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Abstract

This dissertation presents a new metaheuristic relatetito-alimensional ensemble empir-
ical mode decomposition (2DEEMD). It is based on Green'sfiams and is calleGreen's
Function in Tension - Bidimensional Empirical Mode Decosipon (GiT-BEMD). It is
employed for decomposing and extracting hidden infornmatibimages. A natural image
(face image) as well as images with arti cial textures haeer used to test and validate
the proposed approach. Images are selected to demongtcagaay and performance of
the GiT-BEMD algorithm in extracting textures on variougsal scales from the different
images. In addition, a comparison of the performance of #we algorithm GiT-BEMD
with a canonical BEEMD is discussed. Then, GIT-BEMD as wslicanonical bidimen-
sional EEMD (BEEMD) are applied to an fMRI study of a contauteigration task. Thus, it
explores the potential of employing GiT-BEMD to extractlsuextures, so-called bidimen-
sional intrinsic mode functions (BIMFs), of functional biedical images. Because of the
enormous computational load and the artifacts accompgrim extracted textures when
using a canonical BEEMD, GIiT-BEMD is developed to cope witicls challenges. It is
seen that the computational cost is decreased dramatiaaththe quality of the extracted
textures is enhanced considerably. Consequently, GiT-BEghieves a higher quality of
the estimated BIMFs as can be seen from a direct comparistire g€sults obtained with
different variants of BEEMD and GiT-BEMD. Moreover, resugenerated by 2DBEEMD,
especially in case of GIT-BEMD, distinctly show a superioegsion in spatial localization
of activity blobs when compared with a canonical generadimmodel (GLM) analysis em-
ploying statistical parametric mapping (SPM). Furthereydo identify most informative
textures, i.e. BIMFs, a support vector machine (SVM) as aglk random forest (RF) clas-
si er is employed. Classi cation performance demonstsatiee potential of the extracted
BIMFs in supporting decision making of the classi er. WithT@BEMD, the classi cation
performance improved signi cantly which might also be a sequence of a clearer struc-
ture for these modes compared to the ones obtained with mahdBEEMD. Altogether,
there is strong believe that the newly proposed metaheu@T-BEMD offers a highly
competitive alternative to existing BEMD algorithms angnesents a promising technique
for blindly decomposing images and extracting texturesathiewhich may be used for fur-
ther analysis.






Zusammenfassung

Die Dissertation beschreibt eine neue Metaheuristic imadusenhang mit einer zwei-
dimensionalen empirischen Modenzerlegung (2DEEMD). Sgdyt auf Green'schen Funk-
tionen und nennt sickreen's Function in Tension - Bidimensional Empirical Mdde-
composition(GiT-BEMD). Mit ihr kénnen Bilder in Komponenten zerlegt vaen und so
verborgene Bildinhalte sichtbar gemacht werden. Natielioie auch kinstliche Bilder
werden verwendet, um die Leistungsfahigkeit des vorgagémien Algorithmus zu testen
und zu bewerten. Insbesondere werden Texturen in den Bilohr unterschiedlichen
Ortsfrequenzen extrahiert und geordnet. Der vorgeschiagégorithmus wird an diesen
Testbildern in seiner Leistungsfahigkeit mit einer kaschen 2DEEMD verglichen. An-
schlielend werden beide Algorithmen zur Analyse von fumdllen magnetresonanztomo-
graphieschen (fMRT) Abbildungen verwendet. Letztere veardiahrend einer Kontourin-
tegrationsaufgabe registriert. Damit wird das Potentesd deuen Algorithmus zur Anal-
yse biomedizinischer fMRT Aufnahmen ausgelotet. Insbdeomwerden die extrahierten
intrinsischen Moden verglichen und bewertet. Der Verdiezeigt, dass GiT-BEMD die
erforderliche Rechenleistung drastisch senkt und die i@ualer erhaltenen intrinsischen
Moden steigert. Selbst die bei der kanonischen 2DBEEMDIggyénden Artefakte werden
mit GIT-BEMD weigehend beseitigt. Angewandt auf reale fMB&tensatze erreicht GiT-
BEMD eine bessere rimliche Fokussierung der Aktivitatsblals dies mit dem Standard-
model (Generalized Linear Model - GLM mit dem Softwarepacketistical Parametric
Mapping Version 8) erreicht wird. Zur Unterscheidung dekdemungsleistung der Proban-
den bzgl einer in den &chigen Gabor - Reizmustern enthalteontour werden zwei
Klassi kationsalgorithmen eingesetzt, namlich eine Sappp/ektormaschine (SVM) und
einRandom Foreston Baumklassi katoren. Damit kbénnen jene intrinischendéa identi-
ziert werden, deren Texturen fr die Unterscheidung derdenkungsleistung besonders in-
formativ sind. Mit GiT-BEMD wird eine signi kant hohere Kksi kationsleistung erreicht,
was auf die erheblich besser de nierten Texturen der ewrtdn intrinischen Moden zurck
zu fuhren ist. Zusammenfassend lasst sich sagen, dassudenngeschlagene Algorithmus
existierende Verfahren in seiner Leistungsfahigkeit titférund eine vielversprechende
Methode zur Analyse funktioneller biomedizinischer Bilded Datensatze darstellt.
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Chapter 1

Introduction

The increasing importance of functional imaging techngimecognitive brain studies cre-
ates the need for adapting modern data mining and machimeriganethods to the speci c
requirements of biomedical images, most notdhlyctional Magnetic Resonance Imaging
(fMRI) techniques. The latter has become a powerful tooliman brain mapping. fMRI is
a non-invasive technique to capture brain activations aitlatively high spatial resolution
in the sub-millimeter range. Also it provides an opportytitadvance our understanding in
how the brain works. Typically, fMRI is used with a rather il stimulus protocol, aimed
at improving the signal-to-noise ratio for statistical byfpesis testing. When natural stimuli
are used, the simple designs are no longer appropriate, #M$I allows to reveal neural
processing and cognitive states during cognitive tasloperdnce. Moreover, it can be used
repeatedly as it does not apply harmful ionizing radiatiosubjects $4, 156]. Recently,
neuroscience researches have been focusing on the thorgyloking question of whether
patterns of activity in the brain as measured by fMRI can kedus predict the cognitive
state of a subject.

Generally, there are several common challenges in the sisady fMRI data. These
include localizing regions of the brain activated by a ctigaitask, determining distributed
networks that correspond to brain function, and makingiptiehs about psychological or
disease states. Each of these challenges can be addresseghtthe application of suit-
able methods, and researchers have been employing thigiealo tackle these problems.
These abilities can range from determining the appropnegthods or techniques to the de-
velopment of new or unique techniques, adapted speci dalyards the analysis of fMRI
images. With the emergence of new or more sophisticatediexgetal designs and equip-
ments, the role of researchers in this eld increases in ingree and points to a promising
future.

The large data volume acquired by such image series renugrsanalysis and inter-
pretation tedious and creates the need for robust and atit@th@echniques to extract the
information buried in such images, to analyze them objebtiand to classify them properly.
However, fMRI voxel time courses or corresponding spatalations of activity distribu-
tions in fMRI images represent non-linear and non-statpsagnal variations. Hence, most
statistical analysis tools fail to analyze such data asdtierineed, at least, wide-sense sta-
tionary signal distributions. Thus, most classical methai based on a voxelwise analysis



of the related activation statistic. If temporal or spatiapendencies are considered, then
most often windowing techniques are employed which assuatesarity within properly
chosen data segments. Such windowing techniques are ajdoysd in recent unsuper-
vised, data-driven techniques which contrast model-hamgukervised learning paradigms
by analyzing spatio-temporal correlations within the data

Model-based techniques, in the rst place, need a good mofighe hemodynamic
response of the activated neuronal tissue. This is bec@lRg basically, relies on the
Blood Oxygenation Level DependdBOLD) effect which leads to local magnetic suscep-
tibility changes in response to an increased supply of meuvath oxyhemoglobin to sus-
tain metabolic activity. Therefore, several methods awtingues have been proposed to
overcome the effect of BOLD variability, i. e. the spatioajgoral variation of magnetic
susceptibility, in model-based studies. For exampletémigt al. 8] and Woolrich et al.
[163 have proposed different basis sets for temodynamic Response Functi¢tRF).
They rst de ne an HRF basis set of functional forms which tdepict reasonable HRF
shapes. According to that, BOLD signals from different sabg could be modeled with
different HRFs from the prede ned basis set. These methede@lize the assumption of
BOLD signals from a xed model to a model set.

Besides model-based analysis methods, data-driven tpetsibecome more and more
popular in the area of fMRI data analysis. With such techesqjbrain activation is estimated
using only information included in the fMRI signal itselfus they belong to the realm of
unsupervised learning methods. Blind signal decompaesitiethods such a3rincipal or
Independent Component Analy$iR3CA / ICA) [10, 112 154, combined with clustering
techniques49, 51], have been used to extract the main response componemds¥el
time series. As with most data driven techniques, the compisrof activation are extracted
individually from each subject; the intra-subject varlapiof the BOLD signals does not ef-
fect the analysis results. Therefore, data-driven appre@may also be considered a means
of solving the problem of intra-subject HRF variability. i§hs corroborated by some inves-
tigations which did not care about the shape of the BOLD sigra example, Backfrieder
et al. [6] usedPrincipal Component Analysi@®CA) for fMRI data analysis, visual and
motor stimulation experiments. They showed that their metyielded an accurate abso-
lute quanti cation of the activity distribution in the brai Also, McIntosh et al. 102 have
proposedPartial Least Square¢PLS) as a powerful multivariate analytic tool to identify
brain activity patterns. They used event-related fMRI datproof that their method could
produce a robust statistical assessment regardless amyatésns about the shape of the
HRFs.

Recently, an empirical nonlinear analysis tool for unigggiand one-dimensional com-
plex, non-stationary temporal signal variations has baengered by N. E. Huang et al.
[59]. Afterwards, an extension to multi-dimensional and mu#triate spatio-temporal sig-
nal variations was put forward by Nunes et al1(], Mandic et al. [L27] and, recently,
especially by Wu et al. 166. Such techniques are commonly referred toEmspirical
Mode Decompositio(EMD), and, if combined with Hilbert spectral analysis, theovide
a Hilbert-Huang Transform(HHT) of the data. They adaptively and locally decompose
any non-stationary signal in a sum bitrinsic Mode FunctiongIMFs) which represent



zero-mean, amplitude and frequency/spatial-frequenayutaded components. EMD, and
its two-dimensional counterpart (2DEMD), represent ayfdihta-driven, unsupervised sig-
nal decomposition which does not need anpriori de ned basis system. In contrast to
competingExploratory Matrix FactorizationfEMF) techniques like Independent Compo-
nent Analysis (ICA) 4, 29 andNonnegative Matrix and Tensor Factorizati®dMF/NTF)
[30], EMD also satis es the perfect reconstruction propersy, superimposing all extracted
IMFs, together with the residual slowly varying trend, nestucts the original signal with-
out information loss or distortion. Thus EMD lacks the sogland permutation indeter-
minacy familiar from blind source separation techniqu4§.[ Because EMD operates on
sequences of local extremum, and the decomposition iedaotit by direct extraction of the
local energy associated with the intrinsic time scales efdilgnal itself, the method is thus
similar to traditional Fourier or Wavelet decompositiotisdiffers from the wavelet-based
multi-scale analysis, however, which characterizes tlaesof a signal event using pre-
speci ed basis functions. Owing to this feature, EMD, andrewnore so its noise-assisted
variant calledEnsemble Empirical Mode DecompositiEBEMD), is highly promising in
dealing with problems of a multi-scale nature. But the iptetation of IMFs is not straight-
forward, and it is still a challenging task to identify andfmbine extracted IMFs in a
proper way so as to yield physically and/or physiologicatiganingful components, espe-
cially with two-dimensional signal distributions. WithBDEEMD, two-dimensional IMFs,
which represent the same spatial scale, are combined to giairal bi-dimensional IMFs,
henceforth called BIMFs, which reveal characteristic ulyileg textures of the spatial in-
tensity distributions, and allow for a more transparent amditive interpretation. At its
core, however, this thesis presents a novel method of gpwelorface interpolation based
on Green's functions, which called Green's function in iensbased BEMD (GiT-BEMD).
The latter shows ef ciently usability in image processingdadecomposition in terms of
reducing computation load and extracting pure BIMFs ( freartifacts). Such artifacts
are accompany with extracted BIMFs by a canonical BEEMD amthot be avoid. Note,
these artifacts are not related to the data itself, but iraglpced because of the nature of
decomposition of a canonical BEEMD. Also, by analyzing fMRIages, the dissertation
shows, using GiT-BEEMD, many characteristics of such bidiced signal.

On the other hand, automated feature detection proofs iedlgeaseful in cognitive
neuroscience research. The improvements of neuroimagetgaas such as functional
magnetic resonance imaging (fMRI) allows neurophysidtsyio investigate thousands of
locations in the brain while subjects are performing cagaitasks. For example, Kriegesko-
rte et al. /5] usedsearchlightapproaches which multivariately test the information iraim
groups of voxels centered on each region in the brain. Alasstication methods that
analyze the brain as a whole have been tested (&%.1D7). They are typically based
on Beta Imagegb-images) resulting from a linear regression analysis,utaled by pow-
erful tools like the widely use&tatistical Parametric MappingSPM), which statistically
examine each voxel separately. Features extracted fromisuages were, for example,
used in lie-detection based orSapport Vector MachingSVM) classi er, which was used
to discriminate between the spatial patterns of brain sgtassociated with lie and truth
[170. Lately, there has been a growing interest in state-ofaftelassi cation techniques



for investigating whether stimulus information is presentMRI response patterns, and
attempting to decode the stimuli from the response patteitisa multivariate classi er.
However, little is known about the relative performance dfedent classi ers on fMRI
data. These techniques have been successfully applieé todividual classi cation of a
variety of neurological conditionglp, 68, 78, 151], and allow capturing complex multivari-
ate relationships in the data. Multivariate machine lesgnmethods allow for multi-voxel
pattern analysis and can reveal patterns amongst voxéRhdata (7, 108. And so may
provide much more detailed information about brain agtjvite. not only local increases
but distributed patterns of activity are identi ed.

Beside, pattern-based classi cation methods arise withei@ising frequency in the func-
tional neuroimaging ared§p, 66, 105. These methods use machine learning algorithms
to analysis different mental states, behavior and othaabies from fMRI images. Con-
trary to other methods, a machine learning classi er is clexpo implement but it makes
a fundamental advance in the state-of-the-art by linkiritepas of brain activity to exper-
iment design variablesl5. No matter which analysis approach is used, the study of the
relationship between function and structure in the humambbased on the analysis of sub-
jects individually or across groups, is fundamental tolfartour understanding of cognitive
processes. In this respect, voxel-based spatial normialize required for multi-subject
studies in order to bring fMRI images of different subject®ithe same coordinate system,
such asTalairachspace 147] or Montreal Neurological Institute and Hospit@VINI) coor-
dinate system spacd]]. After spatial normalization, all subjects should be stgied to
such a standard space for the same coordinates to correBptimel same brain structure.
Any further analysis can then be applied in this standardesp@his method thus relies on
the assumption that for all spatially normalized subjeitts,same coordinates in standard
space correspond to similar brain structures with idehticections. However, even though
many registration methods have been propo2dd 175, due to the limitation of the al-
gorithms and the complexity of human brain analysis, thélgm of properly correcting
registered image data still exists. Slice timing correctmd motion correction are applied
routinely to the fMRI images, meanwhile. Then, classicalhe fMRI data is processed
with a General Linear Mode(GLM). Many methods have been proposed to parcellate the
brain non-invasively119 124, 14(Q. Coulon et al. 85 have proposed a method that uses
hierarchical grey-level blobs to describe individual @ation maps in terms of structures.
A comparison graph is constructed based on these blobsdapginalysis. This method
can be considered as one of the earliest studies to uselpdorefor the analysis of func-
tional activation maps. Later, Flandrin et 4b] presented parcellation as a way of dealing
with the shortcomings of spatial normalization for modai«n analysis. They parcellate
the brain of each subject into many functionally homogesqmrcels with GLM parame-
ters and group analysis is implemented on the parcels. Hawihs method is speci cally
designed for GLM analysis.

In general, classi cation analysis tests hypotheses imsasf separating pairs (or more)
of conditions. Note that the hypothesis is that a diffefgaitern of activityoccurs in the
voxels making up a region and not that thetivation levelis different. This enables us
to stay away from interpreting BOLD patterns in terms of\attd voxels, a term which



means that these neurons are more active than others, whicbhmmay not be correcBp].
The type of hypothesis, and its associated test, is espeasful if the conditions under
investigation recruit different neural networks. Henceethis thesis, a visual detection task
is used where spatially distributed Gabor patterns had tgrbeped into continuous con-
tours according to their relative orientation and posi{id4]. Because the contours extend
beyond the receptive eld size of neurons in lower (occipitésual processing regions, an
integration across space, administered through pariathfrantal brain activity, is neces-
sary for contour integration and detectidi8f]. The fact that partly different brain regions
are involved into contour and non-contour processing rentlee task challenging for a
whole-brain classi cation analysis.

Previous neuroimaging results on contour integration ssgjpat both early retinotopic
areas as well as higher visual brain sites contribute tootonprocessing. Kourtzi and
his colleagues conducted a set of fMRI adaptation studiés mvacaque monkeys as well
as healthy human participant3, @, 72, 73]. The subjects adapted to arrays of randomly
oriented Gabor patches until sudden orientation changesled either a contour within
the uctuating stimulus, or a random pattern remained. Ifoatour emerged from the
stimulus uctuation, the BOLD responses increased all glearly visual areas V1 to V4,
as well as in lateral occipital and posterior fusiform areéhin the inferior temporal lobe.
Furthermore, for all areas, the BOLD increase relative ® ah-contour condition was
higher for detected (perceived) compared to undetectetom3].

Other authors combinadagneto- or electro-encephalograpiMEG/EEG) recordings
with source reconstruction methods to investigate the teaiplynamics and the neural
sources of contour processing. They uniformly showed tifegrdnces between contour
and non-contour stimuli do not occur before 166 after stimulus onset, within the N1 to
P2 time range of th&vent-Related Potentiaty Fields (ERP/ERF). Neural sources of the
N1/P2 differences were located within middle occipitd2?, 149 and occipito-temporal
areas 141], as well as in primary visual corted 22 141]. These results generally comply
with the view that different visual areas contribute to camtperception. Additionally, due
to the relatively late onset of ERP/ERF differences in primasual areas, they suggest that
the increased BOLD and ERP responses in early visual cougrglcontour processing
are mainly driven by feedback from higher visual sites.

Anyway, understanding and analyzing how the human braiotions has always been
one of the big challenges and the ultimate goal of neuroseienStudying the human
brain is one of the most important topics in many researchsaiacluding neuroimaging,
biomedicine, psychology, and information theory. Currknowledge of brain structure
and function is still quite modest, although growing fasélg due to modern imaging and
analysis techniques. Also, in machine learning, the irinrggknowledge of the brain can
lead to new theories in, e.g., signal processing, neurapatation, pattern recognition, ma-
chine vision, arti cial intelligence and so on. The theacat models can, in turn, be used
to depict or predict monitored behavior in the real braine Thoperative bene ts have led
to the fusion of neuroscience and information technolody anrapidly growing research
eld called neuroinformatics. The dif culty in understaimdy the brain has added to the
excitement of the research and cooperation extended betdrferent elds to facilitate
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this complication. For example, this work was conductedlase collaboration with the
group ofComputational Intelligence and Machine Learni@IML) in the Department of
Biophysics and Physical Biochemistry of the University Begpurg and the chair of Exper-
imental Psychology (courtesy of Prof. Greenlee) of the Beepant of Psychology of the
University of Regensburg.

Hence, this dissertation is an interdisciplinary resegmaject that presents new solu-
tions for analyzing and extracting the information buriediomedical images by develop-
ing new tools, like the Green's function-based BEEMD and bommg existing techniques
such as BEEMD with ICA. Such solutions mainly focus on enlragnthe quality, strongly
reducing the computational cost and enhancing usabilgatly. These issues are associ-
ated with many different scholarly disciplines, most nbgabformation engineering, psy-
chology and computer science. Thus, so to speak, this warkyisical information science
(IS) project, as IS has many connecting factors to extrgdtidden and useful information
as well as to developing a user-friendly tool for image pssosg.

1.1 OQutline of the dissertation

This thesis is organized as follows:

* In the rest of this chapter, the related publications whils thesis, and others which
the author has contributed during his PhD, are listed .

» Chapter 2 presents some theoretical background about the human d&mdimntro-
duces functional brain imaging, with the focus on fMRI. Algloe history of contour
integration and visual information processing are dised$sie y. Then, this chapter
is closed by providing a short background about metahéesist

» Chapter 3 thoroughly explores the metaheuristics EMD, EEMD and iteesion to
2DEEMD. The latter will be used in this thesis for extractipgper textures from
fMRI images recorded while performing a cognitive task, engpeci cally a contour
integration task while viewing oriented Gabor patches gmésd as visual stimuli.
Following, shortcomings of canonical BEEMD are describadhsas a huge com-
putation load or several artifacts occurring during theotiggosition. To overcome
such problems, a novel method of envelope surface interpoldased on Green's
functions, which calledGreen's function in tensichased BEMD (GiT-BEMD), is
presented in this thesis. The new method is based on Grestdns for splines un-
der tension, and is used to estimate the upper and loweragasbf local extrema of
the recorded activity distribution. Including a tensiomgraeter greatly improves the
stability of the method relative to gridding without tensioBased on the properties
of the proposed approach, it is considered-astand StableBEMD (GiT-BEMD).
Then, simulation results are presented which demonstrat€&iT-BEMD is not only
fast and robust, but also outperforms the canonical BEEME2iims of the quality
of the BIMFs extracted. Furthermore, an extension of GiTvlEEto an Ensemble
GIiT-BEMD (GIiT-BEEMD), is described in this chapter as well.
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* In Chapter 4, another problem is dimensionality reduction by using papmeta-
heuristics, speci cally PCA, ICA and NMF, are brie y reviesd, such methods are
partially overlapping discussions in several chaptersisfthesis.

* In Chapter 5, sophisticated machine learning methods for classifykigaeted tex-
tures (the BIMFs) are reviewed in detail. For classi catmptimization, the features
extracted from fMRI textures are adhered to further analggiemploying some com-
mon features selection techniques, like Gini index, T-iegrmation gain and Fisher
score. The extracted features by such techniques are félsainto the classi ers. The
latter serve to corroborate the discriminative power ofd¢kigacted features, and by
way of proper statistical measures, component images nsgirdinative for deci-
sion making become identi ed. Subsequently, activity wlgttions related within
these BIMFs can be analyzed with respect to activated braasanvolved and with
respect to available knowledge about visual processingantbur integration, accu-
mulated in the open literature. As during the scan the stdbpre asked to indicate
the presence or absence of a contour in the stimulus patten® are two classes to
differentiate:Contour Trug(CT) andNon-Contour TruéNCT).

* In Chapter 6, the fMRI datasets, experiment and materials, used in ki@sis, are
presented in detail.

» Chapter 7 is devoted to discuss the results of analyzing and clasgiffiRI images,
taken during the contour integration task, by employing BEEEand GiT-BEMD.
First, various parameters of the method like the numberffgisteps, the amplitude
of added white noise, the number of extracted BIMFs etc.hefalgorithm need to
be varied systematically to develop strategies for det@nygirespective optimal val-
ues, followed by employing a canonical 2DEEMD to extractrelteristic textures
on different spatial scales. Then, the extracted featuiréiseolatter are fed to a so-
phisticated classi ers, mainlgupport Vector MachingSVM) and Random Forest
(RF). Here the results show the performance of the classi@nd the sensitivity and
speci city of their responses can be deduced. These cleaton results will reveal
those componentimages, and their concomitant neuronaitadistributions, which
best differentiate between the classes, hence containdkeinformation as to where
neuronal activations are localized in the brain while opegaon contour integration
tasks within visual processing. In addition, a sort of fusad fMRI-EEG data by
combining BEMD/EMD and Independent Components Analysiflis discussed.

* Finally, a conclusion and important points of this work drawn inChapter 8.

1.2 Publications

The work presented in this thesis has been partially puddisi (or to be publish in) differ-
ent journals or conference proceedings.
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Chapter 2

Background

The idea of localization of function came out at the begigrohthe nineteenth century, and
it is still the basis for most neuroimaging studiéd][ This idea behind is that distinct brain
regions actively support particular cognitive proces&emly studies were unsophisticated
and invasive, and often led to incorrect ndings. Recentging methods are typically non-
invasive and allow for detailed analysis of brain anatomg famction, including tracking
changes during the lifetime of a subject, e.qg., studyingottogrress of diseases. The basic
anatomical structure of the human brain is shown in Rid. The brain stem and subcorti-
cal regions are mainly involved in lower level functions angihal processing. Higher level
functions, such as conscious thoughts, are performed iondhex, i.e., the surface of the
brain. However, higher level functions are based on funmstiocated in subcortical areas.

The division of the cortex into the four lobes, as shown in Bid, is somewhat arbitrary.
It is dependent on major sulci and ssures, visible on thdéamar. In addition, ne details,
like the density of neurons and their size and shape, difféwéen the areas. Naturally,
the boundaries are not so clear in a real brain, and can ctsigi¢ly from one subject
to another. Functional brain imaging often deals with théage of the brain but the con-
nections are also very important. Generally, the neurooalguration is essentially the
same throughout the surface, but different inputs and asigfithe circumferential nervous
system are connected to different areas of the brain. Tlach @rea is specialized in pro-
cessing a different kind of information. Fig.1shows the location of some of the common
primary processing areas in the cortex. These areas analzadatally connected across the
hemispheres, meaning that areas on the left hemisphereaané/mesponsible for signals
from the right side of the body. The primary areas are furtt@@mected to neighboring
areas on the same hemisphere, or ipsilaterally. Thesertgghaitive areas usually perform
more sophisticated functions based on the processingwchia the primary areas. The
left and right hemispheres of the brain are functionallytgisymmetric, but some complex
tasks have a dominant side. The functional structure of tamlis also very adaptive, e.g.
after an injury, nearby areas can take over some lost fumatity.

In this chapter a short overview of the fMRI technique willdgieen. Visual information
processing, including contour integration, will be delsed in this context. Also, a short
background about metaheuristics employed in signal aisal/sitroduced.
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Fig. 2.1 Anatomical structure of the human braiop Left The horizontal view from above
and the sagittal views froifop Middle the side andop Right middle of the brain show the

basic structures and divisions, including the four lobgmsated by sulci and ssures. Im-
portant names and directions are also shoBawitom Functional areas of the human brain
which shows primary areas involved in processing diffesamtsory information. (adapted

and extended fromlp9).
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2.1 Functional Magnetic Resonance Imaging

Functional magnetic resonance imaging (fMRI) is an imadeuapnology which is mainly
used to detect brain activity distributions by measuringroeal activities 113. fMRI is a
popular imaging technique, especially in neuroimagingeexpents, as it does not involve
any hazardous radiation. Itis non-invasive, has a highapatsolution in the submillimeter
range and is comparatively easy to use. For example, theegtegperiment in this thesis,
the scanner produces data on a lattice of size 64 46 with a uniform spacing of size
(3 3 3) [mn?]. Such are called an elementary cube a voxel and consideriritgée s
data point in this uniformly spaced lattice. Usually, theetitdimensional lattice mentioned
above contains roughly ten thousands voxels. In Eig.a 2-dimensional slice of a typical
fMRI image overlaid on a structural MRI brain image is shovwoxel typically contains
tens of thousands of neurons. Therefore, the observed signas the average activation in
a spatial neighborhood rather than individual neuronavaibns. Unfortunately, the data
Is corrupted with noise from various sources. Some of thisenoan be removed through
proper preprocessing steps, but some noise will remain ieviire preprocessed data. The
temporal resolution of fMRI is limited by the slow BOLD sign&n our experiments, a three
dimensional image, every two seconds, is obtained. The B8lgbal takes several seconds
to appear. The temporal response of the BOLD signal showsmemiary decrease imme-
diately after neuronal activity increases. This is follagy an increase up to a peak around
six seconds, see Fig.2 The signal then falls back to a baseline and usually undetsh
it around twelve seconds after the increase in neuronaligctiNevertheless, resolution
levels on the order of milliseconds can be achieved if thatired timing of events are to
be distinguishedl04. Thus, fMRI measures secondary physiological correlatewural
activity indirectly through the BOLD signal. When compayiacross individuals, it is not
possible to quantitatively measure whether the differsraze of neuronal or physiological
origin. However, fMRI has been validated in many experirsefbr instance, fMRI signals
are shown to be directly proportional to average neurortalamns and are observed to be
in agreement with electroencephalographic (EEG) sigrass [

In neuroscience, fMRI has been an important tool for the stigation of functional
areas that distinguish particular mental processes,dindjumemory formation, language,
pain, learning, emotion and visual information proces$i®)23]. FMRI is a powerful tool
to measure magnetic susceptibility changes of neurorsldiby tracking changes of blood
ow inside the brain with concomitant changes in diamagneixy-versus paramagnetic
deoxyhemoglobin concentrations. Thus, the differenceagmetic properties leads to small
differences in the local MR signal depending on the degreexgfjenation of the blood,
which in turn depends on the neural activity. In fMRI the BOkIgnal is measured, and
this BOLD signal is considered a proper though indirectcéatbr of neural activity.

Compared to other brain imaging techniques, fMRI has a higttial resolution on the
order of one millimeter. This technique allows mapping brainctions in various regions
of the human brain. Before MRI techniques have been invetibednost commonly used
functional neuroimaging technique w&ssitron Emission TomographyET). However,
PET imaging has several shortcomings, including the inessiss of the radioactive injec-
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tions, the expense of generating radioactive isotopesthemslow speed with which images
are acquired.

Fig. 2.2 fMRI activations (shown with color dots) overlaid a transverse slice of the corre-
sponding structural MRI brain image (in grayscale). Eadorcdot represents a particular
voxel. Top (bottom)represents thanterior (posterior)part of the brain. The cross-red line
represents the current coordinates.

2.2 Visual Information Processing

"The whole isotherthan the sum of the parts”, Kurt Koffka. This is very true, &ese

a primary task of vision is to identify pieces of a visual seevhich combine with other
pieces to make up coherent objects. Processes which faHlibtegration of identi ed
pieces into a unique percept are subsumed under thewvistral information processing
(VIP) or perceptual groupingPG). The human visual system implements such mechanisms
at several levels in the visual hierarchy, based on spétiaporal, and chromatic features
of the stimulus 8, 53, 81, 116. Many of these processing mechanisms relate to a set of
rules formulated by Gestalt psychologists early in thedasitury B9, 158. Gestalt theory

is focused around the concept of perception, according tichwberception tends to be
organized in a regular, simple, and meaningful manner. @apen this essential proposal,
more speci ¢ rules have been suggested to account for wetiwk patterns of perceptual
grouping. In group of these Gestalt rules, the two prina@pléth the highest prominence
for perceptual organization apgoximityandsimilarity. According to the rule oproximity,
distinct elements are probably to be organized as a coleecti whole if they are in the
spatial or temporal domain close to each other (Riga). The rule ofsimilarity speci es

that elements are organized as a whole if they share comnaduarés like color, depth,

or size (Fig.2.3b). Four other principles are included in the original adslgmof Gestalt
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rules. The rule of goodontinuation as shown in Fig2.3c, follows from the notion that a
sequence of separate objects aligned with a common spateinporal trajectory will be
grouped due to the perceived foreseen relationship amengiéiments. Exempli ed in Fig.
2.3d is the rule ofclosure claiming that elements will be grouped if they follow a @ds
overall shape. Although the spatial con guration of thegdwt Fig. 2.3d would allow for
the perception of two opposite open arcs, the visual syséwors to integrate the dots into
a closed circle. The rule agymmetrycaptures the notion that objects in a visual scene tend
to be organized by means of symmetrical shapes. Eig is therefore most likely to be
interpreted as two overlapping rectangular frames ratier two polygons bordering on a
central small diamond shape. The last in the set of Gestaltiptes is the rule oEommon
fate, the rule ofcommon fateredicts that humans group elements which have the same
fate, i.e. which move coherently into one direction or whictk ashed at the same time.
This seems to be the rst Gestalt rule which emerges in theldging visual system. The
signi cant difference between the rules of common fate anddycontinuation becomes
apparent in Fig2.3. While good continuation does only account for the grogpahlocal
elements into three rayspommon fatantegrates all three rays into a whole percept. In
addition to this and the Gestalt rules, other knowledge atypical feature concurrence in
the world can also be crucial in order to interpret a visuainec One common example
for such object which can hardly be recognized without pkimowledge about the world
is Richard Gregory's Dalmatiardog, which is shown in Fig.2.3g as well. This picture
contains éDalmatiandog, snuf ng on the oor and heading to the left, whose tegtig so
similar to the environment, that he can only be detected thighhelp of prior knowledge.

