents a list of currently active EES; artl the
EMDLAB menu shows a list of currently active sets.

Figure 7.2The EMDLAB main user interface. This window is used for EMD decomposi-
tion. Through this window, user can choose the data, alyordand appropriate parameters
for the decomposition.

7.2.2 Analyze and visualize modes

After the signal decomposition has been performed, thetiegumodes can be analyzed
further using the additional choices of the main EMDLAB menu
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- Scrolling Modes allows the user to visualize the extracted modes (IMFsk U$er can
simply move between the different modes by using the droprdmenu of the combo
box aside of the “Select Mode” label (see Figur8).

- Power Spectra and Mapsere the power spectra of the extracted ERMs can be pladted a
well as scalp maps of the power within chosen frequency baddaever, rst the ERM
of interest should be selected as well as additional redumguts (see Figuré.4).

- ERM Maps here the dynamics of topographic maps of the ERMs can baNigd in
either 2D or 3D (see Figuré.5).

- Mode Propertiessingle trial IMFs, related ERMs and their activity poweesgrum can
be plotted directly by selecting the mode of interest retds-igurer.6).

- Hilbert-Huang / Fourier Transformplotting the Hilbert-Huang spectrum as well as the
Fourier spectrum of a selected mode (see Figuse

- IMFs and ERM it offers, for any chosen mode of interest, a color-codedgeof all
single-trial IMFs and the related ERM (see Figuré&?).

- ERM and Mapsthis option allows plotting all channels of an ERM of intstr@lus their
topographic representation (scalp maps) at selectectiate(see Figuré.13).

- Compare ERMsthis allows the user to compare ERMs of different datasetsrecorded
under different conditions, using simple statistics (segifes7.14and Figure/.15).

(a) Data scrolling. (b) IMF3 scrolling.

Figure 7.3Data and its extracted mode (IMF3) scrolling. Here, ve data epochs (sepa-
rated by dashed lines) are plotted at 5 electrode sites ifghaames on the left). The arrow
buttons scroll horizontally through the data.

In order to demonstrate the utility of the EMDLAB toolbox, wmploy a small set of EEG
data trials collected during a contour integration taskaolhhave been explained in detail
in Chapterd. In this sample data, only one stimulus condition with coranswercontour
true (CT) was selected.
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Figure 7.4The mode spectra and associated topographical map3he gure shows the
power spectrum of the 62 channels and the scalp power mapsdatcsfrequencies. Each
colored trace represents the spectrum of the activity ofdMdfone data channel. The scalp
maps indicate the distribution of power at speci ed freqies 59, 9.8 and 225 Hz

7.2.2.1 Scrolling Modes

Figure 7.3 represents 5 epochs of 5 EEG channels and vk 3 after applying EMD.
This scrolling data gure allows users to review data by wlsaspection and navigate their
different modes.

7.2.2.2 Power Spectra and Maps

Here the user can exhibit the power spectra, and the relafeEjtaphic maps, of all or
selected channels at speci c frequencies. Figlireexempli es the power spectra of all
channels for three different frequencies speci ed. Notat tihis offers the possibility to
illustrate the power spectra of pooled electrodes in aetbaain areas like the occipital or
frontal regions of the brain, for example.

7.2.2.3 ERM Maps

Figure 7.5 exhibits a series of scalp maps representing activity idigions of ERM4 at

a selected series of trial latencies, i. e. every[2d from 50 [mg to 270[mg. These
topographies represent the mapping of electrical actattyss the surface of the brain at
different latencies. They show the brain regions which acesponse to a stimulus.
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Figure 7.5Topographical 2-D scalp maps of ERM4 at different latenciesThey represent
distribution of the activity (given by the scaled color baxjer the head. Dots overlaid on
the scalp maps indicate channels.

7.2.2.4 Mode Properties

Figure7.6illustrates the properties of a speci ¢ modMF 4 for a speci ¢ channeD2. This

plot includes a scalp location &2 channel, its activity power spectrum, and an ERP-image
plot of its activity in single-epochs. The leftmost topagraxhibits the scalp location of
channelO2. On the right, single trial EEG signals composia&M4 of the EEG signal
recorded at channd?2 is illustrated. Channel signals are color-coded and tkaltiag
ERM4 signal is added at the bottom of the sub gure. Such a plotimnsed to analyze
single trial IMFs of single channel data within an epoch asratencies. These data can
be plotted in any sorting order of interest. The bottom rowigure 7.6 shows the activity
power spectrum ofMF 4 of O2 channel at a frequency range between 2 andlz50