2.2.1 Contour Integration

As already mentioned, the human visual system tends to dogapstimulus elements into
global wholes. Such grouping is often based on simple rulek as similarity, proximity,
or good continuation of the local elemen®)]. First attempts to develop an expository
foundation for contour integration considered the taskdomplex for being achieved by
local feature processing units early in the visual pathviray, argued in favor of a glob-
ally precedent mechanism that integrates information frouftiple feature dimensions in
order to reconstruct a visual obje& [L50. Many discussions were initiated by this con-
cept, which was challenged in neurophysiolo@y82, 97], neuroimaging 3, 4],[73], psy-
chophysics43, 44, 74,101, 106 132 and computational studie28, 50, 76, 85, 121, 135,
from which a general concept emerged about how contour grgup implemented by the
visual system. Contour integration is one of the most el¢argriasks during visual feature
integration. The ability to integrate oriented contragjesi(Gabor elements) into a contour
depends on the spacing and orientation of the Gabor elem@ative to the path orienta-
tion [44, 83]. So, contour integration is believed to be a fundamentg & the process
of object recognition. Similar principles apply in the midtable organization of regular
arrays of elements in rows and colum4,[32]. Other, more general, stimulus properties
also seem to in uence the binding of contour elements: Qlosentours are more easily
detected than open one&| 121]. Likewise, symmetric contours are also easier to detect
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Fig. 2.3 Stimulus examples of perceptual grouping phena@mneating to Gestalt rules from
left to right and from top to bottom , Proximity, Similarityd@tinuation, Closure, Symmetry,
Common Fate and Richard Gregory's picture of a Dalmatian ddgp latter can hardly be
recognized without prior knowledge. (adapted and modi et [120).
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than asymmetric one9%|. Indeed, contour integration improves when Gabor elemard
oriented perpendicular to the contour within a closed aagd,deteriorates, when these ele-
ments are oriented parallel to the contaBif][ One special instance of perceptual grouping
is a contour integration where local parts of Gabor elemarégse-integrated into a good
continuous contour line. The principle of good continuatibowever, will, in most cases,
not suf ce to readily enable perceptual grouping of contel@ments. Suf cient conditions
for contour integration may then be established by comph¢arg measures. Good continu-
ation can be reinforced by providing local elements witloinfation about the course of the
global trajectory such as orientatiaollinearity, or be augmented with additional Gestalt
rules like proximity, similarity, or closure, as well as Wwisalient feature contrast cues. In
this thesis, a sort of good continuation during contourgraéon is typically tested with

a stimulus paradigm where arrays of Gabor patches are peestnthe subjects (see Fig.
6.2).

2.3 Information-theoretic Metaheuristics

Throughout the human history, especially at the early stape methodology in problem
solving has beeheuristicor metaheuristidollowing thetrial and error principle Accord-
ingly, many important inventions came to life by 'thinkingitside the box’, and often by
chance; that is heuristics. In fact, the way a human-beitigWs daily in learning expe-
rience, at least as a child, is dominantly heuristic. Howetl®mugh the metaheuristic is
not invented, metaheuristics, as a scienti ¢ approach ablem solving, is in fact a new
phenomenon, it is dif cult to determine a proper date whea tietaheuristic method was
rst used.

In information-theoretic metaheuristic algorithmmegeta means 'beyond' or 'higher
level' procedure, and such algorithms generally represgt@nsions of simple heuristic al-
gorithms. They perform better than the simpler countegpagpecially with incomplete or
imperfect information or limited computational capactyl metaheuristic algorithms use a
certain trade-off betwedncal andglobalsearch, and provide a variety of good solutions (in
the sense of a Pareto front in multi-objective optimizatjavhich are often accomplished
via randomisation. The latter provides a suf cient way tovadrom local to global search.
Therefore, almost all metaheuristic algorithms intendecbitable for global optimization.
Although metaheuristics are quite widely used, there isaroraonly accepted de nition of
heuristics and metaheuristics in the literature. It is jaghe last few years that some re-
searchers in the eld tried to propose a de nition. Here, tofanost interesting de nitions
are quoted:

“A metaheuristic is an iterative master process that guadhesmodi es the operations
of subordinate heuristics to ef ciently produce high-gtiasolutions. It may manipulate a
complete (or incomplete) single solution or a collectiorsolutions at each iteration. The
subordinate heuristics may be high (or low) level procesluoe a simple local search, or
just a construction method1p2.

“A metaheuristic is formally de ned as an iterative gen@atprocess which guides
a subordinate heuristic by combining intelligently ditfat concepts for exploring and ex-
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ploiting the search space, learning strategies are usettuictiige information in order to
nd ef ciently near-optimal solutions” [L14).

Some researchers still use heuristics and metaheurist@xihangeably. However, re-
cently there is an increasing tendency to name all stochalgforithms with randomisation
and global exploration as metaheuristics. So, this theisas this convention.

Metaheuristics methods can produce acceptable solubgnsing a trial and error prin-
ciple, to a complex problem in reasonable time. The compl@fireal problems often leads
to dif culty of searching every possible solution or evemdaination, the goal is rather to
nd an appropriate solution in reasonable time. Howeveerghis no guarantee that an
optimal solution can be found. Furthermore, in some casa®tis no a prior knowledge
whether an algorithm will work or not. In other cases, eveit Works, it is dif cult to
know why it does so. Hence, the main idea behind such metstiesalgorithms is to have
an effective and practical way which can produce solutidnsubcient quality. Among
such solutions, it would be expected, some of them may bestlopiimal, though, again,
there is no guarantee for such optimal solutions. The compsof any algorithm based
on metaheuristics arexploitationand exploration[15], like in all bio-inspired optimiza-
tion techniques. Exploration means to explore diverset®ois globally, while exploitation
means to search a current good solution locally by explpitive information that is found
in a local region. This kind of combination leads to sele@ Hest solution which con-
verges to optimality. An intelligent combination of thesetmain components most often
ensures that global optimality is nearly achieved. Gehgitile main properties which can
characterize metaheuristics according to Blum etl] &re:

* Metaheuristics are strategies that “guide” the searchgz®
» The aim is to ef ciently instigate the search space to readear- optimal solutions.

» Metaheuristic algorithms are composed from range of #lyois, from simple local
search procedures to complex learning processes.

» Metaheuristic algorithms usually are not deterministitdort of approximation algo-
rithms.

» Metaheuristics may mix mechanisms to avoid problems inremhareas of the search
space.

* The main idea of metaheuristics is to permit an abstraet ldgscription.
» Metaheuristics are not problem-speci c.

» Metaheuristics may make use of domain-speci ¢ knowleagthe form of heuristics
that are controlled by the upper level strategy.

» Currently more advanced metaheuristics use search experiembodied in some
form of memory) to guide the search.
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In short, metaheuristics are high level strategies for @pd search spaces by using
diverse techniques. Throughout this thesis sophistidagadstics, such as PCA, ICA, SVM,
BEEMD and the newly proposed variant of of BEMD (GiT-BEMDj)ea@&mployed to extract
textures, reduce dimensionality, process and optimizefes for further analysis.






Chapter 3

Textures Extraction

Although there is no conventional de nition of an image t&e so far, it can be understood
as an homogeneous pattern or spatial arrangement of pidalsh) can be easily detected by
the eyes and recognized by the brain. Texture are believes axich source of visual infor-
mation. Textures are composed of a large number of more solekered similar patterns,
giving rise to a perception of homogenei82]. Therefore, texture is an important approach
to segment and describe different regions of an image. @#yepeaking, textures are
complex visual patterns composed of entities, or sub-pett¢hat have characteristics like
brightness, color, shape, ett33. The local sub-pattern properties give rise to perceived
lightness, directionality, coarseness, etc., of the rexais a whole133. Still these char-
acteristics alone sometimes cannot describe the textdi@esuly well. Furthermore, a
texture may consist of a structured and/or random placeofegiements, but also may be
without fundamental sub-units. Commonly, three princig@abroaches to describe the tex-
ture of a region used in image processing are: statistiaggaties, structural properties,
and spectral propertieS2].

In this thesis, two major stages in biomedical fMRI imageties analysis are consid-
ered. The rst stage concerns textures extraction. It toegveal characteristic information
buried in an fMRI image, which is able to accurately desciibéexture properties in terms
of wide-sense stationary patterns on different scales. sBeend stage consists of three
main issues98]:

1. Texture discriminatiorio de ne the region of interest related to our perceptudk,tas
each corresponding to a perceptually homogeneous textucehtour integration.

2. Feature extractiorfrom identi ed textures to compute a characteristic quigntif a
digital image able to numerically describe its texture @mies .

3. Texture classi catiorto determine to which of a classes (contour and non-contour)
homogeneous texture region belongs.

In this Chapter, the techniques of the rst stage are diseiss detail, i.e. texture
extraction. Results obtained from this stage are subjectddrther analyze like feature
extraction, texture discrimination and texture classiioa in the next chapters.
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Many decomposition algorithms, for example wavelet alfpons, have been employed
to gure out if they could serve as adaptive decompositiamsahy signal 88]. But because
of combining lters and cost functions with different sigean such algorithms renders
this undertaking dif cult. However, EMD deems a perfect tbm achieve this task. It is
an adaptive decomposition with which any complicated digaa be decomposed into its
Intrinsic Mode Functions (IMF). EMD is an analysis methodttban expose details of any
non-stationary signal and gives a better understandingpefphysics behind the signals.
Additionally, and because it can describe short time chaumgé&equencies that cannot be
achieved by Fourier spectral analysis, it can be used fdimresar and non-stationary time se-
ries analysis. For every IMF, and according to its repreg@tt as a complex signal, one can
deduce from its time-dependent phase a well-de ned inateedus frequency. This adds the
possibility for a time-frequency analysis via a Hilbert-dihg Transform (HHT). Thus, one
of the ultimate goal for every EMD is to nd a decompositionafignal which makes it
possible to use the instantaneous frequency for time-&ecypanalysis of non-stationary
signals. Hence, this powerful technique provides an adajlkiecomposition technique for
any multi-dimensional nonlinear and non-stationary sigmtghe context of an fMRI image
analysis.

This chapter is dedicated to understanding EMD in terms efamd two dimensions.
These algorithms are explained and put the focus on the,|l&EMD and Git-BEMD,
which are more relevant for our data. This chapter beginis avieview of an EMD applied
to time series signals. To remember, because that EMD andBEgk a mathematical
background and formalism on which it is based. Thus, theepins truly empirical. In this
work, such empirical approach is kept as new methods andniarof BEMD are expanded
and developed, especially to two-dimensional images. TamBEMD algorithms are pre-
sented, the canonical BEMD and a new approach, called GNHBEs mentioned before
in chapterl. Both decompose an image into a number of BIMFs and a residedatter in
an especially fast and robust manner. This latter qualityas# possible to use GiT-BEMD
routinely for image processing. Finally, signal oscilbeis in the traditional frequency con-
cept are brie y described, particularly a Hilbert-Huangesprum. An intuitive examples of
such an implementation are investigated and show its sbrorbtgs as well.

3.1 Empirical Mode Decomposition

Roughly a decade ago, an empirical nonlinear analysis motdmplex, non-stationary
time series has been pioneered by N. E. Huang et=8]. [It is commonly referred to as
Empirical Mode DecompositiofEMD) and if combined with a Hilbert spectral analysis it
is calledHilbert-Huang Transform{HHT). It can be applied to any non-stationary and also
nonlinear data set, and represents a heuristic data desttopdechnique which adaptively
and locally decomposes any non-stationary time seriesumeos Intrinsic Mode Functions
(IMF), by the so-calledsifting process The sifting process locally sieves out oscillations
at certain scales, starting with the highest frequencyllaon in the following iterative
procedure:
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1. Initialization: setr(t,) = X(ty) . Identify all local maxima and local minima of

2. Interpolate the local maxima (resp. minima) to obtainupper envelop@&mnax and
local minima (resp. maxima) to obtain lower envebpp,, by a suitable interpolation
techniques; for instance cubic splines interpolation.

3. The meam = [ enax* €min]=2 is computed and subtracted frarno obtainrf%=r m.

4. Updater by r® Repeat steps 1 to 3 until the stopping criterion is met.

To get IMF, the stooping criterion must match two conditions

» zero-mean amplitude and frequency modulated componentshe local average of
upper and lower envelope of an IMF has to be zero;

* An IMF has only one extremum between two subsequent zerssitrgs, i.e. the
number of local extrema and zero crossings differs at mosiiey

Note that an IMF can be considered roughly stationary, ag &mthe rst condition is
obeyed, i.e the local mean estimation with envelopes doedewate from the true local
mean. Hence, dealing with stationary data renders its aisatyuch easier. But an IMF may
have amplitude and frequency modulation as is shown in&ig.

IMF
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Fig. 3.1 Shows an Intrinsic Mode Function (IMF) with amptiaiand frequency modulation.

Note further, that there is no a strict way to determine thenloer of inherent modes
in advanced. Wu et al. 1p5 suggested that the number of IMFs extracted from a time
series is roughly equal to  log,(N); whereN denotes the number of samples of the time
series. Anyway, sifting progresses as long as two conditeoe met: the signal has at least
one minimum and one maximum and riding waves are excludect |dtter are used to
identify intrinsic modes. Riding waves could be includedhg signal. Such riding waves
lead a signal to have its own characteristic sc8&}.[Thus, the features extracted from the
original signal are still dominant in the IMFs extracted BMEB because IMFs are created by
searching the riding waves. Additionally, the EMD proceas expose oscillations which
are not clearly seen by the human eye in the original signal.

Most importantly, EMD represents a fully data-driven, upeitvised signal decompo-
sition and does not need amypriori de ned basis system. EMD also assures perfect
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reconstruction, i.e. superimposing all extracted IMFsetbgr with the residual trend re-
constructs the original signal without information lossdistortion. However, if only par-
tial reconstruction is intended, it is not based on any oglityrcriterion rather on a binary
include or not includedecision. The empirical nature of EMD offers the advantager o
other signal decomposition techniques like ExploratoryriMd-actorization (EMF) 77] of
not being constrained by conditions which often only apglgraximately. Especially with
cognitive image processing, one often has only a rough ideatahe underlying modes or
components, and frequently their number is unknown.

Eventually, the original signad(t) can be expressed as

x(t) = &)+ r) (3.1)
j

where the oscillatory componentS)(t) of the signal represent the IMFs anft) the re-
maining non-oscillating trend. Consequently, the instaabus frequency of these IMFs
can be calculated in a meaningful way.

3.1.1 Instantaneous Frequency

Formally, instantaneous frequency (IF) is de ned as thettharivative of the time-dependent
phase of the complex representation of the signal undey.stoienply speaking, instanta-
neous frequency (IF) denotes the oscillation frequencysfaal at a certain point in time.
But when the frequency is considered in terms of how manyesyotcur during a certain
time span, this necessitates the existence of more refeq@uiats rather than just one to
measure frequency of a time-dependent signal. Thus, ir@staous frequency is consid-
ered as an ambiguous concept. So, prospecting for alteendi nitions of IF has been
motivated by reality where in numerous cases the varigbiffitthe phase angle is large
which, in turn, leads to large uctuations of the IF about thean value. Anyway, there is

a consensus on the fact that the IF is appropriate when applimonocomponergignals
[86], which have been loosely de ned as narrow band. The deomitof monocomponent

is discussed in detail by CoheBJ. A component is seen as a mountain ridge, the center
forming a trajectory in the time-frequency plane while exgan of this ridge varies. The
frequency spectrum of the components is misleading bedhese components only exist
locally in time [33]. Boashash16] explored the instantaneous frequency mathematically
and discussed the interpretation of instantaneous freguéte discusses the Hilbert trans-
form in the context of an analytical signal, and monocompbas well as multi-component
signals. Boashash §] concluded that the meaning of instantaneous frequendg#s but
with multi-component signals a decomposition is neededt torbe meaningful.

Nonlinear time series often features intra-wave frequanogulation. This means that
in addition to inter-wave modulation, the local frequend¢yacges during one oscillation
cycle. Fourier-type transforms cannot extract intra-waeguency modulation because
wavelets span more than one oscillati@®,[86]. Instantaneous frequency reveals intra-
wave frequency modulation which, traditionally, has beesaidibed by harmonics. How-
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ever, nonlinearly distorted harmonics, as produced by iEpanalysis, have no physical
meaning. So, to apply the concept of IF to such signals, t@aextinderlying meaningful
information, it is necessary to rst decompose the sign#d im series of monocomponent
contributions. EMD is a powerful tool to carry out this deqmusition in a systematic man-
ner. Then, an IF of a resulting moa&t) is obtained from its Hilbert transform through a
simple derivative as shown in the following:

( .

n o} z

. 1 +¥ c)(t)
H ) = =p

R A RCED)

(3.2)

whereP indicates the Cauchy principal value. This way, an anaysignalz ) (t) can be
de ned via

n 0}
zj(t)y= D)+ iH D) = aj(t)explif(t) (3.3)

with amplitudea;(t) and instantaneous phakgt) given by

q
c(t) >+ H i) 2 (3.4)

aj(t)

n o,
H ct) °

tan 1 T(t) (3.5)

fi(t)

The instantaneous frequeno§!) (t) of the signal can be obtained from the time deriva-
tive of the instantaneous phase

dfj(t)
dt

Because this derivative of the time-dependent phase caoyiie@to only one frequency
at a time, the function in question has to be monocomponemis, Tmulticomponent sig-
nals need to be decomposed. The IMFs satisfy this requiresiere EMD extracts each
characteristic oscillation as one componésg, b7, 153. If a signal has only one frequency
component at a time, its instantaneous frequency can belatdd with this derivative. A
naturally occurring signal usually has more than one fraqu&omponent at a given time
[55]. Generally, the concept of intrinsic mode functions issidered because they represent
monocomponent signals.

Eventually, the original signal x(t) can be expressed as
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xt) = ac)+r()
j

Z
Re aj(t)exyifj(t)) = Re aj(t)exgli t¥ w;(t9dt9 (3.7)

c(t)

where thec!/)(t) represent the IMFs and(t) the remaining,non-oscillating trend. Fur-

thermore,aj(t) denotes a time-dependent amplitudg(t) =  w;j(t)dt represents a time-

dependent phase amg[rad=s] = df(jt(t) denotes the related instantaneous frequency. Plot-

ting both amplitudeaj(t) and phasd j(t) as a function of time for each extracted IMF
represents #lilbert - Huang spectrogranb].

Contrarily, a Fourier Transform decomposes any statiosignyal into simple harmonic
components!)(t) with globally constant amplituda; and constant frequenay; accord-
ing to

cD(t) = ajexpliwt) (3.8)

Finally, one could get a better understanding of the conaiegnt IF by examining a chirp
signal visually. A chirp signal, as depicted in Fig.2left), has an obvious interpretation
in terms of a frequency varying linearly over time as is showfig. 3.2(right) with the
phase angle of the analytic signal and the instantaneogsdrey computed according to
Eq. 3.5 and Eq. 8.6). As one can see, the Hilbert transform can capture the tariation
of the frequency accurately. Note that when the chirp iseggnted in the Fourier domain,
the result contains a large number of components with @iffefrequencies and the simple
essence of the signal is lost.
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Fig. 3.2Left linear chirp. Right phase angle and instantaneous frequency of the corre-
sponding linear chirp.
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After the main principles of Empirical Mode Decompositioavie been presented, the
mathematical properties and other issues of EMD will bewdised in the following. Also,
a few shortcomings will be further investigated, above atbes corrupting the decom-
position at the borders of the time series leading to boyndeifacts. Furthermore, an
overview of recent extensions of Empirical Mode Decomposijte.g. Ensemble Empiri-
cal Mode Decomposition (EEMD) will be explored. Moreoven, extension of EMD to
high-dimensional signal spaces is thoroughly discuss#usrchapter as well.

3.2 EMD Issues

To date, and despite of its considerable success, Empiode Decomposition still has
some restrictions. One of the main dif culties is the lackabkolid mathematical basis.
Hence, issues of mathematical EMD, namely completenegygwnality, reproducibility,

stopping criteria, and shortcomings can therefore onlydsewed numerically. In this

context, a short overview of such terms linearity and steiity are given rst.

3.2.1 Reproducibility

Reproducibility is the ability to correctly and fully reptace an entire collection of Intrinsic
Mode Functions (IMFs) when decomposing the original datasther by ones own EMD
implementation, or by someone else working independemntiyre dataset, as long as all the
modalities and implementation variants of the EMD algarntwre kept constant. Even when
some of the parameters of the EMD algorithm are changed,rasxtomple the stopping
criterion, results generally may be different in terms o&ntity but not of quality. So the
lack of reproducibility sometimes leads to dif culties interpreting the message of the
results in a meaningful and consistent way.

Settings of the Empirical Mode Decomposition (EMD) alglomit can be implemented
in different ways. Thus, this could lead to dif culties in @bsing the optimal parameters
of an EMD. Because the decomposition strongly depends onhbiee of parameters im-
plemented by an algorithm, the reproducibility of the deposition cannot be guaranteed
always. Among the critical options are the envelope cortityn, the boundary conditions
and the stopping criterion, which will be discussed in nedt®ns. Some of these issues
are shortly presented by Peel et al1§ and Rilling et al. 129. They concluded that
the quality of the resulting decomposition of different EMIQorithm implementations can
only be tested empirically and numerically using toy datpegdnents. With this in mind,
the implemented variants of the EMD algorithms used througthis thesis were tested in
advance on toy examples.

3.2.2 Stopping Criterion

A critical option of the EMD procedure is the stopping criber of the sifting process. It
should be remembered that the sifting process does not hsgveahematical basis for pro-
ducing IMFs. Thus any stopping criterion must be based on$texs. The sifting process is
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repeated until a new IMF is found i.k. sifting steps are performed until the conditions for
an IMF is satis ed. So, choosing an inappropriate stoppiitgon, leads to too many iter-
ations which, in turn, tends to over-decompose a signairgad what is calleadver-sifting
[86]. As a result, the supposedly meaningful IMFs turn to megleiss modes. There is, so
far, no strict way to avoid this problem completely. Nevetéss, the commonly accepted
way is to go on sifting until a certain condition for the standi deviation between consec-
utive components is met. If two components from sequenggiions are close enough to
each other, it is supposed that the extracted componertiialgcthe oscillation modedg],
hence is considered an IMF. The standard deviation betwemessive componenig, 1)

andhy, during thek!" iteration is de ned in the following equation

_

N ohige a(t)  hi(t)
S|,k - a . h2 (t)I, <
n=1 itk 1

(3.9)

The prede ned threshold should be small enough in order to enable the sifting process
of extracting all the oscillatory modes. A large threshgldoes not work out all sifting steps
and yields poor modes only. Furthermore, larger threshoidét cause early stopping and
leave some modes unseparated. Huttunen ed@lsfiggest to set the threshold between 0
and Q3 depending on the assumption that all extracted compoaeaiatrinsic mode func-
tions (IMFs), indeed. However, a more serious problem witk €auchy-like convergence
criterion is that it does the test for an IMF only based on the de ning conditions of an
IMF [59]. To address this problem, another stopping criterion khbe added by selecting
a prede ned numbel of sifting steps. If the number of extrema and zero crossanrgshe
same or differ at most by one aftérsifting steps, a component is considered an IMF. In
this way, the stopping criterion becomes active, but thereiguaranty that this “IMF” has
global zero-mean. Alternatively, Rilling et al129 proposed a way to guarantee that the
mean stays close to zero almost everywhere, and at the saraastitaking into account
large deviations from zero which might occur locally. Theglone by using two prede ned
thresholdsg:, g2, and comparing the amplitudes of the mode with an evaludtinotion
s (t) depending on the upper and lower enveldgés andL(t), respectively .

I
U(t)+ L(t)

U= U L

(3.10)

Then the sifting process is repeated ustijt) < g, for some prescribed fractiqd a)
of the total duration, whiles (t) < g, for the residual. The entire implementation for EMD
stops when the residuunit) is either a constant, a monotonic slope or contains only one
extremum.

Finally, the number of sifting steps can also simply be xed/u and Huang 164
suggested that roughly 5 sifting iterations are enough tetrie stopping criterion. In any
case, to guarantee convergence and stability of the negullFs, a suitable number of
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sifting steps &number) should be prede ned. Again, the adherence of theltiag IMFs
to the de ning criteria for an IMF is also not guaranteed, lever, deviations should be
small. Additionally, it has the advantage of creating mod#hk similar frequency content.

3.2.3 Completeness and Orthogonality

By the nature of the decomposition process, completenesshisved according to the re-
construction equation:

x(t) = )+ r(t) (3.11)
j

In addition, completeness also can easily be recognize@dNysby reconstruction. Fur-
thermore, the difference between the original data anddbenstructed data can also proof
numerically this property by computing, for a complete deposition, the mean squared
error (MSE). This reconstruction error normally yields

. 2
e= xt) dcPt)+rt) =n' 10 °° (3.12)
j
Furthermore, and by the nature of the decomposition, theaebed IMFs are locally
orthogonal to each otheb$]. Although this is mostly true in practice, it is not guaran-
teed theoretically. Hence, orthogonality of extracted 8\hould be checked numerically
aposteriori This could be done by simply rewriting the reconstructiqoagion as follows:

x()= )+ rt)= § XD t) (3.13)
j j

in which the residual(t) is added as an additional mode.
Then, consider the square of the signals to check the orttadigypof IMFs:

2= & XO) + 28 & XD)XxW (1) (3.14)
j jok
On the other hand, orthogonality can be used as an indicatathé validity of the
decomposition. Huang et al59] suggest arDrthogonality Index10) to validate that the
IMFs indeed are very close to a locally orthogonal basishédfthasis is orthogonal at least
locally, all terms of the second part on the right hand sidemin the equation Eq.3(14)
should be zero. Thus the orthogonality index (10) is de ned a

10=8 aaxPox®m=t) ' o (3.15)
tj K
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3.2.4 Envelope Estimation

A major critical point for EMD is the way how the envelopes amnstructed. First, the
extrema (local maxima and local minima) of the data are id=htThen, the local maxima
are connected to each other by using a suitable interpolatiethod to form the upper
envelopel(t), after which the same is done to the local minib{&). Next, the mean of
these envelopas(t) is computed,

L(t)+(U(t)
2
The ultimate goal is that the mean of the signal should belperdly everywhere. There

are many interpolation techniques to create the envelopaeker, the most common is the
spline interpolation. Splines are functions which are igse composed of polynomials of
orderj, and which are a suf ciently smooth at the points (which amewn as knots) where
the polynomial pieces connect to each other. At these ksptgies comply with certain
conditions like continuity or being 1 times continuously differentiable. The estimation
of the envelopes is the cornerstone of the EMD implementatp, the envelopes are im-
plemented to estimate the local mean of the signal for evanypée point. Thus, it is of
utmost importance to rather precisely reproduce the lodatma (maxima and minima) of
the functionx(t) by the envelope functions. Estimating proper envelopeshvprecisely
interpolate all extrema of the signal remains a challengdi€splines are most commonly
used to interpolate local maxima and local minima, respelsti[59, 129. Alternative in-
terpolation methods have been proposed by Huang eb8é].ahd Peel et al. 18, which
rely on an additional parameter that guaranties a smoatisitran between a linear and a
cubic spline. The modi cations resulted in minor improvemseonly, rather they either led
to too many extracted IMFs or increased the number of siitegs. Also other polynomial
interpolations have been testellf], but they also lead to increasing numbers of sifting
steps, which, in turn, resulted in over-sifting. In additithe optimized quadratic cost func-
tions, which introduced to construct the envelopes, arg @gpensive computationally and
show only moderate improvemeritg5. Moreover, B-splines were proposed 6], and
despite good results the number of extracted modes inatersieh corrupted their phys-
ical interpretation. In summary, although cubic splines ewstly, they generally produce
very good results. Additionally, cubic splines are a goadé-off for practical applications
compared to the more precisely tunable higher order sphmgish on the one hand become
even more costly computationally, and on the other hand tiestiow large overshoots be-
tween the sample points. As a further alternative, instéatterpolating the extrema of the
studied data directly, the maxima and minima of the highspléered data are used as knots
for the spline interpolation. Then, for interpolation, Hete polynomials have been applied
[70, 71]. Recently there have been attempts also to estimate lceahsdirectly and give up
of the idea of using envelopes. First resu@6,[103 are encouraging, but the technique yet
needs to be further investigated and developed. In thisstheesubic spline interpolation is
compared to a new approach of envelope estimation basedemm&function with tension.
The latter method is fast and robust, applicable to data ypidamension and yields results
superior to those obtained with cubic spline envelope egém

m(t) = (3.16)
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3.2.5 Boundary Effects

Determining proper boundary conditions of the splines dsedstimating the envelopes is
another critical point of the sifting process. The defadtibdary conditions of the cubic
spline produce artifacts which need to be alleviated atiedws. Several solutions have been
proposed like mirroring the extrema close to the end edg29,[padding the edges with
ideal waves$9], taking the average of the two closest extrema for the marirand mini-
mum spline 7], constructing two periodic series from the data by evenaiutiextension
and then estimating the envelopes using cubic spline witlogie boundary condition1[72]
and the SZero approachl7.

An alternative simple way is to remove the corrupted rst éast samples of the decom-
position. The latter is suf cient in case the available datrge enough. However, none of
these approaches performs completely optimal. Anywaycémenical EMD algorithm, in
this thesis, works as described @2F. The rst sample point of the data is considered as
the rst maximum and minimunmy = t1. Then the slope between the second and the third
maxima,(myjXm2); (MgjXmz), iIs computed

_ Xm2 Xm3 _ 4 X3
3= o 3 - 4 me3
According to the computed slope, a straight line is creat@ssing through both the
second and third maximum. Then the intersection posafm.  mp) + Xp between the
straight line and the vertical line aty is computed and used as the new rst maximum
(mMyjxm), if the current value is larger than thevalue of the rst samplex(n)

(3.17)

Xmi1 = maxcha(M  Mp) + Xyp; X(My)] (3.18)

This approach is used similarly for the extrema at the efettf of the data. However,
an alternative way of dealing with boundary issue of 2D dattawill be introduced later on.

3.2.6 Shortcomings

Because the EMD algorithms are completely empirical, thetreerious drawback of it is,
in fact, its lack of any mathematical basis, which allow t@ntify the method in objective
terms. Thus, the only way, so far, to carefully evaluate tdgsmance of the method is
employing generated toy data to imitate the decompositioogulure into IMFs and test the
impact of the various parameters and settings of the sifinogess criteria. However, the
physical meaning of the extracted modes (IMFs) cannot beagiteed for most applications.
Additionally, one of the major shortcomings of the origirt&¥ID is the so-callednode
mixing, which is de ned as an IMF or IMFs either consisting of compaotsignals of widely
separated scales, or a signal of a similar scale existingfereht IMFs. Mode mixing is in
most cases a consequence of an existing intermittency iorip@al signal. Consequently,
the generated IMFs contain not only unwanted aliasing, Ilsatlack any physical meaning.
Furthermore, as stated above, reproducibility of the dgusition cannot be guaranteed,
too. Hence, based on the parameters used, the generatedhvidFbe different in terms
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of appearance and characteristics. To alleviate some eéthleortcomings, a new noise-
assisted data analysis (NADA) approach has been proposédilet al. [L65 166, called
ensemble empirical mode decomposition (EEMD). FollowiigMD is discussed in detail.

3.3 Ensemble EMD

During sifting, mode mixing as well as boundary artifacta t& largely avoided by a vari-
ant called Ensemble Empirical Mode Decomposition (EEMD)okthas been introduced
by [165. It represents a noise-assisted data analysis methodt idite noise of nite
amplitude is added to the data, and then the EMD algorithrppdied. These two steps are
repeated many times, and the IMFs are calculated as the nhaareasemble, consisting of
the signal and added white noise. With a growing ensemblebeurthe IMF converges to
the true IMF [L65. Adding white noise to the data can be considered a physiqariment
which is repeated many times. The added noise is treatedhdsmanoise, which appears
in the measurement. In this case, theth noisy observation will be

(1) = X(t)+ en(t)= & e (1) + ra(t); (3.19)
]

wherex(t) is the true signalg(t) is the random noise and)’ = c() + e(t) represents
the IMF obtained for th@-th noise observation. For the sake of simplicity, hendéftne
residuum is denoted ag(t) cﬁJ) (t), hence formally include it into the summation over
the IMFs. EEMD considers true IMRS and the residuum as an ensemble average of
extracted IMFs according to

o1 N

cd==-qc, (3.20)
Nn=1
1)

r=—a (3.21)
Npz1

whereN represents the number of ensembles. Later on, the assnstisg is added to and
subtracted from the studied data to completely remove ratmaise still residing in the
extracted IMFs after the sifting process. Hence, the EEMDniglemented twice, which
formally can be represented by rewriting the equation alsawgly as

o1 N
c = mg_lc}, (3.22)
1§
r= mglrn (323)

Thus, by averaging the respective IMFs, noise contribgtiwipe out, leaving only the
true IMFs.
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Noise amplitudes can be chosen arbitrarily but the ensembitéberN should be large.
However, Wu et al. 169 suggested a white noise with an amplitude amounting:io O
standard deviations of the original signal, which is addetthé data at every iteration. With
a growing ensemble number, the ensemble-averaged IMF gws/é0 the true IMFI65,
166. The number of sifting steps, and the number of IMFs are @reztl to render the
extracted IMFs truly comparable. In this way, the stoppihthe sifting process does not
take the commitment of the IMF criteria into account, though

Most importantly, an EEMD reduces the mode mixing and enésutice separation of
modes with similar frequencies. Because of the added nibisestudied data contains a lot
of local extrema which renders the estimation of the envedammputationally costly. Also
more high-frequency components result, since the whitsenisi not wiped out completely
in practical applicationslj65. However, a new solution for such problems are proposed in
this work, which will be described in this section. Brie yAMD is computationally costly
but, due to its advantageous effects, should be consideeschinonical EMD.
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Fig. 3.3 Signal in the bottom obtained as the superpositidtheowaveforms plotted in the
topx1(t) and middlexy(t) to generate an intermittent signalt) = xy(t) + xo(t).

An illustrative example of the performance of EEMD compai@&MD is given in Fig.
3.3 Two arti cial signals are generated:

@ = s

X2(t)

0:1sin(2pt + 55in(%0)): (exp( (t 25)%=10)
+exp( (t 452%=10)+ exp (t 65)%=10))
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wheret is a variable linearly varying between Ot 100, and where 9500 sample points
are taken. Then, both functions are summed up to producentéeriittent signaks(t) =
x1(t) + Xo(t) (Fig. 3.3(bottom)), whereby in the signad; (t) the oscillation is interrupted for
certain time spans byy(t) to simulate a situation which often happens in real apptoat

Fig. 3.4(left) illustrates the IMFs obtained with canonical EMD while Fig.4(right)
depicts IMFs obtained with EEMD using ensemble numbkéd,= 50, different noisy sig-
nals to construct an ensemble starting from the originatadig Clearly, canonical EMD
exhibits strong mode-mixing in this case, see IMF1 and IMiBile EEMD copes quite
well with this complicated signal, see IMF5 and IMF7. Howe\eecause the white noise
is not completely canceled out, over-sifting has happer8a].one can see clearly in Fig.
3.4(right) that many unphysical high-frequency components appeétedce, one needs ad-
ditional efforts to recognize the correct underlying mqadesich have a physical meaning
and interpretation.
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Fig. 3.4Left: the intermittent signal and extracted modes by canonicaDElcomposition
with 10 sift iteration. Right: the intermittent signal and extracted modes by EEMD, an
ensemble member of 50 and sifting iteration of 10 are usedl tla@ added white noise in
each ensemble member has a standard deviatioriof O

Here, a new solution is suggested in order to avoid ovangiih such an intermittent
signal as follows:
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1. Add white noise with small amplitude; a good amplitudeickas in the range of
(1 9) 10 # ssof the standard deviatios of the original signal.
2. The number of sifting steps is adapted during the siftmgess as follows:

a. initialize the number of sifting iteratioiSR, SR=N 100; whereN represents
the prede ned number of modes. If the amplitude of the addadenis very
small, the number of sifting iterations should be increasadi vice-versa.

extract the rst noisy mode (IMF1).
reduce the number of modes by dvie N 1;

set the new number of the sifting iteratibn= log(N(\?).

® 2 o T

extract the next mode
f. repeat steps from c till f.
3. This sifting process extracts modes free from mode migimdyor over-siffting prob-

lems.
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Fig. 3.5Left: the signal and extracted modes by EMD algorithm decompositiith a
proposed tiny assisted noise, the added white noise hasdastedeviation of ®001.Right:
the signal and extracted modes by proposed EMD algorithrardposition.
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Hence, according to the proposed solution and after thenatigignal has been decom-
posed, see FigB.5, following notices were observed: when white noise with akempli-
tude is added without changing the number of sifting iterai( rst step of the proposed
improvements), an EEMD succeeds to estimate the undenyiodges rather correctly, but
it still fails to cope with the added noise. Also over-siffiappeared because the intermit-
tency remained in the components IMF1 and IMF2. While ap@ythe proposed method,
see Fig.3.5 (right), the modes obtained perfectly match the original onesattteed noise
in IMF1, the intermittent signal in IMF2 and the pure signalMF3. So the trade-off be-
tween the amplitude of the added noise and the sifting iteratis required. Hence a new
suggestion, to solve this kind of problem, is introducedadidition to the performance of
this proposed improvement in coping such mode mixing probtbe computational load is
reduced compared to an EEMD-50 analysis roughlydd.

3.4 Bi-dimensional Ensemble Empirical Mode Decomposi-
tion

Soon after its invention, EMD has been extended to higherdsions 46, 109 126~
128 166 including complex-valued data setg, [93, 14§. Obviously, two-dimensional
image data sets were of special interd(. In a rst approach, such two-dimensional
data was treated as a collection of one-dimensional sligbgh were decomposed with
one-dimensional EMD. This procedure is calfsgudo-two-dimensional EM66. How-
ever, pseudo-2D-EMD needs a coherence structure assbeidtethe spatial scales in a
particular direction, which signi cantly limits its use.hEse recent developments in analy-
sis methods for non-linear and non-stationary data sets fegeived considerable attention
by image analysts. Thus several attempts have been statédylto extend EMD to multi-
array data sets like two-dimensional (2D) data arrays arafj@s. These extensions are
variously known adi-dimensional EMO(BEMD), image EMD(IEMD), 2D EMD and so
on [38, 87,90, 91, 109-111, 167, 168. The most demanding operation of these algorithms
involves an envelope surface interpolation step. 38 [he in uence of various interpola-
tion methods is studied, andsdting process is proposed based on a Delaunay triangulation
with subsequent cubic interpolation on triangles. 18,[13] the envelope surface interpo-
lation step is replaced by either a direct envelope surfatimation method or radial basis
function interpolators. In173 a new two-dimensional EMD (2DEMD) method is pro-
posed, which is claimed being faster and better-perforrthiag current 2DEMD methods.
In [167] rotation-invariant texture feature vectors are extrd@emultiple scales or spatial
frequencies based on a BEMD. Also, it0OB-111] the BEMD-based texture extraction al-
gorithm is demonstrated in experiments with both syntheatt natural images. Finally, the
modi ed 2D EMD algorithm proposed inl67] implements the FastRBF algorithm in an es-
timation of the envelope surfaces. Some of these works #&xdj#oompositions to compute
texture information contained in the images. Textures arespecially relevant feature of
biomedical images if their subsequent classi cation i®ited as is the goal of this thesis
also.
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Besides a genuine 2D implementation of the BEMD process, VD bas also been
applied to images to extract 2D IMFs or bi-dimensional IMB8MFs) [91, 92]. The lat-
ter technique treats each either row or each column of the&B skt separately by a 1D
EMD, which renders the sifting process faster than in a gen@D decomposition. But
this parallel 1D implementation results in poor BIMF compots compared to the canon-
ical 2D procedure due to the fact that the former ignores theetation among the rows
and/or columns of a 2D imag®&9]. A major breakthrough has been achieved by Wu et
al. [166, who recently proposed Blulti-dimensional Ensemble Empirical Mode Decom-
position(MEEMD) for multidimensional data arrays. The well-knowmsemble empirical
mode decomposition (EEMD) is applied to slices of data irheatd every dimension in-
volved. The combination of partial IMFs to the nal multivdensional IMF is based on a
comparable-minimal-scale-combination princigl@eMSC-principle). MEEMD turned out
to be very ef cient in practical applications, especialfyapplied to the two-dimensional
case, and will be used in this thesis to analyze fMRI imagksntavhile subjects were
performing a cognitive task.

Following the BEEMD approach developed by Wu et dl6§ as a canonical BEMD
variant and contrast it with a novel fast and stable bi-disn@mal EMD (GiT-BEMD) ap-
proach, that replaces the cubic spline interpolation syegrbinterpolation with splines in
tension employing Green's functionsg(], are deeply considered. Although, cubic splines
are in widespread use because of their smooth shape, theg®fis can exhibit unwanted
oscillations between data points. Adding tension to thenepbvercomes this drawback.
Here, a technique for interpolation and gridding in bi-dimsien EMD applications, using
Green's functions for splines under tension, is used asagadxamining some of the proper-
ties of these functions. The technique is borrowed from fgsigs where itis in use already
since more than a decadE5d. Physical sciences have a frequent need for data interpola
tion and griding. Such tasks are commonly accomplished leyagyng [L57] and nite
difference methods20] employing cubic splines on a regular grid. Introducingface
tension often helps to suppress undesired oscillationsi@i splines 142. The Generic
Mapping Tools offer a software package implementing anrétlyo which uses continuous
curvature splines under tensialtgfl, 162. Minimum curvature gridding, based on Green's
functions of the bi-harmonic operator, has been propossgihy [134). It offered enhanced
exibility by employing both data values and gradients tmstrain the interpolating surface,
allowed least squares tting to noisy data sets and coultlet@ the surface at any location
instead of being con ned to a regular grid. However, the @paece of extraneous in ection
points, common to all minimum curvature methods, still eg@nted a major obstacle to ap-
plications. Wessel and Bercovid§( generalized the approach of Sandwell by including
surface tension to the Green's function expansion of therpaiating surface. In summary,
for moderate amounts of data, the Green's function teclaigsuperior to conventional
nite difference methods because both data values andteread gradients can be used to
constrain the model surface. Also, noise can be suppresséy By striving a least-squares
t rather than considering a strict interpolation, and thedal can be estimated at arbitrary
locations rather than only on a rectangular gd@@. Moreover, including surface tension
greatly improves the stability of the method relative tadging without tension. Recently,
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Wessel presented a Green's function based general punpiespalator for both Cartesian
and spherical surface data callédeenspling159 (available at http:
www.soest.hawaii.edu/pwessel/greenspline).

In this thesis, joining the Green's function method with BEMD technique is pro-
posed, thus eliminating the poor interpolation effects eedlicing the computation time
for each iteration. Most favorably, this interpolationta@ue only needs few iterations
for estimating each BIMF. The proposed Green's functioreimsion BEMD (GiT-BEMD)
method thus can be a good alternative providing an ef cidali® processing.

The organization of the rest of this chapter is as followstoBeintroducing the novel
concepts of GIT-BEMD, the regular BEMD process is introdiicEhe detailed description
of the proposed GiT-BEMD algorithm is given, next. Then, thethod of detecting local
extrema suggested in GiT-BEMD is explained to further ustderding of the proposed
envelope estimation technique, since it requires infolonabout local extrema as its basic
ingredients. The nal section, describes the new methodwéElpe estimation. Further
simulation results with various images comparing GiT-BEMII canonical BEEMD are
given also in chapter.

3.4.1 General BEMD

General BEMD is a sifting process that decompos$@s; n) into multiple hierarchical com-
ponents known as BIMFs. Similar to 1D sifting process, a 2B loa summarized in the
following iterations:

1. Initialization: setS(m;n) = X(m;n) . Identify all local maxima and local minima of

S(m;n) .

2. Interpolate the local maxima (resp. minima) to obtain $heface upper envelope
emax(M; N) and local minima (resp. lower enveloggin(m; n)) to obtain surface lower
envelop.

3. The means (m;n) = [ ena(M; N) + enin(M; n)]=2 is computed and subtracted from
S(m:n) to obtainS{m:n) = S(m;n) s(mn).

4. UpdateS(m;n) by S{m: n). Repeat steps 1 to 3 until the stopping criterion is met.

3.4.2 Canonical BEEMD

The general BEMD sketched above has been adapted to dediweitimensional data ar-
rays, especially images. This canonical BEEMD will be digsat in detail in the following.
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Analyzing 2D data arrays, for example an fMRI brain sliceg atarts by applying EEMD
to each columiX , x,oftheM N - dimensional data matriX

2 3
X1 X122 XN
X1 X202 X2:N
X = [Xmn] = : : . (3.24)
M1 XMm;2 XM:N

The 1D-EEMD decomposition of theth column becomes

0 1
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0
J
C,.
E@ %”% (3.25)
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where the column vectdrt(;Jr)] represents the residuum of theth column vector of the

data matrix. This nally results inJ component matrices, each one containing b

c0 = (P @r=rcicl) iy
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Next one applies an EEMD to each row of E§.46) yielding
() = () (D) (1)
Cm; - Cm;lCm;Z Cm;N
K
o) 15K (K K
- & I
k=1
A j:K)
= & Hm (3.27)

k=1
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wherecfrj;;)n = éﬁzlh%}'? represents the decomposition of the rows of ma@iX. These
componentsl¥ can be arranged into a mat#iki¥ according to

. . 3
(1K WK (1K
%% %% %%
B B B
H(j;k) — E h2;.1 h2;.2 hZ;IN % (328)
(G0 (K (i)
hM;l hM;2 hM;N

The resulting component matrices have to be summed to obtain

K
cl) = é_ H K- (3.29)
k=1

Finally this yields the following decomposition of the angl data matrixX
 (y_ & & L
X = a C(J) = aa H(Jvk) (330)
where each element is given by

g & (i
Xmn= @ a hin (3.31)
j=1k=1
To yield meaningful results, componemfi%r'? with comparable scales, i. e. similar spa-
tial frequencies of their textures, should nally be comdh[166. Note, that the CMSC-
principle affords to hav&K = J. In practice, for two-dimensional data sets this implies
that the components of each row, which represent a commaromtal scale, and the com-
ponents of each column, which represent a common vertiedd sshould be summed up
[166].
Hence, the CMSC - principle leads to BIMFs given by

K J
s¥= § HK L g HOED (3.32)
k=1 ]:k0+1

which thus yields a decomposition of the original data matrinto BIMFs according to

K
X=§ s (3.33)
ko=1
whereSK) represents the non-oscillating residuum. The extractdtfBIcan be considered
features of the data set which, according to the CMSC - placreveal local textures with
characteristic spatial frequencies which help to disarate the functional images under
study.
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x-direction decomposition
— i~

— - fMRI image

y-direction decomposition

-

o

A\

Reconstructed BIMF1 BIME2 BIMEFE3 BIMEFS5 BIMF4 Res.
fMRI image

Fig. 3.6 An illustration of the 2DEEMD decomposition of an RMimage. IMFs along
each row or column represent textures of comparable scalea@nto be summed up to
yield a BIMF. To improve visibility, histogram equalizatidnas been applied on each image
separately.

Fig. 3.6illustrates the 2DEEMD and the CMSC - principle in case of ectieposition
of an fMRI image. It clearly describes the steps of the 2DEEM@brithm using an fMRI
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image, i. e. a single brain slice, as an example. The imagepted in the upper left corner
represents the original fMRI image. The rst column on thi s&de, with the exception of
the original image in the upper left corner and the recocgtidiimage represented on the
bottom left side, represents the component images reguittm decompositions along the
x-direction. The columns 2 6, except the last row, represent the component imageg-resul
ing from a decomposition along the y-direction of each congm image which resulted
from a decomposition along the x-dimension. The last rowepkthe reconstructed image
on the bottom left side, represents the nal BIMFs of the oréd fMRI image obtained by
applying the CMSC - principle. Thus, canonical BEEMD is agglto the fMRI images
considered in this thesis.

3.5 A Green's function-based BEMD

With the intention of overcoming the dif culty in implemeng BEMD via the application
of surface interpolation, a novel approach of BEMD is praggbkere based on a represen-
tation of upper and lower surface envelopes via suitable@Gsdunctions for spline inter-
polation including surface tension, so-called (GiT-BEMD}roducing a tension parameter
alleviates surface interpolation problems and greatlyrowes the stability of the method
relative to gridding without tension. Based on the prosrof the new proposed approach,
GIT-BEMD is considered a fast and stable technique for ingg@mposition. GiT-BEMD
thus differs from the canonical BEEMD algorithm basicaliythe process of robustly esti-
mating the upper and lower envelope surfaces, and in lipttie number of iterations per
BIMF to a few iterations only. Hence, the GIT-BEMD is congielé an algorithm of supe-
rior ef ciency compared to other BEMD algorithms. The dé&taof the extrema detection
and surface formation of the GiT-BEMD process are discuss#te following section.

3.5.1 Extraction of local extrema

Local extrema are points that have the largest or smallest palues relative to theik-
connected neighbors, therefore in @ Enage the pixel with coordinatgs;y) has 8 con-
nected neighbors with coordinates 1;y);(x;y 1);(x Ly 1);(x 1,y 1). TheD
region of local maxima is calledmaxima mapand the B array of local minima is called
a minima map respectively. Like some BEMD variants, a neighboring vewvdmethod
iIs employed to detect local extrema during intermediatpssté the sifting process for es-
timating a BIMF of any source image. Here, a data point/pigetonsidered as a local
maximum (minimum), if its value is strictly higher (lowefydn all of its neighbors. Let
P = fRji= 1;::::Ngbe a set of local minima (maxima) of &n y- dimensional data matrix
such that it exists a small (large) neighborhood around ank focally optimal poin® on
which the pixel value is never larger (smaller) thigx;;y;) atB. Local extrema occur only
at critical points. Le§(x;y) = fyxfyy (fxy)2 measure the curvature of the surfaceS# 0
at a critical point, then the critical poifR is a local extremum. The signs éfx and fyy
determine whether the point is a maximum or a minimun® If O at a critical point, then
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the pointR is a saddle point. In practice, a 33 window results in an optimaxtrema map
for a given D image for many applications.

3.5.2 Green's function for estimating envelopes

In BEMD, spline interpolation is basically used to nd thesathest surface passing through
a grid of irregularly spaced extrema, either maxima or maniin this work it is proposed to
employ Green's functions, deduced from proper data coinss;do expand the interpolating
surface under tension. Thus the envelope surfaces congéatial extrema in 2D space are
determined to minimize the curvature of the surface in tles@nce of surface tensiabtdQ].
Interpolation with Green's functions implies that the gsif the interpolating envelope
surface can be expressed as

N
S(Xu) = & WnF (Xu;Xn) (3.34)
n=1

wherex, denotes any point where the surface is unknawrepresents tha-th data con-
straint, F (Xy; Xpn) Is the Green's function and, is the respective weight in the envelope
representation. Several works discuss the use of Greem&ifuns in interpolation prob-
lems (see for examplel$9). Following the basics of the Green's function method for
spline interpolation using surface tension are summarized

It has been shown by Sandwelld4] that the Green's functiof (x) obeys the following

DD5, TDop F(XuXn)= d(Xu Xn) (3.35)

where, Dgp and Dop = N2, denote the bi-harmonic, the Laplace and the Nabla operator
respectivelyD is the exural rigidity of the curve or surfacd, is the tension used at the
boundaries, and (xy;Xn) represents the Green's function containing the spatiaitipaos
vectorsxy; X, as argument. With vanishing surface-tension, i.Te! 0, the minimum
curvature solutiorF (Xy;Xn) = X2log(X): X= jXu Xnj is achieved 134; while in case of
a vanishing surface rigidity, i. eD ! 0, the solution approachés(xy; xn) = log(x). The
general solution is expected to retain these limiting otteréstics. To obtain the former,
rewrite Eq. 8.35 in terms of the curvatur¥ (x) = N2F (x) of the Green' s function and
transform it to the conjugate Fourier domain where it thextse
2
Dop* 0y Y (K)=

P
K2 '

L (3.36)

—|
=~

Herek = jkj represents the radial wavenumbged,= %, k denotes the wavenumber vector
andY (k) represents the Fourier transformYofx). In Fourier space, the solution is obtained
as

pZ

Y (k) = (3.37)

=~
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From this the general solution of Egq.3.89 in a 2-D spacial domainljp( can be
achieved by using the inverse Hankel transform as
Y (x) = L P (kokdk= = p2Ko(p¥) (3.38)
- T o K2+ p2 0 - -I-p olP :
whereKg denotes the modi ed Bessel function of the second kind adeozero given
by

Z¥ cogkpdk  exp( pY) if px! ¥

Ko(px) = K2+ p2 H log(px) if px! O

(3.39)

IntegratingY (x) twice and rescaling, nally, yields the Green's functiér(x) and its
local gradienf\F (x) as

F(XusXn) = 1og(piXu;Xnj) + Ko(PiX;Xnj) = log(pxun) + Ko(PXun) (3.40)
~ (Xu  Xn)

NF (Xy: Xn) = K e —— 3.41

(Xu; Xn) DX 1(pPxun) pJXu X ( )

wherep i T represents the tension paramejgrdenotes the Euclidean distance a(:)
represents the modi ed Bessel function. Hence, by deangabie tension parametpm T,

the solution is expected to reach the minimum curvaturetisoluepresented by the bi-
harmonic Green's functiorl34. In contrary, increasing the tension paramétethus also

p, renders the arguments Bf(x) large and leads to an interpolating surface dominated by
tension. Thus varying the tensignachieves a continuous spectrum of Green's functions
re ecting the trade-off between the minimum curvature sioludriven by the logpx) term

and the impact of the surface tension via the modi ed Bess#ttionKq(px). Thus, Includ-

ing N data constraints yields for the de ning equation and itsi8oh [134]

N
Dop Dop p2 C(Xy) = é.Wnd(Xu Xn)
n=1
N
c(xu) = a WaF(Xu Xn) (3.42)
n=1

The coef cientsw,, can be obtained by solving the system of linear equat{éews= c
where the Green's matrix collects all Green's functiéth&,, Xp) at the data constraints

relations

m=1
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In summary, the interpolation procedure is based on twosstd® rst step estimates
the weightsw =[w;  w»:::wp] and the second step estimates the interpolating envelope
surface:

total of N locationsx, = [ X.;Yn] ", then using the interpolation Eq3.84) for each of
the known points a linear system withequations is obtained

Gw=_c

wheren-th row of matrixG is the evaluation of the Green's functiéi(Xn; Xm); m=
1;2:::N. Therefore solving for the weights = G 1c.

» Using the weightsv, the values(x,) ¢, of the envelope surface can be estimated at
any pointx, by solving Eq. 8.34), which can be re-written as

cu=W'F (3.43)

where the vectoF =[F (xy;X1) F(Xu;X2):::F(xu;xn)]" contains the Green's func-
tion values of all distances between thielata constraints and the considered location.






Chapter 4

Features Extraction

A contour detecting system consists of a series of stageshwh the texture extraction,
feature extraction and classi cation are the most cruaalifs overall performance. The
feature extraction reduces the dimensionality of the sarapéce of the extracted textures
by extracting the most discriminatory information. Thettea extraction step may also al-
leviate the worst effects of the so-calledrse of dimensionality' Hence, the performance
of the feature extraction stage has a signi cant impact emprformance of the next stages,
feature selection and classi cation. If the most inforraatset of features is selected, the
workload of subsequent classi ers will be low. On the contr# the features with little dis-
criminatory power are selected, an even more sophisticdsdi cation model may not be
able to achieve the goal. But, of course, some additionaésshould be considered even
having selected the best features, for example paramdeetisa to enhance the classi ca-
tion performance. However, feature extraction is still aldnge and widely dependent on
the characteristics of the dataset. For example, in patéswgnition tasks, a good feature
extractor with high-dimensional sample spaces might nokwell in situations where the
dimensionality of the sample space is small.

Three powerful feature extraction techniques for highahsional spaces like fMRI
data like Principle and Independent Component Analysig\ B ICA) and Non-negative
Matrix Factorization (NMF), are used in this study. Highmginsional spaces are quite
different from the three-dimensional (3-D) space in terrhg@metrical and statistical
properties. For example, the volume of an fMRI dataset amdesponding Volume In-
trinsic Mode Functions (VIMFs) extracted by BEMD/GIT BEMDeaconsidered as 3-D
space in terms of geometrical properties and for visuatingturposes, but it belongs to a
high-dimensional space when this volume is considered juit wector to a classi er. Al-
though high-dimensional sample spaces contain more irgtomconcerning the capability
of distinguishing different sample class with better aeacyr classi ers that carry out com-
putations at full dimensionality may not take advantageighfdimensional sample spaces
if there are insuf cient training samples. Hence, reliabdsity estimation is extremely im-
portant but complicated. Therefore, the dimensionalitthefsample space must be reduced
via dimension reduction and feature extraction methodsrbehe application of a classi er
to data samples in high-dimensional spaces can be condidEnes, in order to retain the
most informative and discriminatory information which tiigh-dimensional sample spaces
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provide, powerful dimension reduction techniques are edetdhe aim of feature extraction
is to reduce the high-dimension of fMRI data but at the same tietain as much as possible
of their discriminatory information. Hence, a good feataréractor selects features which
are similar for patterns in the same class and very diffdi@mpatterns in different classes.
The feature extraction is quite important for fMRI imagesdecation, because fMRI is in-
herently high-dimensional. Typically, one volume of fMRirgains about 16@00 voxels,
and one experiment will include several volumes. Procegssiirthese voxels as features for
classi cation is practically impossible because of congpuhemory and computation time
limitations. It is necessary to consider some projectiangjse only part of these voxels
(down-sampling), to reduce the dimensionality of fMRI da#dter the feature extraction,
feature selection can be performed. Since the dimenstgmdline sample space is reduced
after the feature extraction step, extraction will yielgiags in memory and time consump-
tion. The object of feature selection is to use part of theseeted features as input of a
classi er. In many cases, even after feature extractiondessn performed, the number of
features is still too large to feed the classi er or they @ntartifacts. Feature selection is
thus required to Iter our extracted features and identifg group of most discriminatory
features which can achieve the best classi cation perfoicea

In this thesis, PCA, ICA and NMF feature extraction methadsich exploit the advan-
tages of high-dimensional spaces, are proposed. Besidletscieniques reduce the high-
dimensional of our images, the key point of choosing thesertigues as feature extraction
methods is their speed as well.Then, a variation of a linehspgace classi ers which is
suitable for detecting contour tasks in high-dimensiopakes is applied. These classi ers
were also generalized to the nonlinear case by employingekdunctions. The useful-
ness of the proposed methods are demonstrated with expesimging our dataset. Con-
sequently, it can help to improve the performance of clasgion rate. Also, the effect of
these feature selection techniques, which are used initbsss, will be discussed in detail
later on.

4.1 Principal Component Analysis

Principal Components Analysis (PCA) is a rather generéissiizal procedure used in many
applications, such as statistical data analysis, featttraaion and data compression. The
goal of PCA is to nd a smaller informative set of variablesthvless redundancy which
represent the original signal as accurately as pos$@je [n PCA, the redundancy is mea-
sured in terms of correlation between the observed data Witlibe further strengthened
in the next section, where ICA is introduced. In this chaptes theoretical details of PCA
are explained.

Problems arise when one wish to perform classi cation acdgaition in a high-dimensional
space. The aim of PCA is to decrease the dimensionality ofiélt@ by retaining as much
as possible of the total data variance of our original data se

On the other hand, dimensionality reduction implies sonfermation would be lost.
Hence, the best low-dimensional space is determined bydkegincipal components as
its coordinate axes. The main advantage of PCA, in thisshesusing it to reduce the size
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of our dataset for detecting textures and their contours.eittracted textures from the past
step, see chapt&; are stored in the form of feature vectors in the databasesd Feature
vectors are determined by projecting each and every traiakone to the set of eigenvol-
umes obtained. PCA serves to determine these eigenvoluittesich the dimensionality
of a large data set may be reduced then.

4.1.1 Eigenvalues and Eigenvectors

The eigenvectors of a linear operator are non-zero vecidrish result in a scalar multiple
of them upon action of the operator on them. This scalar ia tadledeigenvalue(/ )
associated with theigenvector(z). An eigenvector is thus a vector that is simply scaled
by a linear transformation. Such simple scaling can be &fteby the action of a matrix
operator, for example. When a matrix acts on a vector, ordymgnitude of the vector is
changed not its direction.

Az= 1z (4.2)

whereA is a matrix operator. Hence,

(A 11)z=0 (4.2)

wherel is the identity matrix. This is a homogeneous system of egast And it is known,
from fundamental linear algebra, that a non-trivial santexists if and only if theharac-
teristic equations obeyed:

detA [1)=0 (4.3)

wheredet denotes the determinant. When evaluated, the solutionnies@ polynomial
of degreen. This is calledcharacteristic polynomiabf A. If A isn n, then there are
n solutions om roots of the characteristic polynomial. Thus there meggenvalues oA
satisfying the following equation:

Azi = |z (4.4)

wherei = 1;2;3;:::::n. If the Eigenvalues are all distinct, there arassociated linearly
independent eigenvectors, whose directions are uniquevainth span am dimensional
Euclidean space.



4.1 Principal Component Analysis 47

4.1.2 Eigendecomposition of VIMFs

Dimension reduction can be achieved by applying a Princmathponent Analysis (PCA).
To perform a PCA, VIMFs from alNsj = 19 subjects and for the two conditions, CT and
NCT, are collected into a data matik

0 1
My 0 Mys
Mpp 2 NMp
M:% S ?% (4.5)
Mr1 ! MRs

Then VIMFs can be projected onto eigenvolumes resultingnfeoPCA, and the result-
ing projections are used as appropriate features for cdasisin. The goal of a principal
component decomposition of the VIMFs, obtained through E2MD and/or GiT-BEMD,
is to compute the eigenvolumésof the co-variance or, for centered data (see Hdl),
correlation matrix® that span the space of all voxels. This allows for a new remtasion
of the data in an orthogonal axis system which maximizes #r@nce of the data along
each principal direction. Projecting all VIMFs onto theggesvector directions reveals the
contribution of each eigenvector to the volume mode. PCAmiglumes can be determined
by decomposing thR Sdimensional matritv of VIMFs with the help of asingular value
decompositioifSVD), see Fig4.1

M = UDV' (4.6)
R R k R R
. D )
X
X R kR VI

Fig. 4.1 Graphical representation of SVD.

where,D denotes a diagonal matrix (i. e. a square matrix with noo-eatries only along
the diagonal), which contains derived constants calladular valuesorted in descending
order. Each singular value represents the amount of varitnat is captured by a particular
dimension. The left-singular and right-singular vectok&d to the highest singular value
represent the most important dimension in the data (i.edithension that explains the most
variance of the matrix); the singular vectors linked to teeand highest value represent the
second most important dimension (orthogonal to the rst)paad so on. Furthermoré)
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andV are the eigenvector matrices of the non-normalized cdioglanatrix R = MM T
and the related kernel matrik = MTM, whose corresponding column vectars/ form
orthogonal eigenvectors in spaces of dimen§torRandS S, respectively. A key property
of the derived vectors is that all directions are orthog¢nel linearly independent) to each
other, so that each eigenvector is uncorrelated to thesthery brie y, PCA or SVD thus
performs a second order decorrelation of a dataset.

Intuitively, SVD is able to transform the original matrix tvian abundance of overlap-
ping dimensions into a new, many times smaller matrix thabig to describe the data in
terms of its principal components. Due to this dimensioruocéidn, a more succinct and
more general representation of the data is obtained. Ragyds ltered out, and data
sparseness is reduced. Therefore the columibssgan the voxel space while the columns
of V span the (participants conditions) space. Itis important to note that from o8ly R
observations the components of the eigenvector matroannot be determined reliably.
However, one has to resort to study the related kernel masrionly an eigenvalue decom-
position of matrixK is feasible. This nally yields, substituting results fraabove, for the
singular value decompositiasf the matrix of observationdl the following relation

K = MM =(ubvHTubvT =(vDuT)uDvT
= vDVT=vLVT (4.7)

Therefore the eigenvaluég are the square of the singular valusnd the eigenvector
matrix V is the right eigenvector matrix of SVD. Hende= D? and the eigenvector matrix
U of the correlation matribR can be obtained from the matrix of observatidisand its
SVDviaU= MVL ¥2

Now consider projecting all data vectors onto the new basttors, i. e. consider the
projectionsZ := UTM. HenceZ represents the matrix of projections of the data vedibrs
onto the eigenvectord of the correlation matriR which also span the space of all voxels
of the component images. From the discussion above it fslkhat

U'M:=z=DV'=L¥VT (4.8)

Note that bothD andV follow from an eigendecomposition of the kernel matrix of
the observations. Everpw Z,. of the projection matriXZ contains a projection of a data
vector onto one I91‘_the new basis vectbrs,. The latter are ordered via their corresponding
eigenvaluesls= = | s. This allows to select only the most informative projection be used
as features for a classi er, for example. Anyway, oy R projections can be obtained
which renders the problem tractable.

In summary, the eigenvalue decomposition of the kernel im#t; i. e. the matrix
of inner products of the data vectors, provides all ingnedi¢o compute the projections
onto at mostSdirections. Each row of contains a projection onto one such basis vector.
Again note that the latter are ordered via their correspundigenvaluess. Considering
the data set studied, a further dimension reduction is pleskby selecting a subset of those
S projections, e.g. choosing the< Sleading rows of the projection matriX. Then the
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classi er will only havelL  Sinputs andS examples which represents a stable situation
in the sense that suf cient information is provided to thasdi er to achieve a reliable
classi cation of the data. Note that this decompositiomiaigenvolumes has been applied
to both the average volumed/is(Xx;y; 2)i as well as to the VIMFs resulting from a preceding
BEEMD/GIT-BEMDdecomposition.

4.2 Independent Component Analysis

Independent component analysis (ICA) aims to nd a linegresentation of data based on
maximally non-Gassian components which renders thensstatily independent.

Independent components are achieved by applying a, yetdetbeminedS Srotation
matrix W to the projected datd. TheINFOMAXalgorithm [34] was used to estimate the
rotation matrix, and the new representation of the progedtda is obtained via

S=Wz=WU'M (4.9)

Afterwards the rows of are re-ordered according to their correlations to the rofwvs o
Z as the obtained independent components lack any naturatiogd Therefore after re-
ordering, the rst row ofS should have the largest correlation with the rst rowfthe
second row ofs should have the largest correlation with the second roi& anhd so on.

This allows to select only the most informative projectidase used as features for
a classi er. Anyway, onlyS R projections can be obtained which renders the problem
tractable.

In contrary to PCA, the ICA spatial components (patternsiehta be not only decor-
related (orthogonal), but statistically independent g large voxel values in each com-
ponent. In Independent Component Analysis (ICA), the aggiom is that of statistical
independence of the extracted sources, the so-calledendept components. Statistical
independence is a much stronger requirement than dedarretiiscussed in the last sec-
tion. In fact, all ICA algorithms employ decorrelation anehtering, calledvhitening as
the rst step to independence. It can be shown that, assumohgpendence, one might
achieve a unique solution of the matrix decomposition, rihast one of the sources has a
Gaussian distribution and the mixing matrix has full colurank. The latter implies that
the number of mixtures is at least as large as the number o€es®u Uniqueness in this
context means unique modulo scaling and permutation; peig these operations dh
can always be compensated by corresponding operationg@olinmns ofWV. In practice,
it is not straightforward to measure statistical indepewde which therefore has to be ap-
proximated. To this end, a common approach is non-gausg{®a]. From a hand-waving
interpretation of the central limit theorem it follows thaaty weighted sum of independent
sources is more “Gaussian” than the sources themselvesagmining non-gaussianity is
a way to reveal the underlying sources. This property carua@tied by the fourth-order
cumulant, called th&urtosis The kurtosisK(x) := E(x*) 3(E(x?)?) is measure for the
peakedness of a probability distributigx) and vanishes for a Gaussian. An alternative
measure is thaegentropywhich is based on the information-theoretic concept ofagyt
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The entropy of a random variable is related to the infornmetin@t its observation gives. The
more random, i.e., unpredictable and unstructured thabiaris, the larger its entropy. Its
largest value among all random variable distributions aefe¢gariance is found for a Gaus-
sian. Robust approximations of negentropy instead of kigtmay enhance the statistical
properties of the resulting estimator. Examples of comn@A implementations are the
JADE algorithm R5], theINFOMAX algorithm [L1] and thefastICAalgorithm 1] .