7.2.2.5 Hilbert-Huang / Fourier Transform

Figure 7.7 presents the window which offers tools for spectral analysithe extracted
modes. As EMD is most useful for non-stationary time seties - frequency analysis is
most appropriate. As explained above, Hilbert - Huang speate obtained from a com-
bination of an EMD of a non-stationary time series with cangant Hilbert transform of
the real valued signal. Note that the resulting IMFs represede-sense stationary sig-
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Figure 7.6IMF4 properties of channel 10 (O2). Top left: The head plot (top left) con-
taining a red dot indicates the position of the selected cblarTop right: ERP image of
IMF 4 , each horizontal line in this colored image represeniiM§ 4 of a single trial in an
event-related dataset. The trace below the ERM image shmvavierage of theMF 4 of
a single-trial activity, i.e. the ERM average of the imagedadepochsBottom panel:ithe
activity power spectrum dMF 4 for channel 10.

nals, hence can be Fourier - transformed as well. EMDLAB hggemented both spectral
modalities. Figurée .8illustrates the use of these modalities employing the E@aiused
throughout this discussion. While Hilbert - Huang spectiaato track temporal changes
of each local mode, Fourier spectra represent their specnéent. Both modes of analy-
sis are shown within one window to ease visual comparisogurei7.8 illustrates Hilbert
and Fourier spectrum of several ERMs for an EEG single cHatm@ Hilbert spectrum
explains the instantaneous frequency over the time and iffezesht colors refers to the
instantaneous amplitudebown: the Fourier spectrum for the same EEG single channel.
Fourier spectrum of each ERM was represented in differelatr.ctt is observed that rst
ERMs in Hilbert and Fourier spectrum have high frequendias the last ERMs which may
reveal that these ERMs mainly describes noise. It is notyeagparent from the plot of the
ERMs in time whether the function is likely to contain meagfid information. Taking
the Hilbert spectrum of the ERMs individually is helpful ieintifying which of the modes
contributes most strongly to the overall signal energy.oAEmporal changes in frequency
of the ERMs can be followed easily, while their Fourier spaat only displays the spread
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Figure 7.7Hilbert-Huang and Fourier spectrum user interface.

Figure 7.8Hilbert and Fourier spectrum for ERM4-ERM7 of an EEG signal. Top:
Hilbert spectrum of selected ERMs, colorbar indicates t&antaneous amplitude of
ERMs. Down: Fourier Spectrum of selected ERMs, different colors rejelifferent ERMs.

in energy density and shows strong overlap of the differevdes (see Figuré.8). To fur-
ther clarify the use of the Hilbert - Huang Spectra, Figii@illustrates the variation of the
time-dependent frequency with time for all trials of one @moHereby the user can choose
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Figure 7.9Example of Hilbert spectrum image for some extracted modeskErom left to
right, top to bottom: Hilbert spectrum image of IMF1-IMF6 OR single channel. Itis a
color-coded image of IMF1-IMF6 of all single trials. cola@nts indicate the instantaneous
frequency of each IMF image.

Figure 7.10Example of Fourier spectrum image for some extracted modesi-rom left
to right, top to bottom: Fourier spectrum image of IMF1-IMB602 single channel. Itis
a color-coded image of IMF1-IMF6 of all single trials. cdbars indicate the amplitude of
each IMF image.

the channel as well as the number of IMFs to be shown. Fregusreolor-coded, while
the related plot exhibited in Figuie10shows the corresponding variation of the amplitude
of the IMFs during each trial. Here the IMF amplitude is cetoded as shown. Last but
not least Figure’.11illustrates the variation in time of the frequency of thespa IMF

for all trials within a certain frequency band selected, #rmlrelated variation of the IMF
amplitude as a function of the frequency for all trials of @p®ch.
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Figure 7.11Hilbert and Fourier spectrum image of IMF5 of O2 channel. Left: Hilbert
spectrum image of IMF5 at selected frequency [1 1Right: Fourier Spectrum image of
IMF5 at the same frequencies.

7.2.2.6 IMFs and ERM

This option offers a plot of the activity of a prespeci ed etted IMF for all trials within
an epoch. Alternatively the user can select certain tridteiad of choosing all trials. Also
shown is the ERM resulting from an average of the speci ed IdWEr all trials. Such trials
and ERMs can be illustrated for each of the electrodes imebIVl he response activity is
encoded by a color bar exhibited in Figufel2. Note that, similar to EEGLAB, the zero
indicates the stimulus onset.

7.2.2.7 ERM and Maps

Figure 7.13 overlays time courses of aERM4 modes extracted from 62 EEG channel
recordings. Related scalp maps can be illustrated at sel&tencies as well. Each of these
traces plots th& RM4 at one channel. The scalp maps shown represent “snapsiiobe’
topographic distribution at various latencies[58; 100[mg; 150[mg; 200[md during the
averageE RM4 time course.