U PC3 and IC3

it vne

R A SRR S

PCA Projection

ICA Projection .. "§ - °

Fig. 4.2Top: lllustration example of 3-D data distribution and corresging PC and IC
axes. Each axis is a column of the mixing matrix found eitheP&A or ICA. Note that
axes of PCs are orthogonal while the IC axes are not. If onbydamponents are allowed,
ICA chooses a different subspace than P®attom Left: Distribution of the rst PCA
coordinates of the dataBottom Right: Distribution of the rst ICA coordinates of the
data. Note that since the ICA axes are nonorthogonal, veldistances between points are
different in PCA than in ICA, as are the angles between pd¢adapted from94]).

4.3 Non-Negative Matrix Factorization

Non-negative Matrix Factorization (NMF) is another metliodender the high-dimension
problem tractable. Non-negative matrix factorization dada decomposition, data cluster-
ing and dimensionality reduction technique that has beearbeng popular in various elds
such as image recognition, speech recognition and maakaneihg. The main idea behind
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NMF is to impose a non-negativity constraint on the factatian of the data matrix. This
constraint conducts a parts-based representation, eocalsadditive and no subtractive
combinations are allowed. In many cases, this constrairgrg useful for the inductive ca-
pabilities of the dimensionality reduction. The NMF algbm can extract clear and distinct
characteristics from the studied data. The difference betwhe parts-based induction of
NMF and the holistic induction of global methods such as P@ad(the related singular
value decomposition) are illustrated in detail with an epéirom facial image recognition
in[79]. Lee and Seund/P] found there are a small number of prototypical faces represi
by the eigenvectors that are found by applying PCA to a datbéfacial images. Positive
as well as negative values could be associated with the peadeigenfaces. The point in
such methods that they are holistic: an eigenface contdiserés of facial traits, and thus
represents a prototypical face. By taking a linear commnabf various 'eigenfaces’, a
particular pattern of a face may be reconstructed. The wayMa&sults look like is quite
different. Instead of nding holistic, prototypical facethe algorithm produces particular
facial traits (different kinds of eyes, noses, mouths andrsp By enforcing a non-negative
constraint, the algorithm can make up a parts-based repegsm of facial images. A par-
ticular instance of a face may then be reconstructed by gakilinear combination of the
different parts. The very same characteristic will alsovprto be bene cial for making
up projected representations from fMRI images. RecentiFN\has gained attention in a
variety of applications. So, non-negative matrix factatian (NMF) [79] is the name for a
group of algorithms in which a matriM is factorized into two other nonnegative matrices,
H andW. Fig. 4.3shows a graphical representation of non-negative matcbofezation.

M HW (4.10)
R k R
X \%\%
©n M = «w H

Fig. 4.3 A graphical representation of non-negative mdaotorization.

Typically the inner dimensiok is much smaller thaf; S so that both instances and
features are expressed in terms of a few components. Asanedtiabove, hon-negative
matrix factorization enforces the constraint that all éaechatrices must be non-negative, so
all elements must be greater than or equal to zero. Thisrfaatmn may not always be
achieved perfectly, whence it can only be an approximatemeosition into non-negative
causes with non-negative weights. Obviously, the inneredision has to be reduced, oth-



4.3 Non-Negative Matrix Factorization 52

erwise the factorization is completely arbitrary. Alsastlecomposition is far from being
unique and needs to be regularized by additional conssrhk& minimum volume require-
ments. There are two objective functions that may be usedderdo quantify the quality
of the approximation of the original matrix. One objectivtion minimizes the sum of
squares:

2

minkM HW ke = mind a4 Mj & HiW (4.11)
i k

which is related to Gaussian error statistics. The othemoimémizes the Kullback-Leibler

divergence following from Laplacian error statistics:

minDk (M kHW) = mlnaa Mij log ———~—
j

Mij
Gy, Mt (W) (4.12)

Practically, the factorization can be ef ciently carriedtghrough the iterative applica-
tion of multiplicative update rules. The set of update rulest minimizes the Euclidean
distance are given in the following equations, E410Q and Eqg. 4.14).

T

Wam am(l(-:_-eril\\/l/\a;Zn (4.13)
Ty.

W o

The set of update rules that minimizes the Kullback-Leidigergence are given in Eq.
(4.19 and Eqg. 4.19

a H Mlm
| largw. ) HW
Wam W i) (4.15)
akaa
Mim
a mWam HW:
Hia Hia i) (4.16)

ayWay

MatricesH andW are randomly initialized, and the update rules are itegitiapplied
alternating between them. In each iteration, the mattit@sdW are suitably normalized,
so that the rows of the matrices sum to one. The algorithnssitipr a xed number of itera-
tions, or according to some stopping criterion, for examyien the change of the objective
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function drops below a certain threshold. The update rulegaaranteed to converge to a
local optimum. In practice, it is usually suf cient to rungfiNMF algorithm repeatedly in
order to nd the global optimum. Note that fMRI images are awggative but the extracted
modes are combining of negative and positive componentdli@igons) because of nature
of the BEMD decomposition. So, in this work, the extracteddemare normalized between
0 and 1 before employing NMF.






Chapter 5

Classi cation

Functional magnetic resonance imaging (fMRI) is an neuagimg technology which is
mainly used to detect brain activity distributions by measgineuronal activity in the brain
during a speci c task. Classi cation of fMRI scans using rhate learning (ML) is a eld
of interest in cognitive neuroscience and the medical conitydecause of its potential
to provide an automated system of detecting neurologicadlitons while jointly giving
insight into potential causes of underlying disorders.

Discrimination has been successfully performed usingiahatocalized signal differ-
ences to distinguish among different groups (see for exad| 174]). But it is also pos-
sible to make use of pattern recognition techniques to prede stimuli being presented
from the corresponding brain images and activation patte@ne of the primary objec-
tive of this dissertation is the use of well-known classtiom methods in the context of an
event-related functional contour integration experimehere participants viewed images
of contour and non-contour stimuli, and test whether th&ssscers can predict, depending
on the collected images, the cognitive state precisely ftastimulus response. The utility
of feature selection methods in improving the predictioouaacy of classi ers, trained on
functional neuroimaging data and corresponding extraigetires ( by canonical BEMD
and/or Git-BEMD), are explored in details. In addition, thy@imization of classi ers' pa-
rameters were considered to enhance their classi catiocnracy as well. To identify the
most informative textures, i.e. VIMFs, a support vector hiae (SVM) as well as a random
forest (RF) classi er was trained for two different stimaltesponse conditions. Classi ca-
tion performance was used to estimate the discriminativeepof the extracted VIMFs.

5.1 Support Vector Machine

A Support Vector Machine (SVM) is a classi er, which can degh linear or nonlinear data.
The key concept of an SVM, which was rst developed for binalgssi cation problems,
is to de ne decision boundaries separating data pointsftéreéint classes by a hyperplane.
The simplest approach of an SVM is the two class problem, visiénitially done by con-
structing a hyperplane with maximum distance (margin) ftbese two classes. Thus, an
SVM classi er nds the optimal hyperplane maximizing the rgan between positive and
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negative examples while jointly minimizing misclassi @at errors in the training set. SVM

classi ers generalize well and have been observed to olayperother classi cation meth-

ods in many practical applications. In some problems, hewdhe two classes are hard
to separate linearly. But an SVM can handle both simplealirassi cation problems as

well as more complex, i.e. nonlinear classi cation prob&enBoth linearly separable and
non-separable problems are managed by an SVM. In case ofl@ompn-linearly separa-
ble problems, the SVM has the opportunity to transform tha dath a mapping (or kernel)

function into a high dimensional space (feature space)yevtiee decision hyperplane can
be constructed more easily. This principle is illustrateéig. 5.1

Input Space Feature Space

Fig. 5.1 lllustrates the principle of SVM¢eft: illustrates the simple way of separating two
classes linearly Right: illustrates how the data is hardly to separate non-linearkywo
dimensions. Hence one can use a kernel function to map tlaeirdat the feature space
(three dimensional in this example). In this feature spheediata can be classi ed easily.
image adapted fromttp://www.imtech.res.in/raghava/rbpred/svm.jpg

5.1.1 Separating Hyperplanes

Consider a given training data det; y; gi’\i 1, in‘a dot product spac8, with pattern vectors
Z1;:::;Zs 2 G being the input vectors angl 2 f 1;1g the class labels. The seperating
hyperplane can be de ned as

fz2 G< hw;zi+ b=0g;w2 G;b2 R (5.1)

Wherew is the vector orthogonal to the hyperplane dn& a bias related with the
distance of the hyperplane from the origin of the coordisgstem. For av with kw k=1
the termhw; zi is the length ofz along the direction ofv. In Eq. 6.1) one can multiplyw
andb with the same non-zero constant. This undue freedom cangaieed by using the
following de nition(cf. [138):

The pair(w;b) 2 G R is called acanonical formof the hyperplane (Eqg.5(1)) with

mins[hN;zii +b=1i]; (5.2)

.....
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which is to say that the point closest to the hyperplane iceitonical form has a distance

of Wlk while % is the perpendicular distance of the non-canonical hypaegfrom the
origin. For any such separating hyperplane, uniquely chtaraed in itscanonical formby
a pair(w;b), a classi er can be constructed as in E§.3). The different orientation leads

to two different, inverse to each othdgcision functiongcf. [138)) :

fwp: G!f 1g | (5.3)
z7! fwp= sgnhw;zi + b)

In case there is do not exist class labg|ls2 f 1g, which are associated with tizg
the two hyperplanes cannot be distinguished. In case ofaddldataset, the discrimina-
tion between classes can de nitely be achieved: The two iptfpees make opposite class
assignments. The goal is to nd a solutidgp, which correctly classi es the labeled exam-
ples(z;yi) 2 G f  1g. This solution should satisff;,., = y; for all i,see Fig.5.2

Fig. 5.2 lllustrates example of different separating hpfares. The thick line is the optimal
hyperplane in this example.

5.1.2 The Geometric Margine
For a hyperplanéz 2 Gj < hw;zi + b= 0g; the expression

hw;zi+ b
rwb)(ZY) = y% (5.4)

measures the margin of the po(zt;y1) 2 G f  1g from the hyperplane. The mini-
mum value

) = N T ey (Zi0) (5.5)
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In this thesis, from now othe margin always refers teéhe geometrical margin
If a point (z;y) was classi ed correctly, the margin equals the distancevéenz and
the hyperplane. For a hyperplane

w_. b

wk’ kwk (5.6)

(W;b) := "
where kwk=1

one can compute the quantity

y hiv;zi + b : (5.7)

The expressiohw; zi simply considers the length afin direction perpendicular to the
hyperplane, the adding (ﬁfequals the distance to it. Multiplying the expression with t
labely ensures that the margin is positive for correctly classipaints, and negative for
incorrect classi ed points. Focanonical hyperplanethe margin ismlk. Hence, a larger

margin means a good classi er and as a consequence, thead#iss accuracy improves.

5.1.3 Optimal Margin Hyperplane

To de ne what an optimal hyperplane is simply means maxingats margins in way that
can be identi ed in a computationally ef cient way. Solvirige optimization problem by
computing the best hyperplane with a set of exam@@es/1);:::;(zsYs);z 2 Gy 2f 19
can be done by nding a decision function

fw:n(2) = sgr(hw; zi + b) (5.8)
satisfyingfw:n(z) = (i)

If such a function exists, canonically implies

yi(hg;;wi + b) 1 (5.9)

Constructing an optimally separating hyperplane can béaetl by solving the opti-
mization problem:

1
inimi = Zkwk? 1
r\?vlzné;ryzléet(w) SKW (5.10)
subjecttoyi(hg;;wi+b) 1 foralli=1;:::;S (5.11)

Eqg. (6.1)) is called theprimal optimization problem As it represents a constrained
optimization problem, it can be related within a Lagrangerfalism to adual problem
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which has the same solutions, but is easier to solve. At osie has to start with the
Lagrangiar(a)

S
o]

a ai(yi(he;wi + b) 1) (5.12)
i=1

where thea; O representagrange multipliersThe aim is to maximizé& with respect to
aj and minimizeL with respect tav andb. From this it follows that

L(w;b;a) = %kw k?

M e TN
%L(w,b,a)— ﬂWL(W, b;a)= 0; (5.13)
which leads to
S
3 aiyi= 0 (5.14)
i=1
S
w= gq ajiz: (5.15)

i=1
According to theKarush-Kuhn-Tuckeconditions (cf. 138)), only the a; that are non-
zero at the saddle point ful Il the constrainks11 Hence, one can derive the following
condition:

ailyi(hzi;wi +b) 1]=0 (5.16)

The patterng; for which a; 0 are calledSupport VectorgSVs). All of the other
patterns of the training examples are irrelevant.

To derive the dual form of the optimization problem one hassert Eq. 5.14) and Eq.
(5.19 into the Lagrangian in Eq5(12):

s s
. 1 .
maximizeV(a)= g ai = a aiajyiyjhe;z;) (5.17)
azrm =1 2ij=1
subjecttaa; O;i= 1;:::;S (5.18)
s
and § ajy; = O: (5.19)

i=1

wherehz;); ;)i represents the dot product between the training data. Buétireg decision

function, considering a test vectnes; to be classi ed, takes the form
!

S
f(zies) = SIN Q& aiyiMztest Zgiyi + b (5.20)
i=1
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5.1.4 Non-linear Support Vector Classi ers

In the previous section, only the linearly separable case discussed. But what if the
data cannot be separated with a large margin hyperplaheyrabuld need a hypersurface?
Then, the formulation given above can be further extendduliid a non-linear SVM. For
this extension, one can non-linearly transform the inpta dg:::;zs2 X into a high di-
mensional feature space using a mapgingz 7! z. Such a transformation of the input
data enables a linear separation in the high-dimensioa#life space, thus rendering the
classi cation of nonlinearly separable data possible. Kpm such a mapping within a
SVM algorithm requires only simple modi cations. Maximig the corresponding target
function Eq. 6.17) and evaluating the related decision function E§.2() requires the
computation of dot productd= (z);F(z)i in a high-dimensional feature space. The main
drawback of this approach is that it is computationally vexpansive. Schélkopf et al.
[138 could show that one can use positive de nite kernels to cedihese costs, i.e.:

HF (2);F ()i = K(z;z) (5.21)

This kernel produces a decision function of the form

S
f(z) = sgn é yiaik(z;z)+ b (5.22)
i=1

The kernels used most often are the following:

e Linear kernel
k(z;z) = 2"z,

» Polynomial kernels of degree
k(z;z) = hz;zid,
» Radial basis function (RBF)

12
k(z:z)= exp( 2 5),

» Sigmoid kernels, so-calledulti-layer PerceptronMLP)
k(zz;) = tani(gzf,z(j) + 1),

wherek(:;:) is positive de nite for alls values in the RBF kernel case, and with parameters
g> 0;r < 0in the MLP case. These parameters are user-de ned and adexldssigned
before running the optimization algorithm. Due to the kétnek, the optimization problem
turns into

s
maximizeW(a) = § ai
a .

i=1

S
a aajyiyik(z;zj); (5.23)
ij=1

NI =

subject to the constraints Ech.18 and Eq. §.19. Scholkopf et al. 138 show that for a
positive de nite kernek the matrix element®;; := (yiyjk(zi; zj)) is also positive de nite. It
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turns out, that this is a convex problem which can be ef digstlved. TheKKT conditions,
a; > 0 and Eq. 5.212) imply:

S
A viaik(zj;z)+ b=y, (5.24)
i=1

From this follows for the thresholit

S
b=y & viaik(zj;z) (5.25)
i=1
for all points witha; > 0 (Support Vectors)

The traditional SVM is solved using quadratic programmingtimods. However, these
methods are often computationally costly and are dif calirhplement adaptively36, 137).
Research has been undertaken to use a quadratic erroiocritestead of thé.1 norm used
for the SVM. Ridge regression methods, using a quadratar eriterion, were developed
for classi cation problems36], and afterwards96] used a quadratic error criterion to nd
an iterative solution to their Lagrangian SVM networks. 3&enethods still have inequality
constraints, however, recently Suykens et a4 proposed to modify the SVM method-
ology by introducing a least squares loss function and é@guaktead of inequality con-
straints, resulting in a so calldgeast Squares SVKLS-SVM). Also recently é&Sequential
Minimal OptimizationSVM (SMO-SVM) was proposed by Platt23 especially for non-
linear SVMs. Unlike QP-SVM and LS- SVM learning algorithmghich use numerical
quadratic programming (QP) as an inner loop, SMO uses agtan@P step]23.

Accordingly, the common types of SVM methods QP-SVM, LS-S¥Ml SMO-SVM
are used in this thesis, to classify the binary contour natiégn problem in terms of de-
tecting a contour or non-contour condition from the stinsutasponse. Additionally, the
well-known kernels, listed above, are used as well.

5.1.5 Soft Margin Hyperplanes

So far, as it has been discussed in the previous two sectiengrally SVMs can handle
linearly separable and nonlinearly separable input dgiami#ing on the following approach.
In real measurements noise is included always. Hence, a SgMtithm must tolerate
noise and outliers, for instance a pattern which is miskdhelhich can crucially affect the
hyperplane, if it is constructed with one of the two methodsualssed above.

To avoid this drawback, one has to use an algorithm whichatds minor training errors.
According to this one needs so callgldck variablesz (cf. [13§)

z Oywhera=1;:::;S (5.26)

yvi(lg:wi+b) 1 z;i=1;::::S (5.27)
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Obviously, this constraint can always be ful lled by makitie z; large enough. To
avoid any trivial solution, it is common to penalize largéwas in the objective function by
adding an additional ter; zj. The simple case is the so call@dSVM with a constant
C>0:

1 S
minimize t (w; z) = —kw k?+ Eé_ Z (5.28)
w2G;z2RS 2 Si:1

subject to the constraints Eq5.26 and Eq. 5.27). In case the constraints are met
with z = 0, the corresponding point is no margin error. Otherwisep@ihts withz > 0
are margin errors and i; reaches too high values, a good separation cannot be always
guaranteed. According td 8§, in the separable case the solutions have an extension

w = .a aiyiz: (5.29)

The coef cientsa; are non-zero only for pointgz;y;) which meet precisely the con-
straint in Eq. 5.27). Hence, thea; can be computed by solving the quadratic optimization
problem:

s s
. 1
maximizeW(a) = g a > a aiajyiyik(za:z) (5.30)
azr i=1 =1
. C .
subjectto 0 a; gfor alli=1;:::;8 1 (5.31)
N
and g ajy; = O: (5.32)

=1

Due to Eq. §.27), for all SVszj for whichz = 0, one can obtain the threshold like in Eq.
(5.29. So far,C has always been a constant, determining the trade-off legtwenimizing
the training error and maximizing the margin. Unfortungtehis paramete€ is still a
rather unintuitive parameter and there is no a priori knogéeto select it. To avoid this,
C can be replaced by another parameteiThe latter is explained inlBg as a parameter
which allows to control the number of margin errors and Supyectors. Then-SVC can
be written as:

S

minimize t(wz;r)= Lewkz nr+ }é_ Z (5.33)

W2G;z2RS;r ;b2R 2 S
subjecttoyi(hg;;wi + b) r  z (5.34)
andz; O;p O: (5.35)

wherer in Eq. (.35 is the margin of Eq. §.4). Note thatn represents an upper bound
on the fraction of margin errors and a lower bound on the iivactf Support Vectors. Note
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further thatn allows more errors, i.e. the margin increases. The quadogtimization
problem forn-SVC can be written as:

S S
- o 1l
maxmlzeW(a): a ai > a aiajyiyjk(zi:z;) (5.36)
azR i=1 ij=1

subjectto0 a;j % (5.37)

>
a ayi=0 (5.38)

i=1

>
aa n (5.39)

i=1

Therefore, the resulting decision function can take thenfor
&

f(z)= sgn gq aiyik(z,z)+ b (5.40)

i=1

5.2 Random Forests

A Random ForeqiRF) is an ensemble classi er that consists of a collectidne®-structured
classi ers and outputs. It can be used for classi cationegression by combining so-called
classi cation and regression treé€ARTS) (cf. [19]). CARTSs are binary decision trees con-
structed by repeated splits of nodes into child-nodes. Blodhich are not split any more
are called terminal nodes. This is illustrated in Fig4. The main idea which has to be
discussed is how to construct a CART and how to nd the best 9pbr RF classi ers the
Gini criterion is used, (see section feature importance)

The RF combines Breiman's "bagging” idel0] and the random selection of features.
The growing of a CART begins with the root node, which corgdime whole learning set.
Then, this set will be split into two subsets. The splittiragn is called node. This process
continues until each node contains only one class (in thigk @@ or NCT). Random
Forests use a large number of such CARTs, where each CARS tal@herbootstrap
sample from the training set. For every CART, the split valea are chosen randomly and
SO every tree learns its own data set. The generalization @nverges with the number of
trees. This makes it easy to decide how many trees shouldsoe Tike whole RF algorithm
is implemented as depicted in Fi§.3

5.2.1 Splitting Rule

The random forest algorithm, developed by Breimd#d, is a set of binary decision trees,
each performing a classi cation. The nal decision is takenmajority voting. Each tree is
grown using a bootstrap sample from the original data seth Bade of the tree randomly
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Fig. 5.3 lllustrates the ow chart of the random forest (REaithm.
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Fig. 5.4 An example of a classi cation tree. Here, brain iitspto four smaller subsets
regions, resting state networks (RSNs)
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selects a small subset of features for splitting the datatinb subsets. An optimal split
separates the set of samples at each node into two supposeadiyhomogeneous or purer
sub-groups with respect to the class of its elements. Theuiityplevel of each set of
samples with respect to class membership can be measurée Byni index Denoting
class labels by, c = 1:::C, the Gini index of nodeis de ned as

C

G(i)=1 & (P(w))? (5.41)
=1

whereP(w) is the probability of classy in the set of instances that belong to nedsote

thatG(i) = 0 whenever nodeis pure, e.qg, if its data set contains only instances of cawescl

To perform a split, one featum s tested on the set of samples witklements according to

Z > Zp, Which is then divided into two sub-groups (left and righf)hwn; andn, elements.

The change in impurity is computed as

4 G(i) = G(J) %G(i|)+ %G(ir) (5.42)

That feature among a#] and the threshold;, which yields the largest decrease of the Gini
index is chosen to perform the split at nodeEach tree is grown independently, and no
pruning is applied on the grown trees. The main steps of thighm [63], are depicted in
the Fig.5.3and the following section.

5.2.2 Construction of a Tree

Constructing a tree requires a method to use the input daletémine the binary splits of
the training set into smaller subsets. The main goal is toargplit which produces subsets
purer than the parent sets. The construction of the tre@acmnthree important steps:

1. Given a data sef with N examples, each with features, select the numbérof
trees, the dimension of the subsatry< L of features, and the parameter that controls
the size of the tree (it can be the maximum depth of the treemiimimum size of the
subset in a node to perform a split).

2. Constructthé= 1:::T trees.

(a) Create a training s@t; with N examples by sampling with replacement the orig-
inal data set. The out-of-bag data &gtis formed with the remaining examples
of T not belonging tar;.

(b) Perform the split of nodeby testing one of thentry= bp Lc randomly selected
features.

(c) Repeat ste@bup to the tree is complete.

(d) Use the out-of-bag (OoB) da@ as test set of theth tree. Keep track of the
votes for each class instance each time it is in the out-btaysdd. The number
of false classi cations, averaged over all cases, yielé<QbB error estimate. In
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this way an out-of-bag (OoB) error results, measuring tlaesilcation perfor-
mance of the RF classi er.

3. Repeat stepto grow the nexttree if & T. In this workT = 500 decision trees were
employed.

5.2.3 Out-of-Bag (OoB) Error Estimate

In Breiman's implementationl]7] of the RF, each tree is trained on about 66% of the avail-
able data set. As the forest is built, the rest of the data)ie®@2, can be tested and reports
the misclassi cation rate. This process is called Out-ef§BDoB) error estimate. Accord-
ing to the nature of the calculation of the OoB error out ofttilagning set, there is no need
for cross validation or additional testing. The OoB erraireation works by classifying
each instance left out in the construction with the RF. Themare the classi cation re-
sults with the true assignments of the instances left ouheftag. Hence, the OoB error
Is estimated by considering the proportion of times thatthssi cation is not equal to the
true class averaged over all samples.

5.2.4 Feature Importance

The feature importance, which is well-known as variable onignce, is a powerful tool
which was introduced by Breiman's Random Fordd][ It reports how importantly that
feature contributes in classifying the data. This is verlpfuk to make the classi cation
results easier interpretable. The commonly availableatégiimportance measures are:

1. Mean Decrease Gini
The RF uses the Gini coef cient mentioned in E§.42) to determine how each fea-
ture contributes to split the nodes and leaves in the reguRiF. For two descendant
nodes, the Gini impurity criterion for each split made on a@deem is less than for
the parent node. The changes in Gini impurity can be summexepall trees and
normalized at the end of the calculation, resulting in afeatmportance. Features
that result in nodes with higher purity have a higher de@@assini coef cient.

2. Mean Decrease Accuracy

The mean decrease in accuracy is another quick estimat@hoat® a feature deter-
mined during the OoB error calculation phase. To calculagermhean decrease in
accuracy, count the number of correct votes for the OoB mests. Then the variables
mare permuted randomly and the correct votes are counted.afja mean decrease
in accuracy is the average, over all trees, of the differdrete/een the correct votes
of the permuted and the unpermuted data. Note the accuraitye sandom forest

decreases due to the addition of a single feature, the mguertamt the feature is

considered, and therefore variables with a large mean @geli@ accuracy are more
important for classi cation of the data.
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In summery, the importance of each variable for the bestispheasured by induces
called mean decrease Gimr mean decrease accuracyBoth yield similar results,
hence in this thesis only the former is considered for siaiyli The Gini impurity
criterion applied to each selected feature determineseakedplit at each node. For
two descendant nodes, their Gini impurity is less than ferghrent node. This de-
crease in the Gini index can be summed up over all trees atdsyaefast and easy
way to estimate variable importance.

5.3 Classi cation Optimization

Often, fMRI images have many features (i.e., they are remtesl as vectors in a high-
dimensional space). In chap#rdealing with high dimension of such, for reducing dimen-
sionality as much as possible, has been discussed, wHileesdining most information
relevant for the task at hand. There are many reasons torpesiach dimension reduction.
It may remove redundant or irrelevant information and thietdya better classi cation per-
formance; subsequent analysis of the classi cation ressikasier; low dimensional results
may be visualized, and thus further better understanding.

Besides, for further optimization, the next step of featex&action is to identify (by
some criterion) those features that contribute most to khescseparability. For example,
one may seleat features out of all the given features, using some methodriing (the
univariate approach) or optimizing classi ers paramet&masth are discussed brie y in next
sections.

5.3.1 Features Selection

The feature selection task is de ned simply as follows: @Gigeset ofm measurements
(features) ory labeled instances, what is the best subset of featdrethat contribute in
discriminating between classes more precisely?” The nummbsuch possible subsets is
mi=f!(m f)!, which is really very large even for moderate valuesrdnd f. As a conse-
guence, one has recourse to a suitable heuristics for segittinough the space of possible
features. There are different strategies for feature seted-or example, one can de ne an
objective function, e.g., one that measures accuracy ored held out set, and use sequen-
tial forward or backward selectionA sequential forward selectiofSFS) is a bottom-up
search where new features are added to a feature set onenat @tieach step, the selected
feature is one that, when added to the current set, maxirtiizasbjective. The feature setis
initially empty. The algorithm stops when the best remairfeature relapses the objective,
or when the desired number of features is reached. The mawvbaick of this method is that
it does not delete features from the feature set once theylteen already selected. As new
features are found in a sequential, greedy way, there is amgtee that they should belong
to the nal set. Besides the SFSequential backward selectig8BS) is the corresponding
top-down search: features are deleted one at a time untdtdries remain. This procedure
has the drawback over SFS that it is computationally moreashelimg, since the objective
function is evaluated over larger sets of features. Hemcihis thesis, common methods of
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feature ranking and information theoretic ranking are used principle selection mecha-
nism because of its simplicity, scalability, and good emcpirsuccess.

5.3.1.1 Gini Index

Gini index is an impurity-based criterion that measuresditergences between the proba-
bility distributions of the target attributes values. ThmiGndex has been used in various
works such asl9] and as it is de ned before as:

C
G(i)=1 & (P(we))* (5.43)
c=1
wherewg;c = 1:::C represents the class labels. Consequently, the evaluattenion for
selecting the attributeis de ned as:

4 G(i) = G(i) %G(i|)+ %G(ir) (5.44)

To introduce this idea, take the random forest as an exanipdedom forest (RF) is
a classi cation method, but it also provides feature impode as well. A forest contains
many decision trees. Each decision tree is constructeddbgrines randomly sampled with
replacement. Therefore about one-third of the trainingaimses are left out. These are
called Out-of-Bag (OoB) data. This OoB data can be used imast the classi cation
error. The basic idea behind feature importance is simpieisuiachieved by using OoB
data. For every decision tree in the forest, put down its Oat @nd count the number
of correct predictions. Then randomly permute the valuehet-th feature among al
OoB instances, and put these instances down the tree agditra& the number of correct
predictions in permuted OoB data from that in unpermuted Qa.

5.3.1.2 T-test

The Student's t-test is historically a statistical hypaisdest, which used to compare two
normally distributed samples or populatiordglfl. It candidates features with a maximal
difference of mean value between groups and a minimal uéitjatvithin each group to
further analysis, but it could statistically collapse whkare are not suf cient number of
samples, often less than 30 samples. As enough data istdeal&re, a t-test as an univari-
ate feature selection algorithm is used, where featuresaaked and select only a subset of
features that is most discriminating between the class labels. Rhstdata are parted into
two setsCT andNCT. Thus, letnCT; sCT denote the average and variance of the @ata
and nyct andsyct denote the average and variance of the datdl€8t. Also, n; andny
represent the number of samplesCdf andNCT, respectively. Then a T-score for a feature
I, in the data, is de ned as:

. i) )
T0 = gn&—iﬂ
() (i)
ﬁ+ SNeT
n n2
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Finally, featuresy with the highest T-scores (most discriminating features)selected
as our data.

5.3.1.3 Information gain

Information gain (relative entropy, or Kullback-Leibleivdrgence), in probability theory
and information theory, is a measure of the difference betweao probability distributions.
In statistics, it arises as an expected logarithm of thdiliked ratio. In the context of
classi cation, the distribution of samples among classeahé accountable information. If
the samples are randomly appointed among the classes, thigenwf bits necessary to
encode this class distribution is high, because each samapilel need to be counted. On the
other hand, if all the samples are in a single class, the ppinmuld be lower, because the
bit-string would simply say “All samples save for these few @ the rst class”. Therefore
a function measuring entropy must increase when the classhdition gets more spread
out and be able to be used recursively to allow nding the @mrof subsets of the data

H(2) = é_ (ni=n)log % (5.45)

where dataset hasn = jz instances and; members in class; (in our case, either CT or
NCT). The entropy of any subset is calculated as
. _ o JX]J . )

H(zjx)= a e H(zjx Xj) (5.46)
whereH(zj x  Xj) is the entropy computed relative to the subset of sampléshthe a
value ofx; for attributex. If xis a good description of the class, each value of that feature
will have little entropy in its class distribution; for eaghlue most of the instances should
be primarily in one class. The information gain of an attténs measured by the reduction

in entropy. Hence, it evaluates a featurey measuring the amount of information gained
with respect to the class (or group) as follows:

IG(X)= H(2» H(zjXx (5.47)

The greater the decrease in entropy when consideringwtribndividually, the more
signi cant featurex is for prediction.

Shortly, it measures the difference between the margiséibution of observablg as-
suming that it is independent of featyr@(x)) and the conditional distribution ofassum-
ing thatitis dependent g{P(xj2)). If zis not differentially expressedwill be independent
of z, thusz will have small information gain value, and vice versa.

5.3.1.4 F-Score

F-score (Fisher score) is a simple criterion to measureigegichination between a feature
and the label. F-score of a single feature is de ned as fdlo@iven a data setwith two
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groups, denote samples in class ICds and those in class 2 &CT. Assume(mz)'j‘ is the
average of the,, feature inZ. The F-score of thg, feature is:

F(j)= (mzjl ijZ)Z 5.48
(= m (5.48)
where
($)?= a (z m)? (5.49)
2K

The numerator indicates thetra-class discrimination , and the denominator indicates
the inter-class scatter. Hence, the features are more discrimenatith larger F-score.
Therefore, this score can be a criterion for feature selncti

5.4 Parameter optimization

Unfortunately, there are no comprehensive theories toegiiie parameter selection of clas-
si ers like SVM, which largely limits its application. In oler to get optimal parameters
automatically, researchers have tried a variety of meth&dsquently, for example, using
Grid searchto optimize parameters of an SVM classi er is one of the fasomethods.
Grid search simply performs a full-scale search among a alnprede ned subset of the
hyperparameter space of a learning algorithm. A grid sealgebrithm is subjected to some
performance metric, typically measured by cross-valadatin the training set or evaluation
on a held-out validation set.