7.2.2.8 Compare ERMs

This option offers an overview of speci ed ERMs for the diéat conditions as well as
their differences at each channel as shown in Figuid. In addition, the user can choose
showing related simple statistics like standard deviatietec. By simply clicking on one of
the channels, the user gets to a more detailed view of the ESRbIsn at a speci ¢ channel
selected as is illustrated in Figurel5for channelO2. This provides especially an clear
illustration of how the estimated ERMs differ for the two ditrons studied.
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Figure 7.12Plot of ERM5 image of O2 channel.lt is a rectangular colored image in which
every horizontal line represents activity of IMF5 of a smglxperimental trial. The signal
below the image shows the ERM average of the imaged IMF5 ef eladchs.
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Figure 7.13ERM4 waveforms of 62 channels and their scalp maps at speciclaten-
cies. Top: scalp maps show the topographic distribution of averagenpiatl of IMF4 at
50;100, 150, 200ms Down: each trace in the waveforms plots the averaged ERM4 at one

channel.
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Figure 7.1462 different ERM plots . Each plot represent ERM5 of two datasets: contour
and non-contour conditions and the difference between them

Figure 7.15ERM5 of contour and non-contour conditions and the differerce between
them for O2 channel.






Chapter 8

Conclusion

In this investigation we used a data-driven approach toyaedEEG data from 18 subjects
participating in a perceptual learning task. A contour ams@a-contour stimulus were pre-
sented within the same trial in fast succession, and subjeete asked to indicate their
presenc&T (contour true) or absend¢CT (non-contour true). An EEMD method allows
to extract component signals which show differences betwémulus conditions with clear
statistical signi cance. The analysis has been perfornmetivb different ways: either us-
ing the raw data ERPs or EEMD intrinsic modes called eveatedlmodes (ERMs). Most
notablyE RM5 exhibits very pronounced differences between contounanecontour stim-
ulus responses. Signals have been pooled according tatarahgsscheme that divides brain
electrodes according to the latencies of the stimulus resgg Early responses are seen in
occipital and parietal areas of the brain, while late respsrare located in primary visual,
medio-temporal and frontal areas. The pool of electroddsdcentral part of the brain even
exhibits both early and late responses in pronounced dqdalke structures. Together these
ndings provide independent evidence of a view of extendedronal networks involved in
visual processing, especially contour integration.

Another line of investigation concentrated on identifyimsjated sources of neuronal acti-
vation via inverse modeling. It explored the utility of coming an EEMD analysis with
a source localization scheme, more speci cally an SLORE@Arse estimation. Note that
EEMD has been applied before averaging over trials. Sizlst signi cant differences be-
tween the two stimulus conditions have been seen mainly BRR componentB100 and
N200. The previous studylp] showed thaE RM5 exhibits very pronounced differences
between contour and non-contour stimulus responses, lwemg& RM5 has been used in
the analysis. As obtained froERM5, earlier differences (before 241 in source activity
between contour and non-contour occurred mainly in oasipérietal areas, were lateral-
ized to the right hemisphere and showed higher power in tinecoatour compared to the
contour condition. Later differences (20@60mg occurred also in primary visual areas, in
both hemispheres and with higher power in the contour coetptarthe non-contour condi-
tion. The latter result ts well with the view that contourtegration relies on a top-down
ow of information from higher visual areas with large red¢ee elds into primary visual
cortex. The feedback would enhance activity of neuronsrgp@abor stimuli at relevant
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locations and so favor their integratio2llg[179. The former result is partly unexpected
in that lower source activity was for contours compared to-oontours. It is possible that
the difference re ects the reduced effort of maintaininguwed compared to ungrouped
visual input in working memoryd6][215. In any way, the fact that the difference showed
up in right hemisphere complies with the previous ndingttbantour grouping is a right-
lateralized brain functionZ14]. The results of this study which focuses on identifying
related sources of neuronal activation clearly via invenseleling of EEG data were ex-
tremely well matched with the previous ones 1] that discussed the forward problem on
the same data. Results showed that EEMD method allows tactxdomponents, i.ERM5
which present clearer spatio-temporal differences batwiee two stimulus responsesT
andNCT compared to the ERPs of the original signals.

In this thesis, we also presented a new toolbox, cdedDLAB, which allows users to con-
veniently analyze non-stationary time series data setecgally EEG data, with a heuristic
signal decomposition techniques calleahpirical Mode DecompositionThe latter decom-
poses any signal locally without imposing additional caiodis like orthogonality, indepen-
dence or sparseness. The new toolBdMDLABIs provided as a plug-in to the well-known
EEGLABtoolbox and offers an alternative decomposition techniqueur different vari-
ants. Beneath plain EMD, a noise-assisted variant, ndenedmble EMDs offered which
is suitable as long as the data size is small enough to bedstoreain memory. For very
long time series, the weighted sliding EMD is more apprdprigFinally, a simultaneous
multi-channel analysis can be pursued employing a mutiat@ EMD variant. The plug-
in allows to use any data visualization tool provided by BieGLABtoolbox as well as
statistical data analysis techniques provided there.
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