Though the parameter space of a machine learner could be setybreal-valued or
unbounded value space for some parameters, a grid seardd beends and manual dis-
cretization in advance. For example, a typical soft-mafuM classi er provided with
an RBF kernel has at least two hyperparameters, a regularnizezonstanC and a kernel
hyperparameteg, that need to be tuned for good performance on unseen datapBam-
eters are unlimited. So, they could be set by selecting & sét of "reasonable” values for
each to perform a grid search, say for exantpf 1;2; 3;4;5g andg 2 f 0:2;0:4;0:6; 0:8g.

In this way, a grid search then trains an SVM classi er witlcle@air(C; g) in each round
of implementation of these two sets and evaluates theiopegnce on a held-out valida-
tion set or by internal cross-validation on the training, setwhich case multiple SVMs
are trained per pair. Finally, the grid search algorithmdpices the best accuracy that was
achieved by the optimal value of a pair during the validapoocedure. Although a grid
search suffers from the curse of dimensionality, it can bekaa over in a highly parallel
fashion because the hyperparameter settings it typicafljuates are independent of each
other.






Chapter 6

Materials

6.1 Gabor Stimuli

The stimuli were generated with a procedure similar to thgtl0(. Stimulus displays
contained odd symmetric Gabor elements arranged in anbie/is0 by 10 grid subtending
16:6 deg 16:6 deg of visual angle. The corresponding stimulus protaedlustrated in
Fig. 6.1 The luminance distributioh(x;y) of a single Gabor element is de ned by the
equation

L(xy) = Lo(1+ s(xy) d(x;y)) (6.1)

whereL(x;y) [cd=n?] is the luminance at poir(ix;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 ratidal These functions are given

by

s(x;y) = Csin[kx xcogq)+ ky ysin(q))] (6.2)

whereC = 0:9 is the Michelson contradt k = ( ky; 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 expental condition. Furthermore,

X2+ y2
252

wheres = 0:25 deg is the standard deviation of the Gaussian enveloesured in degrees
of visual angle.

For contour displays, a path of 10 invisible line segments @zastructed and placed at a
random location within the visual eld, with the restrictis that none of the segment centers,
where the Gabor elements were nally placed, fell into theein2 2 grid cells, and that at
least 4 segment centers fell into the inner 6 grid cells. This ensured that the Gabor path
did not cross the central xation mark, and that the ecceityrof the path was not too large.
The angle between adjacent line segments was the pathapdles an orientation jitteba

g(xy) = exp (6.3)
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drawn from a uniform distributiop(Da) 2 [ 1;+1]. Gabor elements were placed at the
center of each line segment and aligned to the line oriemtatihe separatios between
neighbouring elements depended on the length of the camespy line segments. It was
chosen ag da= 2 0:55 degrees of visual angle. After setting up the Gabor path,
empty grid cells were Be_d with randomly oriented Gabor @lents. The size of the grid
cells was set to2(1+ 2) = 1:66 degrees of visual angle. This ensured that the 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 visible pegerlapped 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 salgmithm was used as for the
construction of contour displays but rotating adjoiningoGiaelements by 45 deg. Thus,
non-contour displays resembled contour displays witheeisfp 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 igged, which was the same
for all subjects. Then a set of 150 contour stimuli was geedraeparately for each subject,
where the path angle was adjusted to the individual maximum tolerable path argese
angles were obtained during behavioral pre-testing angedifrom 21 ded 34 deg.

6.2 Experimental setup

In this study, functional images were recorded with a 3-dé&ad scanner (Siemens Alle-
gra, Erlangen, Germany) , see F&l1 at the courtesy of Prof. M. Greenlee, Experimental
Psychology, University of Regensburg, Germany. For thetional series whole brain
images were continuously acquired with 46 interleaved|astiees using a standart -
weighted echo-planar imaging sequence employing theviollp parameters: repetition
time TR= 2000[mq; echo timeTE = 30[mg; ip angle g = 90[ded; 64 64 matrices;
in-plane resolution: 3 3 [mmn; slice thickness: 3mm. After the functional scans, high-
resolution sagittall;- weighted images were acquired for obtaining a 3D struttean,
using a magnetization prepared rapid gradient echo sequbdtfe RAGE) and employ-
ing the following parameterst R= 2250[mg; TE = 2:6 [md; 1 [mn] isotropic voxel size.
This sequence is optimized to differentiate between whitk gray matter. Subjects were
positioned supine in the scanner with their head securddkimi¢éad coil to minimize head
movement. Visual stimuli were presented, using the sofvackagdPresentationl2:0
(Neurobehavioral Systems Inc., Albany, Canada), on a atanBC equipped with a 3D
graphics card, and back-projected via an LCD video projgdC, DLA-G20, Yokohama,
Japan) onto a translucent circular screen. The stimuli wee® on a mirror re ecting the
image from the projection screen. The projector had a résolwf 800 600 pixels and

a refresh rate of 78HZz]. The viewing distance to the projection screen wagdd. Par-
ticipants were subjected to a perceptual detection tagkFge 6.2 In each trial, a visual
stimulus was presented for 19dhg, followed by a blank screen. In half of the stimuli,
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some Gabor patches formed contours as targets to be detetiézlithe rest of the patches
was oriented randomly as was the case in all the remaininguBti Each stimulus array
contained 90 100 Gabor patterns and subtendedblily 165 degrees of visual angle. A
cohort of 19 subjects has been studied during 3 sessionk, egmmmMpassing humerous
(. 150) trials with Gabor stimuli, organized in 5 blocks. In lkddal, the subjects classi-
ed the stimulus agontouror non-contoury pressing an associated response button with
either the left or the right hand. This resulted in 4 condisio

1. there was a contour and the subject recognized it coyr@ttcoded as CT),
2. there was a contour and the subject did not recognizeab@il as CF),

3. there was no contour but the subject falsely recognizeshtoar (decoded as NCF)
and

4. there was no contour and the subject recognize its absmmoectly (decoded as
NCT).

In this study, the two conditions CT and NCT are analyzedy asl for the other two
conditions far less trials were available.

— - A s

Iéig. 6.1 shows ai subject during experifnent preparing. An EBis put on the
subject's head and laid on a movable bed to take him insidedaener.

Functional data were preprocessed with the software padk@lyl 8(Wellcome Depart-
ment of Imaging Neuroscience, London, UK), running underTfMAB 7:0 (Mathworks,
Natick, MA). This preprocessing included slice-time caotien, motion-correction, spatial
normalization and spatial Gaussian smoothing. Except ttusno further pre-processing
has been considered and these "raw" images have been ahalyze
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CT,0.194 s

Fixation, 1 -3 s Fixation, until response

a) +

0 5 10 15 20
time(seconds)

Fig. 6.2 Stimuli and stimulus design: a) Stimulus protoewl &abor patches either
forming a contour line (CT) or not (NCT), b) prototypical hedynamic response
function (HRF)
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6.3 Data set

The subjects participating in the study encompassed 6 nmaleld 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 ddgpendencies. 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.

Note that with fMRI recordings, the brain is scanned in a nendf slices, heréNs =
46), which together comprise d&X3activity distribution, henceforth called a volume of acti-
vations. Each such brain slice represents a 2D data arrahuwhidecomposed by 2DEEMD
into K = 6 BIMFs per slice. Fig6.3illustrates corresponding results for a single brain slice
Note that the BIMFs for both conditions have been normaljaedly to render their relative
activation levels comparable, but that the resulting défee BIMFs have been normalized
separately to enhance visibility of sometimes small défferes.

]
diff. r - o T
(CT-NCT) o= e L :

Fig. 6.3 lllustration of the BIMFs resulting from an 2DEEMRabmposition of a single
brain slice for both stimulus conditions, i. e. CT and NCTi&lthat BIMFs for both condi-
tions have been normalized to the same scale to render thempacable, while the differ-
ence images have been normalized separately for enhansibdity of small differences.

Given there ardN; = 790 scans per session, each one comprisigrg 46 brain slices,
eachcomplete scams considered, further on callecblume scanas being equivalent to
a data volume/.(x;y;z2) wherex;y;z denote the spatial coordinates of the voxels in the
brain volume. Here indeg counts these scans, thus forming an indexf§gt 2 N;c =

quired during the time when the hemodynamic response (HpRgaed after the stimulus
onset. The HR usually happens rouglily 5 [s] after the stimulus onset. So, for any
given stimulus/response condition, the tetrmals corresponds to those volume scans regis-
tered while the hemodynamic response was active. For eatte @bnditionsontour true
(CT) andnon-contour trugNCT) there werd\; 90 120 trials across all three sessions,
corresponding to an equal number of volume scans.
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To summarize, the whole data set being analyzed is thusatkeawmed by the following
parameters:

 the number of slices per volumbi; = 46

» the number of voxels per slicdl,s= 53 63= 3339

the number of stimulus conditions analyz&; = 2, corresponding to the conditions
CT - contour trueNCT - non-contour true

the number of trials per condition: 90N; 120

the number of subjects analyzeds; = 19
» the number of voxels per volum&= N5 Nys

* the size of the analyzed data sBt= Nsj Nst= 38

To reduce the computational load, per condition, thesemelscans were averaged,
yielding onevolume of average activatiopgr condition and sessidWs(X;y; 2)i according
to

V(y2) hVedxyi2i = = & Veoc(xy:2)
Nt s@2C
wheresc?2 C denotes those indices of the volumes, belonging to stimeouslitionsc?2
fCT;NCTg. Note thatiVspoc(Xy;z= ns)i Xy, represents an average brain slice to be
decomposed by 2DEEMD (see E®.33) into K BIMFs. If repeated for all brain slices






Chapter 7

Results and Discussion

This chapter reports the results and simulations of metadtms which have been proposed
and developed in this work. Sectiahl explores optimal parameters for the canonical
BEMD by applying to fMRI image like sifting steps, noise léveumber of modes an so
on. Such parameters play an important role in the qualityhefextracted modes. Thus,
selection process for these parameters should be evalcatefiilly. Section7.2 investi-
gates the quality of the newly proposed BEMD variant (GiTMEE) and compares it with
the canonical BEMD in terms of computations load, qualityerfracted BIMFs and deal-
ing with mode mixing problem. In the GiT-BEMD algorithm, tleavelope estimation, as
applied in a canonical BEMD, is replaced by a 2D surface pakation based on Green's
functions with tension. For comparison purposes, a camab®EMD and a GIT-BEMD
are applied to three types of images: synthetic image, alatmage and fMRI images. Re-
sults are discussed throughly as well. Sectic®Bishows clearly the bene ts of employing
canonical BEMD and GiT-BEMD in analyzing fMRI data compatedhe resulting in SPM.
The latter which is considered as a gold standard tool in ibkeédical eld. Also, in this
section statistical analysis and visualization of theaoted modes which are produced by
a canonical BEEMD and the newly proposed GiT-BEEMD are thghty discussed. In
addition, results of both methods are compared to the seaahieved by SPM using rst
(inter-subject) and second (intra-subject) analysiseNloat the analysis of the fMRI exper-
iments of the controversial contour integration task fesusn the two stimulus/response
conditions, i. e. contour true (CT) and non-contour true TNCSection7.4 presents the
results of classi cation to discriminate between CT and N§ing sophisticated classi ers,
mainly an SVM and an RF. Also, preprocessing techniquesrapayed for enhancing the
accuracy performance. The accuracies of all modes geddrata a canonical BEEMD or
GIT-BEMD are also investigated. Finally, Sectidrbshortly presents summary of previous
studies which are related to this study, especially relaiemntour integration task.
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7.1 Evaluation Methods of fMRI image

Following, the required parameters for decomposing one lfMige using a canonical
BEEMD are explored in detail. The formers have to xed in ads& Consequently, the
optimal of such parameters are generalized during the deasition of the whole dataset.

7.1.1 BEEMD parameter estimation for fMRI images

Despite the introduction of VIMFs, the canonical BEEMD dexamsition has been per-
formed at the level of average brain slices. As was alreadytior®d in the introduction,
proper parameters, such as the number of sifting stepsngen®le size, the noise ampli-
tude etc., have to be assigned before one can apply the cahBEEMD to fMRI images.
Thus in this study, the space of parameters has been exmarfdRI image, see FiJ.1,

in a systematic fashion to decide on appropriate valuessfch parameter as is discussed in
the following subsections.
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Fig. 7.1Left: Normalized fMRI imageRight: the corresponding intensity distributions.

7.1.1.1 Number of sifting steps

For rendering decompositions comparable, one cannot useppiisg criterion which is
deduced from the data as then each BIMF of a brain sligewill result from a different
number of sifting steps. Then the BIMFs will vary in eachslénd their comparison will be
unjust. It is common experience that only a small numberfahgisteps is needed usually
to extract a proper BIMF. Huang et abq] suggest that 15 sifting steps should be suf cient
to create reliable BIMFs. So, the number of sifting stepsis suggested number is xed
in this thesis as well.
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Fig. 7.2 Canonical BEEMD with spatial smoothing, an addedetevel ofa, = 0:2s and
Ensemble size oNg = 20 : Top left Number of sifting stefNs = 5, Top right Ng= 15,
Bottom left Ng= 25, Bottom right Ns= 50.

7.1.1.2 Ensemble Size

A large number of members forming an ensemble, hencefoligdoansemble sizeg\l re-
sults in high quality decompositions as, due to self-aviegadhe noise in the data becomes
almost perfectly canceled out. But this strategy also tesnla heavy computational load
which often becomes prohibitive. Figy3 shows the effect upon the BIMFs of varying the
number of the members of an ensemble. Especially BIMF4 aivFBIwhen decomposed
with a small number of members of the ensemble, show decatigoartifacts like the
vertical lines visible in the images. Accordingly, in a largcale simulation, the numbisg

of members comprising an ensemble has been varied systathatAs the ensemble size
increases, these artifacts almost vanish. They rathgppksa when the number of members
of the ensemble exceebllsz  100. It can be seen that there is not much difference between
an ensemble size d&fc = 100 and\g = 200 members, respectively. However, the computa-
tional load increases linearly with the number of membermiog an ensemble. Hence, a
canonical BEEMD witiNg = 100 members takes ve times more computation time than a
canonical BEEMD witiNg = 20 members. Thus keeping computational costs low and still
keeping image modes almost free from artifacts, a linear iih combination with a canon-
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ical BEEMD (BEEMD-LF) is introduced. This latter variantEEMD-LF, works simply

by applying a linear Gaussian Iter which replaces each Yaxe BIMF with a Gaussian
Iter with a kernel matrix of 5 5. As a result, this spatial smoothing almost eliminates all
artifacts from the BIMFs. In Fig7.3one can see clearly the effect of this smoothing lter.
Consequently, in this work an ensemble dige= 20 with spatial smoothing to the activity
distributions is used.

Fig. 7.3 Canonical BEEMD with spatial smoothing and an adugde level ofa, = 0:2s.
Top left Ensemble sizé\g = 20, Top right Ensemble sizé&\g = 20, Gaussian ltering,
Bottom left Ne = 100,Bottom right Ng = 200

7.1.1.3 Noise Amplitude

A clear effect on the quality of BIMFs is seen after changihg amplitude of the added
noise. Fig7.4 clearly demonstrates that with increasing noise amplitadenly streak ar-
tifacts become very prominent. This is because the sizeeottisemble is kept constant
rather than increased with increasing the amplitude of theenadded. This is enforced by
the prohibitive computational load otherwise. As a consege, in this thesis only a small
noise amplitude ob, = 0:2 s, wheres denotes the standard deviation of the intensity
distribution of the original fMRI images, has been chosen.
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Fig. 7.4 Canonical BEEMD modes with noise added or ensembéeiscreasedTop left:
Ne = 20;a, = 0:2s, Top right: Ne = 20;a, = 1:5s, Bottom left: N = 20;a, = 2:5s,
Bottom right: N- = 100 a, = 2:5s.

7.1.1.4 Number of image modes

Finally, in order to assure comparable results, the numbextoacted BIMFs needs to be
kept constant throughout this study. Fig.5 shows that an optimal number of extracted
BIMFs turned out to b& = 6. With seven or eight extracted BIMFs no further textures
at larger spatial scales appeared. On the other hand, wtithanK < 6 BIMFs, one can
see that the last component does not represent a trend ytaough there is no strict way
to estimate the number of modes in advance, here and fronmaiti®®, one could say the
expected number of extracted modes is calculated befoddhadividing the logarithm to
the basis 2 of the number of intensity image constituentsgdg) by two and rounding the
resulting number to the nearest integer as follows:

logy(N)
K == (7.1)
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Fig. 7.5 Canonical BEEMD with variable numb&r of modes extracted. Frorop to
Bottom K = 4;5;6;7

WhereK is the expected number of properly extracted modes, Mimdpresents the
number of intensity components. So, from E@.1J the expected number of modes of an
fMRI image withwidth height= 53 63= 3339voxelsis

log,(3339
2

Note that this gure also corresponds to an estimate follmwisual inspection after
systematically varying the number of modes to be extrac&nhilarly, the number of ex-
tracted modes from one dimension (time series) was sugbegt&Vu et el. [165 to be
roughly equal t& log, N with N denoting the number of samples of time series.

K =6 (7.2)

7.1.1.5 Hilbert Spectrum of fMRI Modes

As already mentioned, the extracted image modes are or@ecsitding their spatial fre-
quencies from high to low frequency (from a small spatialest¢a a large one). Here, to
see the effect of this property, each BIMF could be furthealyred by two-dimensional
Hilbert spectral analyses, whereby the intrinsic charésttes of the image textures can be
obtained, see Figr.6. Such spectral properties may be useful for further angipssome
applications. Note, the correlation between the extrantedes and the variance of each
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mode also are depicted in Fig.6. Note further, these modes are extracted from slice shown
in Fig. 7.1

Fig. 7.6 shows 6 modes extracted of fMRI image by a canoni&tMD and their corre-
sponding Hilbert . The brightness, in right gure, repreisetine absolute amplitude of the
frequencies of Hilbert.
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Fig. 7.7 Left: shows the correlation between the 6 modes shown in Fi@, color bar
represents how correlation strong between modeght. shows the variances of the 6
modes.

7.2 Simulation Results of GIT-BEMD

Before applying the new method to fMRI images, a natural ienfigce image) as well
as images with arti cial textures have been used to test atidate the proposed approach.
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Images are selected to demonstrate ef ciency and perfocmafthe GiT-BEMD algorithm
in extracting textures on various spatial scales from tlfferdint images. In addition, a fair
comparison of the performance of both algorithms, GiT-BE&t2 BEEMD, is provided.

7.2.1 Articial Image

An arti cial texture image (ATI) of size 101 101 is considered, which is composed of im-
ages of the same size containing arti cial texture composéATCs). The ATCs represent
sinusoidally varying spatial oscillations with horizohthl = 20;h2= 4;h= 1) and vertical
(V1= 20,v2 = 4;v3 = 1) spatial frequencies and unit amplitudes. The rst ATC teams
the highest spatial frequency, the second ATC shows a mesjatial frequency, and the
third ATC exhibits a very low spatial frequency. The ATl an@i@s are shown in Fig7.8,
while the intensity pro les of the ATl and ATCs are presentedrig. 7.11 These arti cial
textures provide a good performance indication of the dlgaor even though some imper-
fections cannot be avoided. The latter arise from the featt though the superposition of
the ATCs in Fig.7.8reproduces the original ATl of Figz.11, application of either canon-
ical BEMD or the newly proposed GiT-BEMD to the ATl might yieBIMFs which not
necessarily reproduce the ATCs of Figll

Let us rst investigate the upper (UE) and lower (LE) envedqurfaces generated from
the ATl by GIT-BEMD during the sifting process while extranxg the rst intrinsic mode
(BIMF1). Fig. 7.9displays, for 10 iterations, the combined three-dimeraiomesh plots
of size 101 101 pixels taken from the same locations as were used forrtgmal ATI,
and the envelopes obtained by GIiT-BEMD with tension paramet= 0:1. The gure
demonstrates the effectiveness of the proposed schemeeh&ifunction-based envelope
estimation. The related computational load for the decasitipm of the ATI is given in
the Tab.7.1, where it is compared with corresponding computationalscotother BEMD
variants. These results clearly show that the envelopmattn takes much shorter time
with GiT-BEMD than with canonical BEMD. In general, incréag the sizeE of the en-
semble in case of a canonical BEMD increases computatiasa$ ¢or the decomposition
accordingly, but also for estimating the BIMFs in the GITH¥D process. However, the
number of extremal points decreases for BIMFs with lowetigapiequencies leading to a
decrease in computation time for envelope estimation. Aayywhe overall computational
load of the canonical BEMD process still remains much higioenpared to GiT-BEMD.

Next comparisons the decomposition of the ATI of Fig8, when effected with either
the new GiT-BEMD or a canonical BEMD, are presented. Let s aonsider the appli-
cation of the GiT-BEMD algorithm. The resulting BIMFs ancetreconstructed ATI are
displayed in Fig.7.8. The corresponding intensity pro les are displayed in Figll The
latter reveals the close similarity of the BIMFs with theginial ATCs. The BIMFs may
not be expected to match the original ATCs perfectly becadigeuncation/rounding er-
rors introduced at various steps of the decomposition gocEhis holds true for both, the
canonical BEMD or the GiT-BEMD. Still such errors remainyemall as is corroborated
with Fig. 7.10where the reconstructed ATI represents an almost perfegtaithe original
ATI.
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Fig. 7.8 Top row (right) component 1 (ATC-1) resulted of produde {t) and (iddle,
Upper Middle row (right) component 2 (ATC-2), resulted of produée {t) and niddle),
Lower Middle row (right) component 3 (ATC-3), resulted of produée {t) and (niddle),
Bottom row shows the produced original arti cial texture image (ABYy summation the
component ATC-1, ATC-2 and ATC-3. 1D intensity pro les of &F1, ATC-2, and ATC-3
are shown also.
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Fig. 7.9 Sifting process using Green's function for spliméth tension parametéer = 0:1,
andNs = 10 iterations, ordered from top left to bottom right, to extrthe rst intrinsic
mode (BIMF1) of the ATI.

The intrinsic modes (BIMFs), extracted from the original|Aly applying Green's
function-based GIT-BEMD with surface tension, are dispthyn Fig. 7.10for a tension
parameteil = 0:1. The intensity pro les of the corresponding componentgesmare dis-
played in Fig.7.11 Also, one can see clearly the effect of increasing the oensarameter
uptoT = 0:9in Fig. 7.12 The ATl is next decomposed using canonical BEMD to compare
the results with those obtained from the new GIiT-BEMD methdthe BIMFs resulting
with canonical BEMD are displayed in Fig.13Top). Similarly, the BIMFs resulting from
an application of the canonical BEEMD with ensemble sizesitbferE = 20 orE = 50
are given in Fig. 7.13Middle) and Fig. 7.13Bottomn), respectively. In all cases, three
BIMFs are extracted. As one can see, results turn better imttteasing size of the en-
semble of the noise-assisted BEEMD. This is because of the@apensating property of
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Fig. 7.10 Decomposition of the ATl using GiT-BEMOop: represents the extracted BIMFs
(BIMF1, BIMF2, BIMF3) by GiT-BEMD andBottom:the summation of BIMFs.
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Fig. 7.11Top: intensity pro les of the original ATI,Left column: intensity pro les of
BIMF1, BIMF2 obtained by canonical BEEMD with ensemble size 50 andRight col-
umn: intensity pro les of corresponding BIMFs obtained by GI'EBID.

added noise which helps to even cancel the noise includée iortginal images. Moreover,
with canonical BEMD, increasing the number of sifting stepsthe one hand yields bet-
ter BIMFs in cases where the modes have high spatial fregqeebat leads to over-sifting
with modes having low spatial frequencies. Hence, it is gahebetter to limit the num-
ber of sifting steps, even if thetandard deviatior{SD) threshold criterion is not met yet,
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Fig. 7.12 lllustrates the components of ATl obtained by BHMD with different tension
parameter3 = 0:001,T = 0:1 andT = 0:9, respectively.

Fig. 7.13Top: Decomposition of the ATl using canonical BEMDBliddle: Decomposition
of the ATI using canonical BEEMD with ensemble sEe 20. Bottom:Decomposition of
the ATI using canonical BEEMD with ensemble sge= 50.
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Fig. 7.14 lllustrate the effect of increasing the extraatembles, from ATI, by GiT-BEMD.
Fromtopto bottom M= 3, M = 4 andM = 5, respectively.

or decrease the number of sifting iterations for the loweqfiency modes to prevent over-
sifting [38, 139. An additional performance assessment of the GiT-BEMD BREEMD
algorithms, the computational load for the decompositibthe ATI image, is presented
in Tab. 7.1 The algorithm GiT-BEMD, using a tension parameter 0:1 or smaller ap-
pears to be the better choice for decomposing the ATI imagee bhat with the Green' s
function-based BEMD (GiT-BEMD) decomposition using a sisalface tension the num-
ber of sifting steps has been xed & = 10, while in the canonical BEEMD application,
the condition for a vanishing mean everywhere has to be melbasly as possible. This
observation has been established already in literaB&e B9. Thus relaxing this condition

in case of the canonical BEEMD algorithm by reducing the neindj sifting steps in order
to prevent over-sifting may compromise achieving optinmatinsic modes. The Green's
function-based GiT-BEMD algorithm, instead, only needs #&fting steps and does not
yield better results if the latter is further increased.sIti course helps to keep the compu-
tational load as low as possible. In fact, the condition cdaishing local mean everywhere
Is seen to be met very closely in the simulations (the gloedmfor BIMF1 is 0:00004,
for BIMF2is 0:0001 and for the BIMF3 is:0004). Thus all performance measures are in
favor of the new GiT-BEMD algorithm to be used for image depaosition.
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7.2.2 Faceimage

In Fig. 7.15 the decomposition into intrinsic modes, i. e. spatialuess, is performed
on the famoud.enaimage. The latter is often used as a benchmark in image @ioces
applications. The size of the image is 11111 pixels. Different variants of EMD, includ-
ing pseudo-2D EMD, canonical bi-dimensional EMD (BEMD)noaical bi-dimensional
ensemble EMD (BEEMD) with an ensemble siEe= 20, fast bi-dimensional EMD (GiT-
BEMD), fast bi-dimensional ensemble EMD (GiT-BEEMD) with ansemble siz& = 2
and the newly fast bi-dimensional ensemble EMD (GiT-BEEMDth an ensemble size
E = 20, have been applied for comparison and are exhibited in/Fid

Fig. 7.15Top left: the extracted BIMFs ofenaimage obtained by pseudo-2D EMDop
middle: by canonical BEMD,Top right: by BEEMD with ensemble sizE = 20, Bottom
left: by GIiT-BEMD, Bottom middle:by GIiT-BEEMD with E = 2 andBottom right: by
GIiT-BEMD with E = 20.

In all cases, thé.enaimage has been decomposed into four intrinsic modes (BIMFs)
and a non-oscillating residue. Looking at the decompasitiothe face images it becomes
obvious that the GiT-BEMD approach yields very well-de nBiMFs, which represent



7.2 Simulation Results of GiT-BEMD 91

characteristic image textures (features) at various &pstales. These results are much
better than those obtained with pseudo-2D EMD, and bettesiroilar to the canonical
BEMD method. Unwanted stripes and other artifacts ofteroaguany the BIMFs when
obtained via the canonical BEMD algorithm as is apparenhéig. 7.15 Such artifacts
provide an extra challenge to a subsequent processing extreeted image modes and even
might render them unsuited. However, as the applicatiomti@ial textures demonstrates,
GIT-BEMD is able to suppress most of these image distortaureng the decomposition
(see Fig.7.15.

Fig. 7.16 Impact of the tension parametérs 0:1, T =03, T=05,T=06,T = 0:8
andT = 0:9. FromTop leftto Bottom right respectively.

Preliminary studies on edge detection and noise remova@iT-BEMD show promis-
ing and signi cantly better performance compared to thdysis using BEMD. Thus, the
newly proposed algorithm GiT-BEMD provides a distinctlygmved quality of the BIMFs
extracted from thed.enaimage. The BIMFs show no or only few distortions, and more
clearly reveal the edges and other characteristic featuréiferent scales compared to the
BIMFs obtained by other BEMD variants. But, as Fig.16reveals, the effect of a large
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tension parametep! ¥, results in noisy textures because of under- and/or oventsiy
problems, especially at low spatial frequencies. Thus am@osition employing Green's
functions with a moderate tension parameter is advisabdeda unwanted oscillations of
the interpolating envelope surface during sifting. Thiespecially true if the number of ex-
trema turns smalll2]. In fact, yet no solution is known to the problem of how toetetine
an optimal tension parameter, hence some trial and erraragaidable still.

7.2.3 fMRIImage

Finally, the new GIiT-BEMD algorithm with fMRI images is test. Texture analysis is
considered as a challenging task for the latter images. bitieydo effectively and reliably
extract textures from such images for classi cation andns&gtation purposes is of key
importance not only in medical image analysis but also imsanalysis and many other
application areas.

Fig. 7.17Top left: shows the original fMRI sliceTop right:shows the extracted BIMFs by
GIiT-BEMD, Bottom left:shows the extracted BIMFs by GIT-BEEMD with= 2 , Bottom
right: shows the extracted BIMFs by GiT-BEEMD with= 20 .

In this section, GIiT-BEMD is applied to functional magnetsonance images (fMRI).
These images were decomposed within the framework of a caaldBEEMD analysis.
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Fig. 7.18Left: shows the extracted BIMFs by canonical BEEMD wih= 20 andRight:
shows the extracted BIMFs by GiT-BEEMD with= 2.

With these images the performance of the GiT-BEMD algorittan be tested thoroughly,
as such images suffer from mode mixing and boundary arifaBecause of this, most
BEMD variants have problems to decompose them properly.ugh@anonical BEEMD
could be shown to do well, it takes a prohibitively long tin,edompute the BIMFs, and
stripe-like artifacts remain which are hard to get rid ofrthesing a canonical BEEMD, as
already shown. So, further post-processing the BIMFs isl@@efor example by applying
a kind of Itering or any other technique to dealing with tleekind of artifacts. For this
reason, applying GiT-BEMD directly will produce poor BIMRéso. However, it is well
known that mode mixing as well as boundary artifacts can lwedad during sifting by
employing a noise-assisted ensemble EMD (EEMD). Thus,rebleeGIiT-BEMD ( GiT-
BEEMD) applied with an ensemble sife= 2 only produces proper BIMFs which look
very similar to the BIMFs resulting from a canonical BEEMDtlwvan ensemble size= 20.
Increasing the size of the ensembleBae 20 in case of GiIT-BEEMD only resulted in a
marginal improvement of the BIMFs. Fig.17shows the BIMFs extracted by GiT-BEMD,
GIT-BEEMD with E = 2 and GIiT-BEEMD withE = 20. Thus good quality BIMFs can
be extracted at low computational costs when using GiT-BEEMth an ensemble size as
small asE = 2. Also, compared with canonical BEEMD, the quality of th&imsic modes
extracted with GiIT-BEEMD withE = 2 seems considerably better, and, as Tabshows,
the computational costs are much lower.

Tab. 7.1 Comparison among various GiT-BEMD/BEMDs for thee¢éhimages discussed in
this section in terms of total time required. Where the nunibéhe end of the methods
refers to the number of ensemble which employed in each.

image Method

pseudo-2D EMD| BEMD | BEEMD20 | BEEMD50 | GiT-BEMD | GiT-BEEMD?2 | GiT-BEEMD20
Lena 0:23 min 2:60min | 5200 min 0:50 min 2:00min 20:00 min
ATI 1:00min | 16:04min | 40:03 min 0:35min
fMRI 2:30min | 48:00 min 0:42min 0:64 min 14:00 min
slice
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Fig. 7.19 Image modes resulting from a decomposition of #r@limage using GiT-BEMD
with a decreasing surface tension. The tension pararpetecreases from top left to bottom
right in steps oDty = 0:2

In summary, the newly proposed algorithm GiT-BEMD providaage modes with less
distortions and better de ned texture contours easingh&rmprocessing of the component
images. Essentially two properties render the GiT-BEMDpatgm superior to its prede-
Cessors:

» Speed of computationMost importantly, a dramatic improvement in computation
time results from combining the Green's function - basecetwestimation with the
EMD decomposition. This is especially important in real ldapplications where a
canonical BEEMD may take hours to be completed. Moreoverglepe estimation
in GIT-BEMD, employing Green's functions with surface ters guaranties that the
envelopes closely follow the image. Also, GiT-BEMD is inbetly free from bound-
ary effects, and thus it does not require additional boundandition processing. On
the contrary, envelope estimation in the canonical BEMDhoeét employing surface
interpolation, is highly dependent on the maxima or mininegps) and the envelopes
are not guaranteed to follow the image. In some cases whea déine only very few
data points in the maxima or minima maps, BEMD tends to geéaera inaccurate
surface, which in turn leads to boundary and saddle poiritlpnes, and thus produces
improper BIMFs. In Tab.7.1, the time consumption for a BEMD-based decomposi-
tion is compared to the time consumption of an GiT-BEMD-loedecomposition of
three texture images. While GiT-BEMD often takes only selsprand at most a few
minutes, a canonical BEMD takes many hours, even if only ¥ewy iterations are



7.3 Statistical Analysis of fMRI modes and Visualization 95

performed per BIMF. This severely hampers the applicatiocamonical BEMD in
many practical applications. Note, the experimental camps Intel(R) Core(TM)2
Quad CPU Q9650 @ 3.00GHz RAM 8GHz; and the platform is MATLABOR4b
(Version 8.4).

« Stability. A proper tuning of the tension parameter provides incréasability to the
GIT-BEMD process. A trial and error selection procedure rhaye to be performed
to nd a suitable value for the surface tension parametetewxtracting the textures
inherent to the image under investigation. But, it is obsdrthat setting the surface
tension to a large value in case of modes with a high inhereattad frequency, and
decreasing the surface tension in proportion to the deergathe inherent spatial
frequency, i. e. according t@: 1 = tx % whereK represents the number of modes;
leads to a better decomposition of images. This reducti®urface tension avoids
to have blob-like artifacts in low frequency modes whichesthise show up if a high
tension parameter is used, see Fi§l19. Also the GIiT-BEMD algorithm can be
extended simply to a noise-assisted variant GiT-BEEMD #ugsding mode mixing
problems in applications which suffer from this problem.

Notably, GiT-BEEMD does not need more than two members irtts=mble to cope
with mode mixing. In contrast, other BEMD algorithms suchcasonical BEMD
need at least 20 members in the ensemble to alleviate modegwroblems. How-
ever, GiT-BEEMD suffers from on-board memory limitationsen dealing with large
images. A work-around this drawback can be achieved inéutudies by extending
GIT-BEEMD to a sliding window GiT-BEEMD similar to one-dimsional WSEMD
algorithm[L71].

7.3 Statistical Analysis of fMRI modes and Visualization

In this section statistical analysis and visualizationhs extracted modes which are pro-
duced by canonical BEEMD and GiT-BEEMD are thoroughly désad. In addition, re-
sults of both methods are compared to the results achiev8&b}; which represents a gold
standard tool in the eld of biomedical image analysis.

Note that the analysis of the fMRI experiments focuses onwmeestimulus/response
conditions, i. e. contour true(CT) andnon-contour trueg(NCT). Hence, results will be
discussed later on in terms of differences of normalized MéMor both conditions. Alto-
gether VIMFs from 19 subjects and for two stimulus condisidrave been obtained as an
average ovel; trials during the three sessions, resulting in a total of B8k for eachk.
The activity distributions within the VIMFs have been notiped for both conditions taken
together. Results are presented as difference images

DVIMFk= VIMFkct VIMFKncT (7.3)

jDVIMFkKj have been normalized separately to clearly show the, sorastsmall, differ-
ences. Only differences aboverDy,ax are shown in the images which exhibit an axial, a
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sagittal and a coronal view, see Fig2Q This threshold is, so to speak, explicitly equiva-
lent to the threshold which shows the activity distributwith SPM in case the uncorrected
p-value is G001. This kind of threshold has been chosen because it isssitgle to perform
a t-test within subjects while, as already mentioned, tiezaaye over trials of the activation
volumes was taken, to end up with just two volumes corresipgnih CT and NCT. Be-
sides, a t-test within subjects is done by SPM through alldrof each subject, which is
calleda rst level analysis Then the average of a rst level analysis is computed, sge Fi
7.22 In general, a high biological variability is observed asrsi the Fig.7.20for VIMF3
and VIMF4 in case of the canonical BEEMD and VIMF1, VIMF3 antMF4 in case of
GIiT-BEMD in Fig. 7.21 The latter shows a high biological variability in VIMF1 cpared
to the rst one. Additionally, some activity regions washigd in an interchangeably way
between modes extracted by the canonical BEEMD or GiT-BEEMD

Fig. 7.20and Fig.7.21illustrate the most informative differencB¥ IMF3 andDV IMF4
, produced by BEEMD an@VIMF1, DVIMF3 andDVIMF5 generated by GiT-BEEMD,
as averages over all subjects to highlight robustly obthawtivation loci. The differences
clearly show highly focused and spatially localized atigg.

In case of BEEMD,

* DVIMF3, instead, shows activity mainly in the temporal gyrus, d&cttvity is more
pronounced in the left temporal gyrus compared to the rgghoral gyrus, especially
in the left inferior and middle temporal gyrus.

* DVIMF4, exhibits a pronounced activity in the (left) paracenialle.

While in case of GIiT-BEEMD,

» DVIMF1 exhibits activity exclusively in the left hemisphere, batying from occip-
ital via temporal and medial to frontal gyrus.

* DVIMF3 shows activity similar tdDVIMF2 in left and right medial gyrus, but it
extends it to the right hemisphere in precuneus and octgytas.

* DVIMF4, nally, exhibits activity in the area of the thalamus whicone of the modes
extracted by canonical BEEMD ever indicated. In additiarghiows activity in the
right hemisphere in the cingulate cortex and in the left Ispinére in the postcenteral

gyrus.

Moreover, less signi cant activity distribution is showmthe other modes, see Fig.1
and Fig.A.2 in Appendix

Note that the activity distribution in each difference iredgas been normalized sepa-
rately to the range 0 1 and only the highest 30% of the activities are shown in theges,
overlaid onto an anatomical image. Correspondihgntreal Neurological Institute and
Hospital (MNI) coordinate system of these localized activity blobsextracted modes by
BEEMD and GiT-BEEMD, are collected in TalA.1 and Tab.A.2, see inAppendix se-
quentially.
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Fig. 7.20 lllustration of the most informative mod&JIMF3 andVIMF4, resulting from
a canonical BEEMD decomposition of a whole brain volume. Tifeerence refers to
the VIMFs for the two conditions CT and NCT, respectively. ckaifference VIMF is
normalized separately to enhance visibility.

Fig. 7.21 lllustration of the important modegIi(MF 1;VIMF3 andV IMF4), resulting from
an GiT-BEEMD decomposition of a whole brain volume. The eli#ince refers to the
VIMFs for the two conditions CT and NCT, respectively. Eadfiedence VIMF is nor-
malized separately to enhance visibility.
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Fig. 7.22 lllustration of the signi cant activity resultdaly the rst and second SPM level,
respectively. In both levels the activity is signi cant imse of contrast CT is larger than
NCT condition while no signi cant activity when NCT is greatthan CT .

Fig. 7.23 lllustration of the rstthree mode¥(MF1;VIMF2 andV IMF3), resulting from
an BEEMD decomposition of a whole brain volume. The diffeeemnefers to the VIMFs
for the two conditions CT and NCT, respectively. Each défere VIMF is signi cant with
a = 0:001.

Considering a comparative analysis of the activity disiitns resulting from a canon-
ical BEEMD and GIiT-BEE analysis , see TaBA.1 and Tab.A.2, with the ones obtained
using the canonical SPM tool, Fig.22clearly demonstrates the superior detail and spatial
localization whichDV IMF2;DVIMF3 andDVIMF4 extracted by the canonical BEEMD
and all modes extracted by GiT-BEEMD exhibit compared toSF&/ results which most
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Fig. 7.24 lllustration of the rst three mode3/(IMF1;VIMF2 andV IMF 3) resulting from

an GiT-BEEMD decomposition of a whole brain volume. The eli#ince refers to the
VIMFs for the two conditions CT and NCT, respectively. Eadfiedlence VIMF is sig-

ni cant with a = 0:001

closely resembl&V IMF4 on arst level analysis denoted SPM1. Only at treecond level
of analysis denoted SPM2, also other activity blobs become visibleydth less localized
and focused. Note that only activations correspondingdéstme level of statistical signi -
cance are exhibited to render images from both approacimegarable. So far, a rst level
analysis for extracted volume modes and “raw” modes hava dezussed using SPM1,
I. e. analysiswvithin subjects Now the analysis results of the second level are invegithat
This sort of analysis is dongetween subjectsy using the results of the rst level analysis
to form an input for a t-test analysis which, in turn, showsevéhour hypothesis that spa-
tial loci of activity distribution is signi cantly differat between the two conditions CT and
NCT. Also, as in the rst level analysis, this analysis is ddmy using modes extracted by
the canonical BEEMD and GIiT-BEEMD, respectively. Fig.23and Fig. 7.24 illustrate
signi cantly different activity distributions betweenehwo condition CT and NCT across
subjects, where a p-vald@ < 0:001; uncorrected is used. A one-sample t-test illustrates
active areas that are signi cantly different for each caiodi individually. By looking at
the pair-wise contrasts of extracted modésMF1;VIMF2 andVIMF3 , by canonical
BEEMD shown in Fig.7.23 one can easily observe the active area of the modes, eedract
by both techniques, indicating response differences @I and NCT conditions. These
active areas are different for each mode and only few ovedap seen between modes from
both methods. Generally, the t-test analysis suggestsithaictivity with respect to the CT
condition is notably larger than with the NCT condition. Farther details read\ppendix

Compared to SPM2, one can see in Fig23and Fig. 7.24 clearly that the extracted
modes,VIMF1;VIMF2 andVIMF3, by canonical BEEMD and GiT-BEEMD overcome
on SPM2. Moreover, the extracted modes exhibit active aatsasfor the NCT condition
which SPM completely fails to show.
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Corresponding MNI coordinates of these localized actilgbs of the modes extracted
by BEEMD and GIiT-BEEMD in case of a second level analysis ée eollected in Tab.
A.3 and Tab.A.4. The corresponding activity distributions of the lattee ahown in Fig.
A.3 andA.4, respectively (See iAppendiy).

7.4 Classi cation Results

The baseline for classi cation performance of this work he Voxels-as-Feature€VAF)
approximation shown in Tab7.2, which uses all voxels in each raw image as a feature
vector. Itis used as an input to the SVM-SMO as well as RF ctass The original feature
vector has 15594 features. A leave-one-out cross-validation (LOOCVatsgy is used
and several metrics are used to measure the performance déssi ers, namely accuracy
(acc), sensitivity (sens) and speci city (spec).

Tabh. 7.2 Results of the baseline classi cation VAF.

Method Acc std | Spec std| Sens std
SVM-SMO | 0:50 0:04 | 0:54 0:08 | 0:40 0:04
RF 0:32 0:02| 0:29 0:02| 0:35 0:03

7.4.1 Classi cation fMRI modes extracted by a canonical BEBD

Here, two approaches for fMRI classi cation are presentedatail:

Approach | : As depicted in Fig.7.25(Top), the dimensionality reduction techniques
PCA, ICA and NMF are rst applied to the whole dataset eitreaw data or the extracted
modes (VIMFSs). Afterwards, data are projected onto thegethyge inherent coordinates.Then
the LOOCYV procedure is employed using these projected data.

Approach Il : As depicted in Fig.7.25 (Botton), the dimensionality techniques PCA,
ICA and NMF are applied to only the training dataset, eitreax data or the extracted
modes (VIMFS), except one image at a time. The latter is usedtast image. This image
is then projected onto the basis vectors resulting from hieihg data. Afterwards, the
produced projected data of a test image is plug in as inputdassi er. In this way, the
LOOCYV is used as well. Consequently, this approach is mdresiand can be generalized.

Note, although the former approach could produce ultimeteir@cies, it suffers from
serious drawbacks like over- tting, as will be discussedrelater on. Unfortunately, many
researchers do not pay much attention to such pitfalls. @rother hand, the latter, Ap-
proach II, could not reach to maximum accuracies but is ms than other. Both ap-
proaches are dependent on extracted features during aguwesging step, but Approach Il
is more general than Approach |I.

For each approach, classi cation of two data sets has beesidered:
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Fig. 7.25Top lllustration of theApproach Iprocedure for classi cationBottom lllustra-
tion of the Approach Il procedure for classi cation. Dot lines represent the optation
process of classi cation framework.
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» Projections onto principal directions of average volurig(x;y; z)i deduced from
"raw" data and collected in dn SmatrixZ,y.

either from a 2DBEEMD or a GiT-BEEMD decomposition of avesaglumesV (x;y; 2)i
and collected inah SmatrixZym.

Also, in this section two experiments are discussed:

— Experiment 1 The VIMFs resulted from a canonical BEEMD are used withaut e
ploying any lItering to take artifacts away.

— Experiment 2Gaussian ltering is applied to the VIMFs before the featgeneration
stage in order to deal with artifacts accompany with exé@obhodes from a canonical
BEEMD decomposition.
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Fig. 7.26 Normalized eigenvalue spectrum and related catmalvariance for vol-
ume modé/IMF 3 after decomposition with PCA.

These projections are call@dthogonal projectionsnd are used as features for classi-
cation. The scree plot, see Fidl.26 illustrates the normalized eigenvalue spectrum and
related cumulative sum of variances for the most discritineavolume mode/ IMF3. It
can be seen that the eigenvalue spectrum levels off aftgrlorl 10 eigenvalues which
in total already explains roughly 80% of the data variancée €igenvolumes, i. e. the
columns of matriXJ , represent uncorrelated partial activity distributionghe brain. Fig.
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Fig. 7.27Top: lllustration of the rst eigenvolume of the raw data and VIBBbtained by
PCA, respectivelyMiddle: shows the corresponding extracted by I@®ttom lllustration
of the rst non-negative factor (coef cients) of raw and VI8 obtained by NMF.
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7.27illustrates the eigenvolume related with the second largigenvalue for both the raw
data and VIMF3, respectively. Both underline the relevasfdbe occipital area for contour
integration. However, the activity distribution provideg VIMF3 is much more focused
than in case of the raw data.

Given all orthogonal projectiong discussed above, a rotation matik is estimated.
The resultingndependent projectionafter re-ordering, are collected

e inanL SmatrixS,y in case of the projected "raw" data, or

e inanL SmatrixSym, in case of the projected volume modes.
Also, the basis vectors extracted by NMF are considered:

e inanL SmatrixHgy in case of metagenes represented "raw" data, or

e inanL SmatrixHymin case of the metagenes represented volume modes.

Either orthogonal{ av,Zvm) and independengy,Sym) projections or non-negative basis
vectors Hayv,Hvm) thus obtained have been input to either an RF or an SVM-SMExsckr.
Later on, the other types of SVM algorithm is employed. AR d@rained by adding one
feature at a time following a LOOCYV strategy. Both RF and S@MO with a sigmoidal
kernel are considered as stochastic algorithms, becaegeential Minimization Optimiza-
tion(SMO) breaks the problem into sub-problems and the initi@igit of the sigmoidal
kernel is random and RF uses a bagging technique intern@ltythe contrary, the alter-
native SVM methods, SVM-QP and SVM-LS, are deterministgoathms. SVM-SMO
training can be performed ef ciently by applying a SMO teajue which breaks the large
guadratic programming (QP) problem into a sequence of em@P sub-problems which
can be solved analyticallylBg. For both stochastic classi ers, training and testing was
repeated 10 times, later on only once for the deterministisst ers, while permuting the
whole data set randomly, and an LOOCYV strategy was invokeabtain reliable results.
Several metrics were used to measure the performance ofass ers, namely accuracy
(acc), sensitivity (sens), speci city (spec) and the ReeeDperating Characteristic (ROC)
curve. This procedure is applied using both approadhesroach landApproach Il

7.4.1.1 Raw data

Approach | : rst "raw" features, i. e. the projections,, of average volumes, resulting
from "raw" data, onto their principal directions have beed fo an SVM-SMO classi er
yielding an average accuraaegc= 0:75 0:03, an average speci citgpec= 0:72 0:03
and an average sensitivibgns= 0:77 0:05 (see rst column of Fig7.28. These gures
have been obtained by varying the number of principal coraptsi and choosing the
optimal number of PCd(= 10) according to the highest accuracy achieved.

Next, the same "raw" features have been fed to an RF clasgilting in an average
accuracyacc= 0:66 0:04, an average speci citgpec= 0:66 0:07 and an average sensi-
tivity sens= 0:65 0:07. These results have been obtained with the total numideatfres
(L = 38) according to the highest accuracy obtained.
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The orthogonal projections of the raw data onto the PCs lsawee statistical depen-
dencies, hence ICA was applied to remove the latter. Thétiegindependent projections
Sav Were again fed into the SVM-SMO classi er resulting in théldaving statistical mea-
sures: an average accuraayc= 0:64 0:02, an average speci citgpec= 0:64 0:02
and an average sensitivifgns= 0:64 0:05. Then, the same ICs (features) have been fed
to an RF classi er yielding an average accuramc= 0:66 0:00, an average Sspeci city
spec= 0:68 0:00 and an average sensitivigns= 0:63 0:00.

Besides, NMF is a parts-based technique while PCA and ICAghueal techniques.
This behavior is re ected in the bases obtained by thesenigales. So, the basis vectors,
resulting from NMF, were used as input to an SVM-SMO classaad resulted in an aver-
age accuracpcc= 0:80 0:06, an average speci citgpec= 0:77 0:10 and an average
sensitivitysens= 0:88 0:04. These results have been obtained with the optimal number
of basis vectoH,, (L = 17) according to the highest accuracy achieved. Then, time sa
basis vectors (features) have been fed to an RF classi eltheg in an average accuracy
acc= 0:42 0:01, an average speci citgpec= 0:40 0:02 and an average sensitivity
sens= 0:45 0:02.

Approach Il :the"raw" features, i. e. the projections of the averagaws training data
Zyrain av» have been used to train an SVM-SMO classi er. Afterwartig, test dat& iestay
projected on the eigenvector resulted from training phaBeen the produced projected
data of new, formerly unseen average volumes is tested byraimed classi er. This is
performedM 1 times, based on LOOCYV, and yielded an average accaecy 0:74
0:00, an average speci citypec= 0:75 0:00 and an average sensitivigns= 0:72 0:00.
These results were obtained by varying the number of prahcipmponentt and choosing
the optimal number of PC4d.(= 16) according to the highest accuracy achieved. Next,
the same procedure was applied to an RF classi er and resuitan average accuracy
acc= 0:60 0:00, an average speci citgpec= 0:52 0:03 and an average sensitivity
sens= 0:57 0:00. These results have been obtained with the total numbgratdres
(L = 38) according to the highest accuracy obtained.

The orthogonal projections of the raw training data ontoRks leave some statistical
dependencies, hence ICA was applied to remove the latter.rdsulting independent pro-
jectionsSeestay, fed into the SVM-SMO classi er, resulted in the followintpsistical mea-
sures: an average accuraagc= 0:73 0:03, an average speci citgpec= 0:72 0:.01
and an average sensitivisens= 0:74 0:00 . Then, the same ICs (features) have been
fed to an RF classi er getting an average accuracyg= 0:65 0:00, an average Speci city
spec= 0:67 0:01 and an average sensitivigns= 0:63 0:00.

Also, "raw" features were extracted by applying an NMF anedues input to an SVM-
SMO classi er and resulting in an average accuracyg= 0:73 0:03, an average speci city
spec= 0:74 0:03 and an average sensitivdgns= 0:80 0:03. These results have been
obtained with the optimal number of basis vectBlig;n 5y @ndHtestay (L = 10) according
to the highest accuracy achieved. But, when the same baswsé¢features) have been fed
into an RF classi er, no more than by chance 50 % resulted.
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Note, though, using Approach I, the results provided in cd9¢MF were superior to
those obtained when using PCA and ICA, while the latter agdeesults superior to those
of an NMF application using Approach Il. This means that gelieing the model should
be done in combination with PCA or ICA rather than NMF when fl\Miata is considered.

7.4.1.2 Volume Image Modes

Approach | : obviously projectionZ 5, of "raw" data yield poor classi cation accuracies
only. A canonical BEEMD decomposition of the "raw" data sesulted in six volume

smoothing Iter to remove certain streak artifacts. Aftands, the corresponding orthogonal
(Zvm) or independent,,) projections or the NMF basis vectors (metagenes) of theR4M
(Hvm) were used as appropriate features and have been fed ihter ait SVM or an RF
classi er trained to differentiate between the stimulasfronse conditions CT and NCT.
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Fig. 7.28 Boxplot comparing the accuracy achieved by the S¥dgsi er using
projections of the "raw" data as well as of the volume modd#/fé) resulting
from a canonical BEEMD analysis with subsequent Gaussiaro#mnng.

An exhaustive experimental evaluation of the classi ers baen conducted, having
as input eitheiZyy,, Sym or metagenesl,n. Here the number of featurdswas also a
variable for the SVM classi er, but kept constant ko= 38 in case of the RF classi er.
The results show that an SVM classi er achieves the besopadnce withL = 11 2
input features. In addition, both classi ers exhibit theighest performance with features
extracted from VIMF3. Even the remaining modes, with theegition of VIMF1, also
present better results than the raw data in many cases. efmdie, the quality of the
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classi er behavior was similar using metamodes or orth@jdeatures. The NMF was
tested with different 2 | 18. For more than 18 features, the algorithm converges to
a solution of lower rank thah, which may indicate that the result is not optimal. Then
the classi er were applied to eadtseparately and the best results are reported. Moreover,
the performance of the classi ers is better with orthogdeakures than with independent
features. And the linear ltering, applied to the VIMFs, aleas a positive impact on the
performance. Best results are summarized in Tat8, Tab. 7.4, Tab. 7.5, Tab. 7.6,
Tab. 7.8 and Tab.7.7. Among all modes, the highest accuracy is performed Wikl F 3
except in case of combining random forest classi er with NNte highest accuracy is
done withVIMF4. Also, from results shown in tables, one can see that cantpf@VM
with NMF has achieve the highest classi cation accuracyxp. €l ,withAcc = 0:83 0:06.
With exp. 2, combining SVM with PCA performed slightly bettdan the former with
Acc = 0:82 0:07. Again, although the other combination of classi erhieitSVM or RF
has generated good classi cation accuracies as well, tidystirprising results come from
the combination RF with NMF , the classi cation accuracymatl modes is not better than
by-chance. Thus, such combination should be further inyatsd in future work.

Fig. 7.28illustrates the accuracy achieved with all VIMFs resultirggn an SVM classi-
er and Gaussian ltering (exp. 2). FigZ.29provides a more complete picture. Itillustrates
the dependence of accuracy (acc), speci city (spec) andithaty (sens) on the number of
PCs extracted, hence the dimension of the feature subspduese statistical measures
were achieved using features, i. e. projections, of the Zgtymr1 and thirdZy g3 vol-
ume modes, respectively. WhNEIMF 1 always represents a small scAléMF 3 exhibits
textures which provide the most discriminative featurescmntour vs non-contour stim-
uli. As an additional statistical measure, Fig30presents the relatd@eceiver Operating
Characteristic(ROC) curves for all VIMFs and average volumes resultingnfra data de-
composition involving Gaussian ltering (exp. 2). The reld area-under-curve (AUC)
indicator yieldsAUC = 0:86 andAUC = 0:80 in case oV IMF 3 classi ed with SVM and
RF, respectively. Corresponding measures in cadélbfF4 amount tcAUC = 0:82 and
AUC= 0:78, respectively.

Tab. 7.3 Statistical measures evaluating classi caticults obtained by PCA and SVM clas-
si er either without (exp. 1) or with (exp. 2) applying a liaeGaussian lter to the VIMFs
(Approach I).

SVM
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:72 0:05| 0:69 0:06| 0:75 0:56| 0:66 0:05| 0:62 0:07| 0:70 0:07
VIMF2 | 0:79 0:06| 0:79 0:04|0:78 0:10| 0:75 0:05|0:75 0:04|0:75 0:09
VIMF3 | 0:80 0:05| 0:82 0:07|0:79 0:05| 0:81 0:04|0:84 0:04|0:78 0:05
VIMF4 | 0:79 0:06 | 0:83 0:08| 0:75 0:08| 0:77 0:03|0:75 0:04|0:77 0:05
VIMFE5 | 0:74 0:03| 0:75 0:04| 0:72 0:.07| 0:72 0:11| 0:66 0:10| 0:77 0:14
VRes. | 0:77 0:03| 0:74 0:.07|0:79 0:04| 0:72 0:03|0:71 0:07| 0:73 0:04
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Tab. 7.4 Statistical measures evaluating classi catiGuits obtained with PCA and an RF
classi er either without (exp. 1) or with (exp. 2) applyingliaear Gaussian lter to the
VIMFs (Approach I).

RF
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:48 0:02 | 0:47 0:03| 0:50 0:03| 0:53 0:04| 0:56 0:04| 0:51 0:04
VIMF2 | 0:58 0:02 | 0:63 0:03| 0:53 0:03| 0:51 0:02| 0:48 0:03| 0:53 0:03
VIMF3 | 0:75 0:02| 0:79 0:04|0:71 0:04| 0:78 0:02|0:81 0:04| 0:75 0:04
VIMF4 | 0:71 0:02| 0:71 0:03|0:71 0:03| 0:73 0:02| 0:70 0:03| 0:77 0:03
VIMF5 | 0:61 0:02 | 0:57 0:04| 0:65 0:04| 0:47 0:.01| 0:46 0:02| 0:48 0:02
VRes. | 0:65 0:04| 0:68 0:05| 0:61 0:05| 0:52 0:03| 0:57 0:04| 0:47 0:04

Tab. 7.5 Statistical measures evaluating classi catiguits obtained with ICA and an SVM
classi er either without (exp. 1) or with (exp. 2) applyingliaear Gaussian lter to the
VIMFs (Approach I).

SVM
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:67 0:01| 0:64 0:03| 0:70 0:04| 0:64 0:03| 0:65 0:02| 0:62 0:05
VIMF2 | 0:69 0:04| 0:70 0:07| 0:68 0:03| 0:70 0:03| 0:70 0:05| 0:69 0:04
VIMF3 | 0:76 0:03| 0:78 0:06| 0:74 0:03| 0:73 0:01| 0:68 0:00| 0:77 0:02
VIMF4 | 0:70 0:03 | 0:67 0:04| 0:73 0:08| 0:72 0:04| 0:68 0:04| 0:76 0:04
VIMF5 | 0:70 0:06 | 0:72 0:06 | 0:68 0:10| 0:63 0:02| 0:63 0:04| 0:64 0:04
VRes. | 0:60 0:02 | 0:66 0:04| 0:53 0:02| 0:62 0:05|0:67 0:03| 0:56 0:10

Tab. 7.6 Statistical measures evaluating classi cati®ults obtained with ICA and an RF
classi er either without (exp. 1) or with (exp. 2) applyingliaear Gaussian lter to the
VIMFs (Approach I).

RF
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:39 0:01| 0:41 0:03| 0:37 0:02| 0:44 0:00| 0:52 0:00| 0:36 0:00
VIMF2 | 0:56 0:02 | 0:59 0:.00| 0:54 0:05| 0:42 0:03| 0:44 0:02| 0:50 0:04
VIMF3 | 0:70 0:02| 0:70 0:03| 0:66 003 0:76 0.03| 0:77 0:.04| 0:76 0:03
VIMF4 | 0:61 0:02 | 0:52 0:.02| 0:65 0:02| 0:74 0:02| 0:74 0.04| 0:74 0:.04
VIMF5 | 0:55 0:.04 | 0:56 0:.07| 055 0:03| 0:40 0:00| 0:38 0:.00| 0:42 0:00
VRes. | 0:66 0:01| 0:68 0:00| 0:65 0:02| 0:53 0:00| 0:47 0:00| 0:58 0:00

In face, though some results, in Approach I, looks reas@alis approach is considers
as unstable model in general. Later on, especially undéngation framework, the effect
of over- tting problem wit this approach will be seen clearl
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Tab. 7.7 Statistical measures evaluating classi catisulits obtained with NMF and an SVM
classi er either without (exp. 1) or with (exp. 2) applyingliaear Gaussian lter to the
VIMFs (Approach I).

SVM
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:80 0:07 | 0:84 0:04|0:76 0:10| 0:77 0:10| 0:79 0:08| 0:76 0:14
VIMF2 | 0:80 0:04| 0:80 0:04| 0:80 0:06| 0:78 0:07| 0:81 0:12| 0:75 0:05
VIMF3 | 0:83 0:06 | 0:77 0:10| 0:88 0:04| 0:80 0:03|0:79 0:04| 0:81 0:04
VIMF4 | 0:80 0:04| 0:76 0:06| 0:83 0:04| 0:80 0:04| 0:77 0:04| 0:82 0:07
VIMF5 | 0:77 0:02| 0:81 0:04| 0:73 0:03| 0:83 0:04|0:82 0:06| 0:85 0:04
VRes. | 0:81 0:06| 0:76 0:09| 0:87 0:08| 0:84 0:05| 0:84 0:08| 0:84 0:07

Tab. 7.8 Statistical measures evaluating classi caticuits obtained with NMF and an RF
classi er either without (exp. 1) or with (exp. 2) applyingliaear Gaussian lIter to the
VIMFs (Approach ).

RF
experiment 1 experiment 2
Acc std | Spec std| Sens std Acc std Spec std | Sens std
VIMF1 | 0:36 0:01| 0:36 0:01| 0:35 0:02| 0:42 0:001] | 0:47 0:00| 0:36 0:00
VIMF2 | 0:44 0:.00| 0:42 0:00| 0:47 0:00| 0:47 0:001] | 0:42 0:00| 0:52 0:00
VIMF3 | 0:39 0:.00| 0:42 0:00| 0:37 0:00| 0:53 0:001] | 0:63 0:00| 0:42 0:00
VIMF4 | 0:58 0:00| 0:63 0:00| 0:52 0:00| 0:39 0:001] | 0:36 0:00| 0:42 0:00
VIMF5 | 0:44 0:00| 0:42 0:00| 0:47 0:00| 0:47 0:001] | 0:47 0:00| 0:47 0:00
VRes. | 0052 0:00| 0:52 0:00| 0:52 0:00| 0:47 0:001] | 0:47 0:00| 0:47 0:00

Approach Il : from Tab. 7.9, Tab. 7.12 Tab. 7.10 Tab. 7.13and Tab.7.11, one can
see clearly how the SVM-SMO and RF classi ers yield, for spemodes and in case of
PCA and ICA, slightly better classi cation accuracies wsipproach | than Approach II,
and this holds even more so when NMF-based features wereogeapl Although results
achieved with Approach I look better, those obtained witlpAgach 1l are more robust and
more generally valid than with Approach I. Following one e how the optimization
process will enhance the accuracy of Approach | stronglysblitstay unreliable. As Ap-
proach II, the corresponding orthogor{@,) and independer(S,) projections, or the
non-negative factorH,n) of the VIMFs were used as appropriate features and have been
fed into either an SVM-SMO or an RF classi er trained to diffatiate the stimulus/re-
sponse conditions CT and NCT. An exhaustive experimentluation of the classi ers
has been conducted, having as in(ky) , (Sym) or (Hym). Here the number of features
L was almost similar to a variable considered in Approach Itifier SVM classi er, and
reduced dramatically in case of RF classier only witHy)) , L =1 2 . Note again,
Approach | may produce a high accuracy but it does not gemerptoperly like Approach
[I. Thus the high accuracy achieved on the training samm@sddbe considered over tting.
Hence, again Approach Il is more realistic, robust and Inéia
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Tab. 7.9 Statistical measures evaluating classi catiGults obtained by PCA and an SVM
classi er either without (exp. 1) or with (exp. 2) applyingliaear Gaussian lter to the
VIMFs (Approach II).

SVM
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:71 0:00| 0:68 0:01| 0:74 0:00| 0:76 0:02| 0:78 0:03| 0:73 0:01
VIMF2 | 0:76 0:00 | 0:77 0:03|0:74 0:01| 0:71 0:00| 0:74 0:01| 0:67 0:03
VIMF3 | 0:83 0:02| 0:82 0:04| 0:84 0:00| 0:82 0:00| 0:84 0:01|0:78 0:01
VIMF4 | 0:81 0:03| 0:77 0:04|0:83 0:01| 0:79 0:00| 0:85 0:03| 0:73 0:01
VIMF5 | 0:76 0:00| 0:73 0:03| 0:79 0:01| 0:79 0:00| 0:88 0:03| 0:69 0:01
VRes. | 0:80 0:04|0:81 0:08|0:79 0:00| 0:76 0:00| 0:73 0:03| 0:79 0:00

Tab. 7.10 Statistical measures evaluating classi catesults obtained by ICA and an SVM
classi er either without (exp. 1) or with (exp. 2) applyingliaear Gaussian lter to the
VIMFs (Approach II).

SVM
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:76 0:01| 0:83 0:01| 0:68 0:01| 0:65 0:02| 0:58 0:00| 0:72 0:04
VIMF2 | 0:66 0:02 | 0:57 0:03|0:73 0:01| 0:76 0:00| 0:94 0:01| 0:59 0:01
VIMF3 | 0:74 0:05| 0:73 0:03|0:76 0:08| 0:79 0:00| 0:79 0:00| 0:78 0:01
VIMF4 | 0:69 0:00 | 0:84 0:01| 0:53 0:00| 0:74 0:00| 0:74 0:00| 0:74 0:01
VIMF5 | 0:76 0:02| 0:89 0:.01]0:62 0:.03| 0:81 0:01|0:73 0:03|0:89 0:00
VRes. | 0:69 0:05  0:71 0:06| 0:67 0:04| 0.66 0:02| 0:69 0:03| 0:64 0:.01

Tab. 7.11 Statistical measures evaluating classi catesults obtained with NMF and an
SVM classi er either without (exp. 1) or with (exp. 2) apphg a linear Gaussian lter to the
VIMFs (Approach II).

SVM
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:64 0:01| 0:57 0:02|0:71 0:03| 0:57 0:.00|0:39 0:15|0:76 0:15
VIMF2 | 0:67 0:13| 0:78 0:10| 0:55 0:15| 0:71 0:03| 0:75 0:02| 0:68 0:10
VIMF3 | 0:71 0:10| 0:70 0:07|0:71 0:13| 0:68 0:03| 0:59 0:13| 0:76 0:.05
VIMF4 | 0:68 0:06 | 0:58 0:10| 0:77 0:02| 0:72 0:02| 0:61 0:07| 0:82 0:02
VIMF5 | 0:70 0:07 | 0:68 0:10| 0:71 0:05| 0:81 0:05| 0:80 0:07| 0:81 0:05
VRes. | 0:76 0:03  0:73 0:00| 0:72 0:.07| 0:74 0:00| 0:71 0:05| 0:75 0:07

From the discussion of the two approaches above, stablés&swve clearly been pro-
duced by combining PCA with an SVM classi er. So, hencefofthither optimization are
performed using PCA and SVM, only.
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Tab. 7.12 Statistical measures evaluating classi catesuits obtained by PCA and RF clas-
si er either without (exp. 1) or with (exp. 2) applying a liaeGaussian lter to the VIMFs
(Approach I1).

RF
experiment 1 experiment 2
Acc std | Spec std| Sens std || Acc std | Spec std | Sens std
VIMF1 | 0:45 0:00 | 0:52 0:01| 0:37 0:00| 0:60 0:00| 0:47 0:00| 0:73 0:00
VIMF2 | 0:48 0:00 | 0:47 0:00| 0:42 0:00| 0:45 0:00| 0:58 0:00| 0:32 0:00
VIMF3 | 0:52 0:00 | 0:42 0:00| 0:62 0:00| 0:55 0:00| 0:58 0:00| 0:53 0:00
VIMF4 | 0:31 0:00 | 0:36 0:04| 0:26 0:01| 0:57 0:00| 0:57 0:00| 0:57 0:00
VIMF5 | 0:34 0:00| 0:31 0:00| 0:36 0:00| 0:42 0:00| 0:42 0:00| 0:42 0:00
VRes. | 0:42 0:04| 0:42 0:08| 0:42 0:00| 0:44 0:00| 0:47 0:03| 0:42 0:00

Tab. 7.13 Statistical measures evaluating classi catesults obtained by ICA and RF clas-
si er either without (exp. 1) or with (exp. 2) applying a liaeGaussian lter to the VIMFs
(Approach I1).

RF
experiment 1 experiment 2
Acc std | Spec std| Sens std| Acc std | Spec std | Sens std
Raw 0:65 0:.00| 0:67 0:01| 0:63 0:00
VIMF1 | 0:49 0:.00| 0:41 003|058 001 0:50 002|053 0.03| 0:47 001
VIMF2 | 0:52 0:01| 0:47 0:.00| 0:57 0:03| 0:57 0:02| 0:58 0:00| 0:56 0:04
VIMF3 | 0:58 0:01| 0:53 0:01|0:64 0:01| 0:63 0:00| 0:68 0:.00| 0:58 0:00
VIMF4 | 0:39 0.00| 0:42 001|036 0:00| 060 0:01|0:68 0:.01| 052 0:.01
VIMF5 | 0:63 0:.00 | 0:57 0:01|0:68 0:03| 0:44 0:01| 0:25 0:.03| 0:63 0:00
VRes. | 0:65 0:.05|0:73 0:01|0:58 0:.00| 057 0:01| 0:56 0:.03| 057 0:00

7.4.2 Optimization of Classi cation Accuracy

In the previous section principal component analysis waslus reduce the number of
input dimensions to the classi ers. The principal compdsemere ranked in decreasing
order according to the amount of variance accounted forarotiginal data (i. e., based on
the eigenvalues). The nal set of principal components usaed determined empirically
by adding one principal component at a time to the classiteining the classi er, and
then evaluating its performance using LOOCV. Then, the Bptincipal components that
produced the best performance were reported. In case ofi@®nportance of features eval-
uated by thegini index(Gl) as an indication that the order of feature importancesdaot
conform to the order of features according to the amount@¥#riance explained. Hence,
ranking the principal components according to the amountaoifance they account for,
may not re ect how well they discriminate between classelseréfore, another procedure
is also evaluated to determine which of the principal congods have the most discrimi-
nating power. This procedure is a stepwise add-on procdsased on adding the principal
component that improves the performance of the classi &tss ranking of the principal
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Fig. 7.31 lllustration of the normalized amount of totaliaace of explained by PCA, and
the most discriminant principal components ranked by tfasall modesK = 1:::6, re-
spectively.
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components was determined by rst training a classi er drizat 38 principal components,
in case of Approach I, andl 1 in case of Approach II, using a random forest. Another
classi er was then created by taking the ranked features filwe initial classi er by the
Gini index measure, one at a time, and testing using LOOC¥.primcipal component that
performed the best was next used with the remaining feabumesat a time, and now the
pair of features that gave the best performance was usedhvatitemaining features. This
procedure was carried out by incrementally adding prirlaipanponents to the classi er
based on their ability to improve performance. Eventualhg can see clearly the effect of
ordering features in terms of their discriminating powaradidition to the Gini Index, in this
chapter other common strategies are descried, for featlget®on like T-testinformation
gain (IG) andFisher scorg(FS), which were introduced in the chapter about classiarat
These feature selection techniques are independent olaksi er used, except the Gini
index. In this section the effect of feature selection téghes, to help in improving the
accuracy, is shown. Following, the classi cation performoa of other traditional different
types of SVM methods is compared to the SVM-SMO. Finally, ;Y&M-SMO classi er
parameters are tuned using a grid search strategy.

Approach | : Tab. 7.14 shows how the accuracy, achieved with an SVM-SMO classi-
er, has been enhanced notably with all VIMFs, especialljhw/IMF4, which reached an
accuracy ofAcc = 0:94 with all feature selection methods except the Gini indelich
achievedAcc = 0:92 . Similarly, with an RF classi er the accuracy is enhandeamati-
cally with all modes. The best accuracy was almost similéan WiMF3 and VIMF4 in case

of exp. 1, which was equal tAcc = 0:82, and only VIMF4 in case of exp. 2 and, which
equal toAcc = 0:89. On the other hand, the worse accuracy using SVM and Gilei s,
Acc = 0:81, performed with/IMF1 in case of exp. 1 and witiIMF2 in case of exp. 2,
Acc = 0:82. With SVM and Fisher Score, the worse accuracy, in exps figported with
the residuumAcc = 0:76, andVv IMF4 with accuracyAcc = 0:84 in case of exp. 2. With
SVM and Information Gainy IMF1 reports less accuracy among others vitlt. = 0:82

in case of exp. 1 whil® IMF3 with Acc = 0:83 in case of exp. 2. Finally, with SVM and
T-test,VIMF2 achieves the worse accuracy withc = 0:79 in case of exp. 1 andIMF1
with Acc = 0:79 in case of exp. 2. Likewise, for RF with the different feagiselection,
Tab. 7.15shows the the optimal accuracies with bold font and the wacseiracies also
are easily recognizable. In addition to the sigmoidal kerthe other common kernels are
used. Tab.7.16shows the effect of the linear, quadratic, Gaussian andhpofyal kernel,
respectively. One can see that with the linear kernel, tiearacy achieved with all modes
in this approach reached the maximéwc = 1:00. With other kernels, the best accuracy
was achieved with VIMF3 and VIMF4 amountingAec = 0:92 0:04. In exp. 1, one can
see in many cases thdt MF3 andVIMF4 provide the same accuracy, for example with
RF and T-test the accuracy of bothAsc = 0:82. The values between square brackets in
Tab. 7.14 Tab. 7.15and Tab.7.16 as well in other tables throughout this work, show the
number of selected features for an optimal performancetf@dst column indicates the
proper mode.
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In summary, from Tab.7.14 the highest classi cation accuracies, using PCA and fea-
tures selection techniques with either SVM for Approachré; a

* in exp. 1 with FS, the highest accuracy 940 forVIMF4,

* in exp. 1 with IG, the highest accuracy 9@ forVIMF4,

* in exp. 1 with T-test, the highest accuracy i899forVIMF4 as well,

» and in exp. 2 with GlI, the highest accuracy i8®forVIMF3 andVIMF4.

Correspondingly, from Tab/.15 the highest classi cation accuracies, using PCA and fea-
tures selection techniques with either RF for Approachd; ar

* in exp. 1 with Gl and T-test, the highest accuracy:B2forVIMF3 andV IMF4,
* in exp. 1 with T-test, the highest accuracy i8®forVIMF3 andV IMF4,
* inexp. 2 with GI, FS, IG and T-test, the highest accuracy89@orV IMF4.

Tab. 7.14 Statistical measures evaluating classi catiesults obtained by PCA and SVM
classi er either with (exp. 1) or with (exp. 2) applying aéar Gaussian Iter to the VIMFs.
The selection features are employed to order the extraetgdries (Approach I).

SVM

experiment 1 experiment 2

Feature Selection modes Acc std Spec std | Sens std Acc std Spec std | Sens std
VIMF1 | 0:86 0:02[3] | 0:89 0:05|0:84 0:00| 0:88 0:06[17] | 0:88 0:09 | 0:88 0:03
Gl VIMF2 || 0:85 0:05/16] | 0:85 0:06 | 0:85 0:07 || 0:82 0:06[17] | 0:85 0:05| 0:78 0:09
VIMF3 || 0:83 0:06[16] | 0:79 0:06 | 0:83 0:05| 0:89 0:014] | 0:87 0:02| 0:85 0:01
VIMF4 || 0:92 0:00[4] | 0:94 0:00| 0:89 0:00| 0:89 0:012] | 0:89 0:00| 0:86 0:02
VIMF5 || 0:89 0:04[9] | 0:88 0:06| 0:91 0:04| 0:83 0:0818 | 0:78 0:10 | 0:87 0:07
VRes. || 0:81 0:03[13] | 0:79 0:03| 0:83 0:04| 0:86 0:07[25] | 0:87 0:01| 0:86 0:05
VIMF1 || 0:81 0:04[12] | 0:80 0:07 | 0:82 0:04| 0:88 0:016] | 0:88 0:02 | 0:88 0:03
VIMF2 || 0:79 0:02[8] | 0:80 0:02| 0:77 0:06 || 0:88 0:0320] | 0:90 0:05| 0:85 0:02
FS VIMF3 || 0:83 0:06[21] | 0:80 0:06 | 0:85 0:08| 0:86 0:06[21] | 0:87 0:08 | 0:84 0:09
VIMF4 || 0:94 0:016] | 0:95 0:02|0:94 0:02| 0:84 0:001] | 0:89 0:00| 0:79 0:00
VIMF5 || 0:83 0:07[4] | 0:88 0:06 | 0:78 0:09| 0:87 0:036] | 0:87 0:02| 0:87 0:02
VRes. | 0:76 0:00[8] | 0:79 0:00| 0:74 0:00| 0:88 0:038] | 0:87 0:04 | 0:88 0:04
VIMF1 | 0:82 0:034] | 0:88 0:04|0:77 0:04| 0:87 0:035] | 0:85 0:03| 0:90 0:04
VIMF2 || 0:83 0:04[17] | 0:85 0:05| 0:81 0:04 || 0:86 0:0521] | 0:88 0:06 | 0:84 0:09
IG VIMF3 || 0:85 0:03[12] | 0:86 0:04 | 0:85 0:04| 0:83 0:0317]| 0:79 0:09 | 0:86 0:07
VIMF4 || 0:94 0:037] | 0:96 0:03|0:91 0:04 | 0:86 0:0320] | 0:87 0:07 | 0:86 0:06
VIMF5 || 0:85 0:03[16] | 0:85 0:06 | 0:85 0:04| 0:84 0:039] | 0:80 0:01| 0:89 0:05
VRes. || 0:85 0:03[11] | 0:86 0:04 | 0:87 0:04| 0:88 0:046] | 0:87 0:04| 0:88 0:04
VIMF1 | 0:82 0:034] | 0:88 0:04 | 0:77 0:04| 0:79 0:025] | 0:89 0:03| 0:69 0:03
VIMF2 || 0:79 0:00[8] | 0:80 0:02|0:77 0:06| 0:87 0:0320] | 0:90 0:05| 0:85 0:02
T-test VIMF3 || 0:83 0:06[21] | 0:80 0:06 | 0:85 0:08| 0:87 0:06[21] | 0:87 0:08 | 0:84 0:09
VIMF4 || 0:94 0:016] | 0:95 0:02| 0:93 0:02 0:84 0:001] | 0:89 0:00| 0:79 0:00
VIMF5 || 0:87 0:06[9] | 0:85 0:10| 0:91 0:05| 0:80 0:04[17] | 0:80 0:07 | 0:81 0:07
VRes. || 0:83 0:07[8] | 0:81 0:06| 0:87 0:09 | 0:88 0:045] | 0:90 0:04| 0:88 0:07
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Tab. 7.15 Statistical measures evaluating classi catesuits obtained by PCA and RF clas-
si er either with (exp. 1) or with (exp. 2) applying a lineaa@ssian lter to the VIMFs. The
selection features are employed to order the extractedre=a(Approach I).

RF

experiment 1 experiment 2

Feature Selection modes Acc std Spec std | Sens std Acc std Spec std | Sens std
VIMF1 || 0:74 0:02[3] | 0:77 0:02|0:71 0:03| 0:79 0:025] | 0:89 0:03| 0:69 0:03
VIMF2 || 0:69 0:013] | 0:73 0:00| 0:74 0:03| 0:71 0:004] | 0:74 0:00| 0:69 0:01
Gl VIMF3 || 0:82 0:056] | 0:84 0:00|0:79 0:01| 0:84 0:017] | 0:83 0:03| 0:84 0:00
VIMF4 || 0:82 0:0003] | 0:74 0:00| 0:89 0:00| 0:89 0:004] | 0:89 0:00| 0:89 0:00
VIMF5 || 0:76 0:0014] | 0:87 0:06| 0:91 0:04| 0:76 0:017] | 0:79 0:00| 0:73 0:03
VRes. 0:76 0:.0008] | 0:79 0:00| 0:74 0:00| 0:88 0:038] | 0:88 0:04| 0:87 0:03
VIMF1 || 0:81 0:01]5] | 0:83 0:02| 0:79 0:00| 0:76 0:02[3] | 0:79 0:04| 0:74 0:00
VIMF2 || 0:74 0:047] | 0:74 0:00| 0:75 0:02| 0:72 0:037] | 0:70 0:02| 0:74 0:00
FS VIMF3 || 0:81 0:01[18] | 0:84 0:02| 0:79 0:02| 0:84 0:0209] | 0:85 0:04| 0:84 0:00
VIMF4 || 0:81 0:0003] | 0:79 0:00| 0:84 0:01| 0:89 0:0010] | 0:89 0:00| 0:89 0:00
VIMF5 || 0:80 0:017] | 0:68 0:05|0:91 0:00| 0:76 0:02[6] | 0:78 0:02| 0:74 0:03
VRes. 0:76 0:.0008] | 0:79 0:00| 0:74 0:00| 0:85 0:028] | 0:79 0:03| 0:91 0:03
VIMF1 || 0:80 0:013] | 0:84 0:00| 0:75 0:02| 0:88 0:016] | 0:88 0:01| 0:788 0:03
VIMF2 || 0:74 0:047] | 0:74 0:00| 0:75 0:02| 0:72 0:017] | 0:70 0:02| 0:74 0:00
IG VIMF3 || 0:80 0:01[20] | 0:83 0:02| 0:79 0:02| 0:84 0:019] | 0:84 0:04| 0:84 0:00
VIMF4 || 0:82 0:00[3] | 0:79 0:00| 0:84 0:01| 0:89 0:0011] | 0:89 0:00 | 0:89 0:00
VIMF5 || 0:78 0:01]11] | 0:72 0:02| 0:85 0:02| 0:76 0:027] | 0:75 0:03| 0:77 0:03
VRes. || 0:73 0:02[5] | 0:75 0:03|0:72 0:03| 0:85 0:0208] | 0:79 0:03| 0:91 0:02
VIMF1 || 0:79 0:013] | 0:84 0:00| 0:75 0:.02| 0:76 0:023] | 0:79 0:04| 0:74 0:00
VIMF2 || 0:74 0:047] | 0:74 0:00| 0:75 0:02| 0:72 0:017] | 0:70 0:02| 0:74 0:00
T-test VIMF3 || 0:82 0:02[17] | 0:83 0:02| 0:80 0:02| 0:84 0:01[10] | 0:84 0:02| 0:84 0:00
VIMF4 || 0:82 0:003] | 0:79 0:00| 0:84 0:01| 0:89 0:004] | 0:89 0:00  0:89 0:00
VIMF5 || 0:82 0:01]11] | 0:75 0:02| 0:88 0:02| 0:75 0:038] | 0:77 0:06 | 0:74 0:00
VRes. || 0:78 0:02[8] | 0:79 0:00| 0:77 0:04| 0:83 0:016] | 0:79 0:01| 0:87 0:02

Consequently, in Approach I, so to speak, one can get eveimmbaccuracy. But, in
this way, almost over tting cannot be avoided while the @a&ta has been already involved
during the training phase. Thus, again, this approach coatdoe generalized. So, in
the rest of this discussion, only Approach Il is further istigated while this approach
can provide realistic, robust and generalizable resuks ¢liough the accuracy could not
reach the maximum. This is very true because the test datet isomsidered during the
training phase at all. Thus, the new dataset is considedliglby the generated model during
training phase. Note, even the optimal parameters of otsisdor optimization purposes
are selected apart from the test data. Note, only modes @eddoy a canonical BEEMD
are used for justi cation the drawbacks of Approach I. Henflog comparison purposes,
the second approach (Approach Il ), is employed. Note furtbely the model which
generated the highest accuracy in both experiments, expd &x. 2, will be employed for
evaluating the modes extracted by the newly proposed m&hBBEEMD. Also, the latter
is inherently free from boundary effects, and thus it doesrequire additional boundary
processing. Conversely, envelope estimation in the caabBEMD method, employing
surface interpolation, is highly dependent on the maxinmaiarma maps, and the envelopes
are not guaranteed to follow the image, and the mode mixiaglpm cannot be completely
averted. Hence, also, ICA combining with the canonical BEEM introduced. Then, the
conclusion of this direct comparison is drawn later on.
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Tab. 7.16 Comparison Statistical measures evaluatingictason results obtained by PCA
and SVM classi er either without (exp. 1) or with (exp. 2) dpipg a linear Gaussian lIter
to the VIMFs using different kernels and IG feature selattidhe selection features are
employed to order the extracted features according thgiortance (Approach I)

SVM-SMO
experiment 1 experiment 2

Kernel type| modes Acc Spec| Sens Acc Spec| Sens
VIMF1 1:00{11;13;14;30Q] 1:00 | 1:00 || 1:00[20 22,24 27;32;33]| 1:00 | 1:00

VIMF2 | 1:0011 15;20,23 25 | 1:00 | 1:00 || 1:00(7 8;10 26,31 35 | 1:00 | 1:00

Linear VIMF3 1:007 9,12 16;34] | 1.00 | 1.00 1:00[6; 8; 9] 1:00 | 1:00
VIMF4 1:.00[7;10 11;13;35] 1:00 | 1:00 1:005 8;10;36] 1:00 | 1:00

VIMF5 1:00{14;31;32] 1:00 | 1:00 1:00[14 15;26;33 1:00 | 1:00

VRes. 1:00[24; 27; 28 1:00 | 1:.00 1:0014 31 1:00 | 1:.00

VIMF1 0:86[7] 0:89 | 0:84 0:84[3] 0:84 | 0:84

VIMF2 0:791Y 0:79 | 0:79 0:81[7] 0:84 | 0:79

Quadratic | VIMF3 0:90[9] 0:89 | 0:89 0:843;12 0:84 | 0:84
VIMF4 0:92[5] 0:94 | 0:89 0:84[3] 0:89 | 0:79

VIMF5 0:895] 0:89 | 0:89 0:76[3] 0:74 | 0:79

VRes. 0:8910] 0:89 | 0:89 0:87[7] 0:84 | 0:89

VIMF1 0:86[4; 5] 0:89 | 0:84 0:84[3] 0:79 | 0:89

VIMF2 0:82[5] 0:84 | 0:79 0:82[2] 0:84 | 0:79

Gaussian | VIMF3 0:87[4] 0:84 | 0:89 0:82[2] 0:84 | 0:79
VIMF4 0:84[2;4] 0:89 | 0:79 0:893] 0:94 | 0:84

VIMF5 0:81[3;4] 0:84 | 0:79 0:76[5] 0:79 | 0:74

VRes. 0:86[4] 1:00 | 0:79 0:81[5] 0:84 | 0:79

VIMF1 0:92[9] 0:89 | 0:94 0:92[18] 0:94 | 0:89

VIMF2 0:97[12,14; 217] 0:94 | 1:.00 1:00[13;14] 1:00 | 1:00

Polynomial | VIMF3 0:9811] 0:95 | 1:00 0:97[22, 23] 0:94 | 1:00
VIMF4 0:9512] 0:95 | 0:95 0:97112,13] 0:94 | 1:00

VIMF5 0:95[23; 24 0:95 | 0:95 0:97[21] 1:00 | 0:95

VRes. 0:92[10] 0:89 | 0:94 1:00[14; 15;16)] 1:00 | 1:00

Approach Il : First, according to the previous results of SVM-SMO basadeature

selection, there is no signi cant improvement in the accigs when the data is shuf ed
and repeated 10-fold. So, in order to keep computationdl @oslassi cation process
low, henceforth, only one implementation based SVM-SMOasal Hence, the standard
deviation of the accuracies cannot be reported any furtnéne following results. Also,
for other SVM methods, there is no need to shuf e data andaepenulations, because
they represent deterministic algorithms in terms of repodloility same results. Tab7.17
shows how feature selection techniques enhance the atasisin performance using SVM-
SMO classi er, in case of exp. 1 and exp. 2. SVM-SMO exhihisshighest classi cation
performance with VIMF3 and VIMF4. In exp. 1, the same accyratth VIMF4 and
VIMF3, Acc= 0:87, is obtained based on T-test and Fisher score. And witrdtion
gain, the optimal accuracy with VIMF3 icc= 0:87 as well. In exp. 2, a similar accuracy
asin exp. 1is achieved, using T-test, is enhanced a bitrlib#ie exp. 1Acc= 0:89, except
with VIMF3, see Tab7.17.

Tab. 7.18and Tab. 7.19show the performance accuracies which have been achieved.
Tab. 7.18 shows the effect of combing SVM with PCA and features sebeetthe latter
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have been employed to select the most informative featvoes the features generated by
PCA. One can observe the following:

* in exp. 1 with GlI, the highest accuracy i8@ forVIMF3 andV IMF4,

* in exp. 1 with FS and T-test, the highest accuracy.8dorVIMF3 andVIMF4,
* in exp. 1 with IG, the highest accuracy i80 for onlyVIMF3,

* in exp. 2 with Gl and FS, the highest accuracy:80forVIMF4,

* and in exp. 2 with FS, the highest accuracy:870for onlyVIMF4 as well.

Tab. 7.17 Statistical measures evaluating classi catesults obtained by PCA and SVM
classi er either without (exp. 1) or with (exp. 2) applyingliaear Gaussian lter to the
VIMFs. The selection features are employed to order theaetdd features and LOOCV
(Approach 11).

SVM-SMO
experiment 1 experiment 2
Feature Selection modes Acc Spec| Sens Acc Spec| Sens
VIMF1 0:7822] 0:78 | 0:78 || 0:67[5] | 0:84 | 0:47
VIMF2 0:7118] 0:63 | 0:78 || 0:76[19] | 0:68 | 0:84
Gl VIMF3 0:84[30] 0:84 | 0:84 | 0:82028] | 0:84 | 0:79
VIMF4 0:84[6; 7] 0:84 | 0:84 | 0:875] | 0:89| 0:84
VIMF5 0:76[27] 0:79 | 0:74 || 0:6826] | 0:63 | 0:73
VRes. 0:784] 0:74 | 0:84 | 0:731] | 0:58 | 0:89
VIMF1 0:76[12] 0:84 | 0:68 | 0:675 | 0:84 | 0:47
VIMF2 0:7910] 0:79 | 0:79 | 0:76[19] | 0:68 | 0:84
FS VIMF3 0:87[21] 0:79 | 0:94 || 0:82028] | 0:84 | 0:79
VIMF4 0:87120] 0:84 | 0:89| 0:875] | 0:89 | 0:84
VIMF5 0:76[1] 0:74 | 0:79 || 0:6826] | 0:63 | 0:73
VRes. || 0:7912,13,14] | 0:79 | 0:79 || 0:731] | 0:58 | 0:89
VIMF1 0:76[17] 0:79 | 0:73 || 0:7423 | 0:63 | 0:84
VIMF2 0:76[21] 0:68 | 0:84 || 0:76[24] | 0:79 | 0:74
IG VIMF3 0:87[25] 0:89 | 0:84 | 0:873] | 0:84 | 0:89
VIMF4 0:82[14;15] | 0:79 | 0:84 || 0:84[1;2] | 0:84 | 0:84
VIMF5 0:76[1] 0:74 | 0:79 || 0:6820] | 0:63 | 0:73
VRes. 0:81[15] 0:84 | 0:79 || 0:7926] | 0:68 | 0:89
VIMF1 0:7312] 0:84 | 0:63 | 0:7423] | 0:63 | 0:84
VIMF2 0:79(10;20] | 0:79 | 0:79 || 0:76[12] | 0:74 | 0:79
T-test VIMF3 0:87121 0:79 | 0:94 || 0:8929 | 0:89 | 0:89
VIMF4 0:87120] 0:84 | 0:89 | 0:84[1;2] | 0:84 | 0:84
VIMF5 0:76[1] 0:74 | 0:79 || 0:74[7] | 0:68 | 0:79
VRes. || 0:7914;20;24] | 0:79 | 0:79 || 0:78[26] | 0:68 | 0:89
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Tab. 7.18 Statistical measures evaluating classi catesults obtained by PCA and SVM
classi er with (exp. 1). The T-test is employed to rank theérasted features and LOOCV
with different kernels as well as different methods (Apmtod).

SVM

LS SMO QP

Kernel Method| modes Acc Spec| Sens Acc Spec| Sens Acc Spec Sens
VIMF1 0:60[2] | 0:74 | 0:47 0:7312] 0:84 | 0:63
VIMF2 0:66[1] 0:42 | 0:89 | 0:79(10,200 | 0:79 | 0:79
Sigmoid VIMF3 0:74[16] | 0:63 | 0:84 0:87[21] 0:79 | 0:94
VIMF4 0:82[3] 0:79 | 0:84 0:87[20] 0:84 | 0:89 can not | convergence
VIMF5 0:711] 0:57 | 0:84 0:76[1] 0:74 | 0:79
VRes. 0:74[5] 0:79 | 0:68 || 0:7914;20;24] | 0:79 | 0:79
VIMF1 || 0:74[10;,12] | 0:84 | 0:63 0:63[7;8] 0:63 | 0:63 || 0:715] | 0:73 0:68
VIMF2 0:81[2] 0:84 | 0:79 0:792] 0:79 | 0:79 | 0:811] | 0:79 0:84
Linear VIMF3 0:87[1] 0:84 | 0:89 0:87[1] 0:84 | 0:89 || 0:87[1] | 0:84 0:89
VIMF4 || 0:79(1 5] | 0:79 | 0:79 0:87[3] 0:84 | 0:89 || 0:791;2] | 0:79 0:79
VIMF5 0:711] 0:68 | 0:74 0:741] 0:68 | 0:79 || 0:76[1] | 0:68 0:84
VRes. 0:793] 0:68 | 0:89 0:793] 0:68 | 0:89 || 0:81[2] | 0:79 0:84
VIMF1 0:68[5] 0:63 | 0:74 0:60[4] 0:47 | 0:47 || 0:685] | 0:58 0:79
VIMF2 0:81[1] 0:84 | 0:79 0:66[1] 0:53 | 0:79 || 0:711] | 0:63 0:79
Polynomial VIMF3 0:791] 0:74 | 0:84 0:681] 0:47 | 0:89 || 0:681] | 0:53 0:84
VIMF4 0:81[3] 0:84 | 0:79 0:76[2] 0:68 | 0:84 || 0:84[2] | 0:79 0:89
VIMF5 0:65(1] 0:68 | 0:63 0:60[1] 0:47 | 0:73 | 0:66[1] | 0:58 0:74
VRes. 0:81[2] 0:74 | 0:89 0:793] 0:68 | 0:89 || 0:791] | 0:74 0:84
VIMF1 0:63[4] 0:63 | 0:63 0:68[6] 0:63 | 0:74 || 0:634] | 0:63 0:63
VIMF2 0:79(1] 0:79 | 0:79 0:791] 0:74 | 0:84 | 0:791] | 0:79 0:79
Gaussian VIMF3 0:74[5] 0:68 | 0:79 0:74[5] 0:68 | 0:79 || 0:74[5] | 0:68 0:79
VIMF4 0:82[3] 0:84 | 0:79 0:82[2] 0:79 | 0:84 | 0:81[3] | 0:84 0:79
VIMF5 0:7101] 0:68 | 0:74 0:68[1] 0:63 | 0:74 | 0:711] | 0:68 0:74
VRes. 0:81]2] 0:73 | 0:89 0:81[3] 0:74 | 0:89 || 0:81[2] | 0:74 0:89
VIMF1 0:68[5] 0:68 | 0:68 0:60[4; 5] 0:53 | 0:68 | 0:655] | 0:63 0:68
VIMF2 0:76[2] 0:74 | 0:79 0:7101] 0:63 | 0:79 | 0:792] | 0:79 0:79
Quadratic VIMF3 0:792] 0:74 | 0:84 0:792] 0:74 | 0:84 | 0:792] | 0:74 0:84
VIMF4 0:792] 0:79 | 0:79 0:76[3] 0:68 | 0:84 || 0:74[3;4] | 0:74 0:74
VIMF5 0:74[1] 0:68 | 0:79 0:7101] 0:68 | 0:74 | 0:76[1] | 0:74 0:79
VRes. 0:792 0:74 | 0:84 0:76[3] 0:68 | 0:84 || 0:792] | 0:74 0:84

Tab. 7.18and Tab.7.19show the effect of different SVM methods, i. e., LS-SVM and
QP-SVM compared to SVM-SMO among the different kernels fqr.el and exp. 2, re-
spectively. Clearly that SVM-SMO, based on linear and sigialokernel in exp. 1, and
only based on sigmoid kernel in exp. 2, outperform the othdge, that SVM-QP cannot
convergence to any solution with such data in both experipeap. 1 and exp. 2. Also, one
can clearly see that T-test perform better than othersifeatlection techniques. Thus, the
SVM-SMO using a sigmoidal kernel as well a T-test as pre-gsemg step for feature selec-
tion is chosen to improve the performance using a grid sdargbarameters optimization.
Afterwards, the extracted modes by GiT-BEEMD are employadcfassi cation subject
to such optimal parameters, the same classi er and preegsieg technique. Thus, a fair
comparison is introduced based on the classi cation aay&dso.
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Tab. 7.19 Statistical measures evaluating classi catesults obtained by PCA and SVM
classi er with (exp. 2) applying a linear Gaussian lter tog VIMFs. The T-test is employed
to order the extracted features and LOOCV with differenhlkeés and different methods (Ap-
proach II).

SVM

LS SMO QP

Kernel Method| modes Acc Spec| Sens Acc Spec| Sens Acc Spec Sens
VIMF1 0:633] 0:72 | 0:53 0:74[23] 0:63 | 0:84
VIMF2 0:63[1] 0:58 | 0:68 0:76[12] | 0:74 | 0:79
Sigmoid VIMF3 0:76[1] 0:68 | 0:84 || 0:8929 | 0:89 | 0:89
VIMF4 || 0:71[34;35] | 0:74 | 0:68 || 0:84[1;2] | 0:84 | 0:84 can not | convergence
VIMF5 0:63[21] 0:68 | 0:58 0:74[7] 0:68 | 0:79
VRes. 0:76[2] 0:84 | 0:68 0:7826] | 0:68 | 0:89
VIMF1 0:63[4] 0:73 | 0:53 || 0:60/4;9] | 0:68 | 0:53 0:60[3;4] 0:68 0:53
VIMF2 0:791] 0:79 | 0:79 0:791] 0:74 | 0:84 0:79[1] 0:79 0:79
Linear VIMF3 0:84[1] 0:84 | 0:84 || 0:811;3] | 0:79 | 0:84 0:84[1] 0:84 0:84
VIMF4 0:893] 0:89 | 0:89 || 0:84[1;2;6] | 0:84 | 0:84 || 0:84[1;2;5;;6] | 0:84 0:84
VIMF5 0:63[1] 0:63 | 0:63 0:60[1] 0:57 | 0:63 0:63[1] 0:63 0:63
VRes. 0:76[1] 0:63 | 0:89 0:76[3] 0:68 | 0:84 0:742 5] 0:68 0:79
VIMF1 0:66[2] 0:68 | 0:63 0:55[3] 0:63 | 0:47 0:66[3] 0:63 0:68
VIMF2 0:76[1] 0:74 | 0:79 0:681] 0:53 | 0:84 0:76[1] 0:74 0:79
Polynomial VIMF3 0:82[1] 0:74 | 0:89 0:681] 0:53 | 0:84 0:71[1] 0:58 0:84
VIMF4 0:84[3] | 0:84| 0:84| 0:76[1] | 0:68| 0:84 0:76[3] 0:73 0:78
VIMF5 || 0:531;5] | 0:53 | 0:53 0:50[1] 0:32 | 0:68 0:44[5] 0:47 0:47
VRes. 0:76[1] 0:63 | 0:89 0:76[1] 0:63 | 0:89 0:76[1] 0:63 0:89
VIMF1 0:63[3] 0:63 | 0:63 0:683] 0:68 | 0:68 0:63[3] 0:63 0:63
VIMF2 0:791] 0:74 | 0:84 0:76[1] 0:68 | 0:84 0:79[1] 0:74 0:84
Gaussian VIMF3 0:76[1] 0:68 | 0:84 0:76[1] 0:68 | 0:84 0:76[1] 0:68 0:84
VIMF4 0:84[1] 0:84 | 0:84 0:84[1] 0:84 | 0:84 0:841] 0:84 0:84
VIMF5 0:60[2] 0:58 | 0:63 0:581] 0:58 | 0:58 0:61[2] 0:58 0:63
VRes. 0:76[3] 0:74 | 0:79 0:76[2] 0:68 | 0:84 0:76[3] 0:73 0:79
VIMF1 0:73[4] 0:84 | 0:63 0:66[3] 0:74 | 0:58 0:68[4] 0:74 0:63
VIMF2 0:791] 0:74 | 0:84 0:71[1] 0:64 | 0:79 0:791] 0:73 0:84
Quadratic VIMF3 0:791] 0:74 | 0:84 0:76[3] 0:68 | 0:84 0:76[1] 0:68 0:84
VIMF4 0:84[1] 0:84 | 0:84 0:792] 0:76 | 0:84 0:821;2] 0:79 0:84
VIMF5 0:68[1] 0:68 | 0:68 0:55[1] 0:47 | 0:63 0:713] 0:74 0:68
VRes. 0:76[1] 0:63 | 0:89 0:76[4] 0:68 | 0:84 0:76[3] 0:68 0:84

Tuning parameters : Here, to optimize the accuracy, a grid search in paramet&ces
inthe range oC2f2 %2 42 3, :2%2%gandg2f2 ;2 6:2 5 ;2L:22gandr 2

f 1, 09 08 0:01;, 0:001g is employed to identify the best parameters of sig-
moidal kernels. Starting with, these parameters are ahmambined with the T-test feature
selection as described above. Tah21shows the performance which has been achieved
by using the optimal parameters as is described in T&20 Note, the tunning parameters
help to improve the performance of all modes, especiallyh WiMIF3. Even the remaining
modes, with the exception of VIMF4 and VRes in case of exp.Hiclvachieve even worse
than the default parameters. In exp. 2, the tuning parasetgrove the accuracy signif-
icantly with VIMF4 from Acc= 0:84 to 089. The performance in exp. 2 with VIMF3 is
the same as with the default parameters. The performancterf modes, in exp. 2, are
improved, except in case of VIMF5.
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Tab. 7.20 Optimal parameters of sigmoid kernel
are chosen by using grid search strategy.

Parameters experiment 1| experiment 2
cos{(c) 16 0.5
gammég) 8 1
coef(r) -1 -0.5

In summary, the optimal performance was obtained with VIMfF3®xp. 1 with an
accuracyAcc= 0:89, and in exp. 2 an optimal accuracy was achieved by VIMF4 and
VIMFE3 with Acc= :89. As mentioned in the section about texture extractian2BEEMD
could suffer from redundant data among different extractedes. Therefore, in the next
section, a new approach to suppress this kind of problenojsgsed, using a combination
of 2DBEEMD and ICA.

Tab. 7.21 Statistical measures evaluating classi catiesults ob-
tained by PCA and SVM classi er either without (exp. 1) or it
(exp. 2) applying a linear Gaussian lter to the VIMFs. Theiopal
parameters showed in Tab.20and features are used with LOOCV

and T-test feature selection (Approach II).

SVM-SMO
experiment 1 experiment 2
modes Acc Spec| Sens Acc Spec| Sens
VIMF1 | 0:81]7] 0:84 | 0:79 | 0:7931 | 0:79| 0:79
VIMF2 0:82[4] 0:84 | 0:79 || 0:821;24] | 0:79 | 0:84
VIMF3 | 0:892;11] | 0:89 | 0:89 || 0:8929 | 0:89 | 0:84
VIMF4 | 0:84[3] 0:84 | 0:84 0:893] | 0:89 | 0:89
VIMF5 | 0:8429 | 0:89 | 0:79 || 0:71429 | 0:63 | 0:79
VRes. | 0:7926] | 0:74 | 0:84 || 0:80[27] | 0:74 | 0:89

7.4.3 A combined EMD - ICA analysis of simultaneously registred

EEG-fMRI Data

In fact, fMRI dataset of this study was recorded simultarsbpowith EEG dataset. Integra-
tion of both, EEG and fMRI, recordings into one dataset fanbmed data analysis can
be performed either in a symmetrical or an asymmetrical Wéne latter methods include
fMRI - directed EEG analysis and EEG-directed fMRI analy44. Symmetrical data fu-

sion methods mainly resort to different variants of Indegert Component Analysis (ICA).
Simultaneously recording EEG and fMRI signals is a demamntiohnique in terms of data
recording and signal processing. However, their comlonatian reveal both the location
of active brain areas and the temporal order of their actimatA very recent example is
provided by a study of the dynamics of contour integratiothemhuman brain, where EEG
and fMRI data were acquired simultaneously during pasgwielwing Gabor stimuli under
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contour and non-contour conditions. By applying Jointi@Ahe EEG and fMRI responses
of the subjects, the authors gained temporally and spahajhly resolved brain responses
during contour integration which could not be derived fromnoodal recordings. Within
a combined EEG-fMRI study of contour integration, respsngeGabor stimuli with an
Empirical Mode Decomposition combined with an Independ&mnponent Analysis is an-
alyzed. Generally, responses to different stimuli are &myilar thus hard to differentiate.
EMD and ICA are used intermingled and not simply in a seqaéntay. This novel combi-
nation helps to suppress redundant modes resulting fronpalication of ensemble EMD
alone. This sort of combination yields a signal decompasifree of redundant remnants
of other components in any extracted IMF. The newly propesethods works as follows:

1. Decompose the measured signal or imAgeith EEMD and BEEMD resulting in
IMFs or BIMFs which are ordered according to their frequeoagtent.

2. Initializei = 1 andj = 1; wherd; j = 1:::::K andK represents the number of extracted
modes.

3. Choose a pair of IMF$MF; andIMFg, and feed itinto an ICA algorithm. After de-
composing the IMFs with ICA, two independent componé@tsindIC; are obtained,
respectively.

4. If i > j, choose the IC with higher frequency (HF) according to thiliert - Huang
Transform p9]. Otherwise, choose the IC with the lower frequency (LF).
Replacd MF; with the selected IC.

Increasq by one and repeat the steps above yntilK. This results in a new Intrinsic
Mode Component (IMC).

7. Increase by one and repeat steps 3 to 6 unti K.

8. This procedure yields IMCs/BIMCs which neither ful Il éconditions for an IMF or
a BIMF nor an IC.

In order to demonstrate the performance of the proposedadgetime EEG signal and a
slice of the related fMRI image collected during a contotegmation task is selected. Such
signals are illustrated for both stimutipntourandnon-contour(see Fig.7.32. The EEG
signals and related fMRI images, as shown in Fig2 are decomposed by EEMD in case
of EEG signals, and by BEEMD in case of fMRI images. Eight IMife extracted from
the EEG signals (but only three are shown), and six IMFs ateiodd from each fMRI
image. The resulting components are shown in Fi§3 As can be seen from the original
signals, exhibited in Fig.32 no noticeable differences between the recorded sigralls, f
lowing contour and non-contour stimuli, can be detectecerBvom the IMFs and BIMFs,
obtained from an EEMD/BEEMD decomposition (shown in the tow of Fig.7.33 no
characteristic difference can be noticed. A similar resutibtained if, after decomposing
the recorded signals with EEMD/BEEMD, an ICA is applied te tMFs/BIMFs directly
(see Fig.7.33 middle row). This is due to incomplete signal decomposgiby these meth-
ods which leave remnants of one components in others, @cagsime redundancy in the
different components. Such redundancies load a large &iifg onto any diagnosis based
on these methods. In contrast, the IMCs/BIMCs extracted iypooposed method, can
overcome this limitation and yields clearly different cheteristics corresponding to both
stimuli. This can be seen clearly from the bottom row of FgB3 As a cross-check, ICs

o O
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identical to the ones shown in Fig.33, middle row, are obtained if ICA is applied to the
IMCs/BIMCs obtained from our method. This corroborated thainformation loss has
occurred during the analysis.

Fig. 7.32Left: contour and non-contour stimuliMiddle: EEG signals and their corre-
sponding Fourier spectr&ight: stimulus-related fMRI images and their spatial frequency
spectra.

In real applications, stimulus responses would most likelybe identical under differ-
ent conditions. Rather some response asymmetries are txpbeted. Because response
differences are small, they become submerged in the baskdrof the extracted modes.
Hence, such differences cannot be classi ed simply by Vigwspection of the responses.
Even such small differences, which cannot be revealed by flEMD/BEEMD or a se-
quential combination of EEMD with ICA, are demonstrated.eTiason is some partial
mode mixing which appears in noise-assisted ensemble EMDpf@posed method is able
to do so because it helps to suppress remnants of other mudefeiing in any of the ex-
tracted modes. This results in clean modes with no intart&e from other modes and thus
improves the separation quality considerably. The reshitsved that the proposed method
can be applied to ef ciently extract features from biomedlisignals and images. This is
especially important if different response classes neée tifferentiated.

Response classi cation of our proposed method has beenaeal against competing
methods like applying BEEMD to the raw data sets or applyidEBID and ICA sequen-
tially (see Tab.7.22and Tab.7.23. The study comprised 18 subjects where a combined
EEG-fMRI analysis has been performed within a contour irgggn task with contour and
non-contour Gabor stimuli. As classi er, a Support Vectoadhine (SVM) using the Leave
One Out Cross Validation (LOOCV) technique has been empleyleich use®-1 of the to-
tal n samples to train the classi er and test it with the one sartgdte Dimension reduction
has been achieved by projecting the extracted modes omtoifpai components and using
the projections as input to the classi er. A Student t-tesiswused to select informative
features and the parameters of the classi er were optintigadsing a grid search approach.
The values between square brackets in TaB3and Tab.7.22show the number of selected
features for an optimal performance and the rst columnaatis the mode.

Finally, for more details about the analysis of EEG datagdetkwrecorded jointly with
fMRI in this study, see]] .
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Fig. 7.33 fMRI activity distributions and EEG recordingsrasponse to contour (column 1
and column 3, red line) and non-contour (column 2 and colupgréen line) stimuli.Top:
BIMFs and related IMFs extracted with BEEMD and EEMD from fM&hd EEG record-
ings. Middle: ICs resulting from an ICA applied to BIMFs and related IMFsahed from
original data sets directlyBottom: BIMCs and related IMCs extracted with our proposed
method. For fMRI images, modes are sorted from left to rigitt tom top to bottom ac-
cording to their spatial frequency content. For EEG timéesethe three interesting modes
are shown together with their corresponding Fourier spectr

Tab. 7.22 Comparison of statistical measures (AccuracgciSjity and Sensitivity) ob-
tained with different techniques evaluating correspogdiiassi cation results for EEG.

EEMD EEMD-ICA IMC (Proposed Method

Acc Spec| Sens|| Acc Spec| Sens|| Acc Spec| Sens

0:6123] | 0:67 | 0:56 || O0:75[1] | 0:72 | 0:78 | 0:727] | 0:83 | 0:61
0:69(18] | 0:67 | 0:72 || 0:67[20] | 0:61 | O:72 || O:727] | 0:72  0:72
0:61]3] | 0:83 | 0:39 || 0:6916] | 0:67 | 0:72 || 0:89[16] | 0:83 | 0:94
0:56[3] | 0:56 | 0:56 || 0:585] | 0:67 | 0:50 | 0:64[3] | 0:77 | 0:50
0:67116] | 0:72 | 0:61 || 0:75917] | 0:78 | 0:72 || 0:798] | 0:83  0:67
0:72[21] | 0:67 | 0:78 || 0:72[3] | 0:78 | 0:67 || 0:79[20] | 0:78 | 0:74
0:67[1] | 0:77 | 0:55 || 0:74[1] | 0:61 | 0:50 || 0:75[14] | 0:72 | 0:78
0:693] | 0:61 | 0:78 || 0:64[16] | 0:56 | 0:72 | 0:64[7] | 0:67 | 0:61

O~NOOTPA,WDN PR
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Tab. 7.23 Comparison of statistical measures (AccuracgciSjity and Sensitivity) ob-
tained with different techniques evaluating correspogdilassi cation results for fMRI.

BEEMD BEEMD-ICA BIMC (Proposed Method
] Acc Spec| Sens Acc Spec| Sens|| Acc Spec| Sens
1 0:81]7] | 0:84 | 0:79 | 0:84[34] | 0:80 | 0:89 || 0:9235] | 0:89 | 0:94
2 0:82[4] 0:84 | 0:79 || 0:681;30] | 0:68 | 0:68 || 0:63[1] | 0:58 | 0:68
3 10:892;11] | 0:89 | 0:89 || 0:7923 | 0:79 | 0:79 || 0:7132] | 0:78 | 0:63
4 0:84[3] 0:84 | 0:84 || 0:6322 | 0:68| 0:57 || 0:84[3] | 0:84 | 0:84
5| 0:8429 | 0:89| 0:79 | 0:66[18 | 0:63 | 0:68 | 0:74[29] | 0:74 | 0:74
6 | 0:7926] | 0:74 | 0:84 || 0:76[29] | 0:84 | 0:69 || 0:7121] | 0:68 | 0:74

7.4.4 Classi cation fMRI modes extracted by GiT-BEEMD

While the ultimate goal is to build a model with an optimal foemance, the extracted
textures by GIT-BEEMD, also, are used for classi cation gmse, based on the optimal
parameters previously used with a canonical BEEMD. HeneeS¥iM-SMO classi er is
used based on the T-test feature selection and the samagyrarameters used with the ex-
tracted textures by a canonical BEEMD. T@20and Tab.7.24show accuracies achieved
based on the extracted modes by GiT-BEEMD.

Tab. 7.24 Statistical measures evaluating classi catasuilts ob-
tained by PCA and SVM-SMO classi er to the VIMFs extracted
by the newly proposed GiT-BEEMD. The optimal parameters
showed in Tab.7.20and features are used with LOOCV and
T-test feature selection (Approach II).

SVM-SMO
deafult parameters
Acc Spec| Sens

tuning parameters
Acc Spec| Sens

modes
VIMF1

0:89 | 0:94

VIMF2
VIMF3
VIMF4
VIMF5
VRes.

0:92[16]
0:87[13
0:82[16]
0:7930]
0:63[18]
0:68[19

0:84
0:84
0:79
0:68
0:68

0:89
0:79
0:79
0:57
0:68

0:92[23]
0:92[13]
0:84[21]
0:79[11]
0:68[18]
0:71]5]

0:89
0:89
0:89
0:74
0:68

0:63

0:94
0:94
0:79
0:84
0:68
0:78

The highest accuracy was reported with VIM&Gc= 0:92, as already explained in com-
bining a canonical BEEMD with ICA. This result, accordingApproach Il, supports the
assumption that GiT-BEEMD can perform better than the cemabBEEMD. In addition,
the same result, with VIMC1 extracted by combining BEEMDMWCA and VIMF1 ex-
tracted by GiT-BEEMD, proves that modes extracted by GiEBID are free of redundant
information among different modes. Note, no further smowhter, with GiT-BEEMD is
used as with BEEMD. Note further, to keep overall computatidoad low, in this study, the
optimal parameters is tested only with VIMF3 extracted byaanical BEEMD and gener-
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alize for others modes extracted by both the canonical BEEM® GiT-BEEMD. Hence,
further investigations of a possible future work for optlparameters of each mode, indi-
vidually, would improve the accuracy.

7.5 Relation to other works

In general, classi cation analysis tests hypotheses ims$evf separating pairs (or more) of
conditions. Note that the hypothesis is that a differentgoatof activity occurs in the voxels
making up a region, not that the activation level is différefhis enables us to stay away
from interpreting BOLD patterns in terms of activated vaxal term which means that these
neurons are active more than others, which may or may notioeatd39]. The type of hy-
pothesis and associated test is especially useful if thditons under investigation recruit
different neural networks. A visual detection task is uséere spatially distributed Gabor
patterns had to be grouped into continuous contours acgptditheir relative orientation
and position 44]. Because the contours extend the receptive eld size oforeuin lower
(occipital) visual processing regions, an integratioroasrspace, administered through pari-
etal and frontal brain activity, is necessary for contotsegnation and detectioriB2. The
fact that partly different brain regions are involved intmtour and non-contour processing
makes the task suitable for a whole-brain classi cationgsisa.

Previous neuroimaging results on contour integration ssgat both early retinotopic
areas as well as higher visual brain sites contribute toozorgrocessing. In a set of MRI
adaptation studies Kourtzi and colleagues found that esatoompared to non-contour
patterns evoked increased BOLD responses all along eaitieal aread/1 toV4, as well
as in lateral occipital and posterior fusiform areas withiainferior temporal lobe3, 4, 72,
73]. Other authors combined magneto- or electroencephaglbgraecordings (MEG/EEG)
with source reconstruction methods to investigate the teaiplynamics and the neural
sources of contour processing. They uniformly found théi¢cences between contour and
non-contour stimuli do not occur before 160 ms after stimwnoset, within the N1 to P2
time range of the event-related potentials or elds (ERAHER he neural sources of the
P1/ N1 differences were located within middle occipite2®, 149 and occipito-temporal
areas 141], as well as in primary visual corted 2 141]. These results generally comply
with the view that different visual areas contribute to camtperception. Additionally, due
to the relatively late onset of ERP/ERF differences in primasual areas, they suggest that
the increased BOLD and ERP responses in early visual cotgrglcontour processing
are mainly driven by feedback from higher visual sites.

Importantly, however, it is also true that neural resporieeontour stimuli are highly
variable across tasks. For example, the N1 ERP differencerstater for misaligned com-
pared to readily detectable contou®@§], and differences between contour and non-contour
stimuli can even be absent in untrained observ@4 [In order to explain the variability
of brain responses, there is need to consider that contoeinscawell-de ned targets for
detection. Numerous instances of contours can occur dthisngxperiment so that frequent
updates of the target representation and the associatedrasiecessary for a successful
contour detection. The updating and maintenance of tdakectinformation, e. g. of task-
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related memorieslf3q or the task representation itself44], are commonly considered
frontal brain functions. In this study and for the rst timleat frontal brain activity alone,
captured in VIMF2 and VIMF1, performs reasonably as a clas$br contour and non-
contour trials. The results thus underline the importarideootal brain activity in contour
integration and may mark a starting point for further inigestions on that topic.






Chapter 8

Conclusion

The investigation presented discusses the applicatiow@idimensional ensemble empir-
ical mode decomposition (2DEEMD) to an fMRI study of a comtouegration task. Be-
cause of the enormous computational load involved, dasseseraged over many trials and
sessions is discussed. A systematic optimization of thampaters inherent to the method
lead to a decomposition of whole brain scans into so-cal@dme modes, the equivalent
of intrinsic mode functions in plain EMD, which exhibitedaracteristic textures on various
spatial scales. Related activity distributions showeadrgjrspatial localization and different
modes exhibited activation in clearly separated areasebthin. Though in agreement
with results of a canonical analysis with a GLM approachr{gssPM 8), the canonical
BEEMD results show better localization, and activationpesgy more sparse and highly
focused. Hence, the superior precision in spatial locadineof activity blobs highlights
the potential of 2DEEMD when analyzing functional imagiregalsets. The evaluation of
the classi cation performance based ¥hMFs, most notablyw IMF3 andV IMF4, also re-
vealed a superior classi cation accuracy compared to "r@daa. Moreover, comparing two
classi ers based on different principles, namely an RF am&¥M, the latter signi cantly
outperforms an RF in terms of accuracy and ROC/AUC chariatites.

Unfortunately, in most of the existing implementations &BMD, the sifting process
affords the frequent estimation of upper and lower envetyséaces interpolating extremal
data points. The computation of these envelope surfacessets a bottleneck in existing
BEEMD variants because of its high computational load - imagutation time grows expo-
nentially with the data dimension - and the accompanyinfpats, like boundary artifacts
and undue oscillations in high local gradient areas, whitdnacorrupt the extracted modes.

Hence, a new variant of BEMD is presented which is called @sdenction in tension
empirical mode decomposition (GiT-BEMD). It is faster thitwe canonical BEEMD by a
factor 100, roughly. In addition, including an optional $eon parameter during Green's
function-based spline interpolation renders the procasshnmore stable than if gridding
without tension is used. As it is still an open problem how $treate an optimal tension
parameter for any given surface interpolation problem,raestng of this parameter for a
visual recognition of the induced differences in the resgIBIMFs is provided. But, given
our experience, a small value for the tension parameterdagy recommended, in case of
extracting a low-frequency mode. To the contrary, a lardaevéor the tension parameter
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should be chosen in case of extracting a high-frequency médethermore, it has been
proven that GiT-BEMD does not need more than a few iteratiomsghlyNs 5, during
the sifting process to extract proper BIMFs. Also it is destosted that an ensemble of size
E = 2 suf ces whereby the assisting noise is added and subttdafore averaging. Thus,
any ensemble technique, encompassing large ensemblesavitomitant exponentially
growing computation time, can be avoided largely. This &@gntributes to a substantial
improvement of the algorithm in terms of computational lo8e@sides reducing the latter,
GIT-BEMD achieves a higher quality of the estimated BIMFsas be seen from a direct
comparison of the results obtained with BEEMD and GiT-BEMWoreover, extending
GIiT-BEMD to ensemble GiT-BEMD (GiT-BEEMD) is very simpldyaugh hardly ever nec-
essary. By applying GiT-BEMD to natural and synthetic in@dghe new method provided
a much better quality of the extracted BIMFs compared to oaab BEEMD. GiT-BEMD

is also applied to images from an fMRI study of a contour iréign task. The GIT-BEMD
results show better localization, and activations appparser and highly focused. Conse-
guently, the superior precision in spatial localizatioactivity blobs highlights the potential
of GIT-BEMD when analyzing functional imaging data setse Bvaluation of the classi ca-
tion performance based &N MFs, most notablyv IMF1 andV IMF2, revealed a superior
classi cation accuracy compared to "raw" data, too.

Altogether, there is a strong belief that GiIT-BEMD offersighty competitive alterna-
tive to existing BEMD algorithms and represents a promisaaipnique for blindly decom-
posing images and extracting textures thereof which maysbd tor further analysis.

Also a new approach is presented which combines ICA and ¢ealdBEEMD to ana-
lyze a simultaneous fMRI-EEG recording. It is noted thas tipproach can suppress the
redundant information inherited by later modes from eadrees. Simulation results corrob-
orate this effect. There an evaluation of madeMF 1 results in the highest classi cation
accuracy while this was achieved with modEMF 3 in case of a canonical BEMD analysis.
A similar result was obtained when the simultaneously r@edEEG time series have been
analyzed where ICA/canonical EEMD achieved highest cleason accuracy with mode
IMF 3 instead of MF 6 in case of canonical EEMD. The results of a combined ICAdcan
cal BEEMD analysis could be obtained similarly by employiihg new GiT-BEMD without
a need for an ICA preprocessing.

For classi cation, two different approaches were discdss&pproach | and Approach
II. The latter is very robust and more general, because gtadtaset in this approach is
dealt with completely blindly, while with Approach | someiqr knowledge is available.
Thus, though Approach | can achieve better performancs, fibt robust and cannot be
generalized.

With respect to the perceptual task, there is a consenstisdhtour integration relies
on distributed activity within higher as well as lower visbeain areas (e. g.3] 73]). How-
ever, a systematic investigation on whole-brain pattefrectvity that might discriminate
between contour and non-contour conditions has not beatucted yet. Our data, using a

rst level analysis, show for the rst time that

« if analyzed with canonical BEEMD, distributed activity

— in bilateral inferior temporal brain areas (see mvd#&IF 3) and



130

— in superior occipital areas (s®¥¢MF4 andV IMF3) and
— in pre-frontal cortex (se€¢IMF2)

« orif analyzed with GIT-BEMD, distributed activity

— in the bilateral superior medial gyrus (Sé&VF2) and
— in superior occipital areas (s8#¢MF4 andV IMF3) and
— in left occipital, temporal medial and frontal areas (8¢&1F1)

is maximally predictive for the stimulus condition. Consmithg a second level analysis,
the extracted modes exhibited signi cant activity for betmulus conditions, while SPM2
showed signi cant activity only with the CT stimulus conidih and did not show any sig-
ni cant response in case of an NCT stimulus condition. Hogrethe activity distribution
is more pronounced with a CT stimulus condition.

The result adds up to those of previous fMRI stud@&s7f3] and underlines the impor-
tance of higher brain areas for the perceptual integratiolocal stimulus details into a
global form [72].

Generally, results clearly demonstrate the potentialulse$s of a BEEMD analysis
of functional imaging data. A subsequent classi cationdzhen features generated from
the intrinsic modes\(IMFs), extracted by BEEMD and the newly proposed GiT-BEMD,
respectively, relies on two feature characteristics: lyidgbcalized activity distributions in
fMRI componentimage3{IMFs) compared to a GLM/SPM analysis, and a higher discrim-
inating power compared to a classi cation of "raw" data sets

Finally, and linking to what Kurt Koffka said “The whole @herthan the sum of the
parts”; | would say that “The components (modes) of an imameédcprovidefurther infor-
mation than the whole original image.”
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Appendix

The extracted VIMF1 by GiT-BEEMD shows the activity regiongrontal and in top head
as shown on VIMF2 and VIMF4, respectively, produced by BEENPactically, and ac-
cording to the nature of the two methods, that is expectedraady mentioned in the
method section. However, in both, across all 19 subjecigigcis consistently localized
in the area of the temporal, frontal and occipital gyrusutifoto a varying extent. For
visualization purposes, the MRIcro analyze viewk3]] has been used.
For example, FigA.2 illustrate difference®VIMF2, DVIMF5 andDV Res, produced

by GIiT-BEEMD as averages over all subjects to highlight silyuobtained activation loci.
The differences clearly show highly focused and spatiaibalized activities.

* DVIMF2 shows activity in left and right medial gyrus in additionlédt parietal lob-
ule.

* DVIMF5 shows activity in a different area distributed betweergulate cortex, as
DVIMF4 but in left posterior area, temporal and occipital gyrissDdIMF1 but in
left temporal instead of right and left superior insteadedt middle, and olfactory
cortex.

 Finally, DV Res, instead, shows activity mainly in the right middle tempawrus,
but activity is shown more clearly in an unknown area map etiog to probabilistic
cytoarchitectonic magBCM), with 52% probability that area is located in the prit
cortex.

Note further that MNI coordinates, in TaB.3 and TabA.4, represent the maximum of
each cluster blob shown in the extracted modes and ordepeddacg to the size of these
clusters.

With canonical BEMD the activity distribution accordingtioe extracted modes as the
following:

* VIMF1 shows activity in the frontal gyrus but at differentNMl coordinates. And,
though VIMF1 exhibits pronounced activity in the left hephiere, the activity is
shown in posterior-medial frontal and parietal lobule foF, @vhile the activity is
exhibited in post-central gyrus for NCT. Additionally, VIR shows activity in an
unknown area according to PCM for both conditions.
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VIMF2 shows its largest activation in the parietal lobutedahe occipital gyrus for
CT and a similar activity for CT and NCT is shown in the frorggius. In addition,
VIMF2 shows a signi cant activity in unknown area accorditmgPCM map for both
conditions.

VIMF3 exhibits the largest activity among modes espegitdl CT condition. This
activity focused on the frontal, the occipital, the posttegal gyrus and the parietal
lobule in the left and right hemisphere for CT and only atiwvith a 60% probability,
on the putamen area in the right hemisphere for NCT and onawkrarea for the
other activity .

VIMF4 demonstrates the activation on the right hemispfar€T in occipital, frontal
and medial gyrus and for NCT some activity is shown in an unkawea according
to PCM map.

VIMF5 exhibits different active areas for CT and NCT. For @iE activity is shown
obviously in linual and posterior-medial frontal gyrus Iretleft hemisphere and pre-
centeral gyrus of the right hemisphere, while the actistgxclusively focused on the
left thalamus if some unknown area is ignored, which is atéigl in both conditions.

Finally, VRes. shows largest activity out of the probakithap of the brain, and some
activity on the left cerebelum.

In contrast, the signi cant activity distribution diffenees of the modes extracted by
GIT-BEEMD.

VIMF1 exhibits activity mainly on left hemisphere in ocdgl and frontal gyrus for
CT and on the right superior frontal gyrus and unknown arep foaNCT.

VIMF2 shows activities on different areas for CT which indé the right hemisphere
the precuneus, post-centeral gyrus and in the left hemispphe temporal, medial and
orbital gyrus in addition to the parietal lobule.

VIMFE3 shows activity distribution clearly in middle of fraal, temporal and occipital.
VIMF4 illustrate that activities are focused almost omital area.

The residual mode shows activity for the CT condition whiHistributed mainly in
frontal, temporal, occipital, post-centeral areas mudn 88MF3, VIMF4 and VRes.
VIMF5 shows also a bit acitvity in right rectal gyrus and leftbital gyrus. Also,
VRes. shows additional activity in left fusiform gyrus anglht precuneus.
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Fig. A.1 lllustration of four VIMFs YV IMF1;VIMF2;VIMF5 andResidumresulting from
an BEEMD decomposition of a whole brain volume. The diffeeemnefers to the VIMFs
for the two conditions CT and NCT, respectively. Each défere VIMF is normalized

separately to enhance visibility.

Fig. A.2 lllustration of three VIMFsY IMF 2;VIMF54 andResidunmresulting from an GiT-
BEEMD decomposition of a whole brain volume. The differerefers to the VIMFs for the
two conditions CT and NCT, respectively. Each differenc®¥lis normalized separately

to enhance visibility.
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Tab. A.1 MNI coordinates of the activity distributions

highlighted in Fig. A.1 extracted by BEEMD (Level-l).
SPM1 and SPM2 are shown as well.

modes x y z anatomical structure
VIMF1 -63 -16 10 left superior temporal gyrus
-63 -22 16 left postcentral gyrus
-69 -31 4 left middle temporal gyrus
60 -43 -5 right middle temporal gyrus
VIMF2 0 44 -17 leftrectal gyrus
VIMF3 -48 8 -35 leftinferior temporal gyrus
-48 5 -29 left middle temporal gyrus
57 -46 -14 rightinferior temporal gyrus
-45 2 -14 left superior temporal gyrus
-42 11 -17 lefttemporal pole
42 8 -38 right medial temporal pole
54 -22 -20 rightinferior temporal gyrus
VIMF4 -18 -85 4 left superior occipital gyrus
-30 -70 -17 left fusiform gyrus
0 -13 70 Ileft paracentral lobule
-3 32 -17 leftrectal gyrus
VIMF5 0 44 40 left superior medial gyrus
-60 -52 -2 left medial temporal gyrus
0 32 61 leftsuperior medial gyrus
63 -46 -2 right middle temporal gyrus
SPM1 45 -25 64 right postcentral gyrus
36 -19 70 right precentral gyrus
-42 -22 64 left precentral gyrus
SPM2 0 50 1 leftanterior cingulate cortex
0 32 58 leftsuperior medial gyrus
-36 -13 67 left precentral gyrus
51 20 -11 rightinferior frontal gyrus
30 8 -20 righttemporal pole
-6 2 10 left caudate nucleus
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Tab. A.2 MNI coordinates of the activity distributions
highlighted in Fig. A.1 extracted from GIiT-BEEMD

(Level-I)
modes X y z anatomical structure
VIMF1 -51 -70 4 left middle Temporal Gyrus
-51 -73 16 left middle occipital gyrus
-9 65 28 left superior medial gyrus
-18 -46 79 left superior parietal lobule
-24 64 7 left superior frontal gyrus
VIMF2 -42 -52 58 leftinferior parietal lobule
0 53 37 left superior medial gyrus
12 56 37 right superior medial gyrus
VIMF3 9 29 49 right superior medial gyrus
-6 41 49 left superior medial gyrus
18 -79 28 right superior occipital gyrus
15 -61 61 rightprecuneus
VIMF4 -6 -25 13 leftthalamus
9 -25 13 rightthalamus
3 -19 43 right middle cingulate cortex
-27 -34 43 |left postcentral gyrus
VIMF5 0 -37 28 left posterior cingulate cortex
0 17 -8 left olfactory cortex
18 17 -2 right putamen
-27 8 -2 left putamen
72 -37 -2 right middle temporal gyrus
-12 -103 10 left superior occipital gyrus
VRes. -21 -22 10 Unknown area. Th-parital, probability 52%
72 -37 -2 right middle temporal gyrus
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Fig. A.3 lllustration of the less scale volume modesNIF4;VIMF5 andResidumresult-
ing from an BEEMD decomposition of a whole brain volume. Tlféedence refers to the
VIMFs for the two conditions CT and NCT, respectively. Eadfiedence VIMF is signi -
cant witha = 0:001.

Fig. A.4 lllustration of the last three extracted volume resd{IMF4;VIMF5 and

Residun resulting from an GiT-BEEMD decomposition of a whole brawmlume. The

difference refers to the VIMFs for the two conditions CT an@T respectively. Each
difference VIMF is signi cant witha = 0:001

Note again that MNI coordinates represent the maximum di easster blob shown in
the extracted modes and order them according to the sizésafltisters.
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Tab. A.3 MNI coordinates of the activity distributions
highlighted in Fig. A.3 extracted from BEEMD (Level-

1)}
modes X y z anatomical structure condition
VIMF1 -27 47 37 left middle frontal gyrus CT
0 -10 55 |left posterior-medial frontal CT
0 -67 64 unknown area CT
-36  -79 40 leftinferior parietal lobule CT
-27 -34 58 left postcenteral gyrus NCT
-63 5 46 unknown area NCT
-30 28 31 left middle frontal gyrus NCT
VIMF2 -30 -58 79 unknown area map CT
36 35 40 right middle frontal gyrus CT
-36 -64 55 left superior parietal lobule CT
33 79 46 right superior occipital gyrus CT
-9 26 16 unknown area map NCT
-18 2 58 left superior frontal gyrus NCT
VIMF3 12 47 19 right ACC,unknown area map CT
30 44 19 right middle frontal gyrus CT
-9 -91 19 left superior occipital gyrus CT
9 -67 43 right precuneus CT
-21 -85 10 left middle occipital gyrus CT
21 -76 40 left superior parietal lobule CT
-54 8 10 right superior occipital gyrus CT
-42 -79 31 left middle occipital gyrus CT
-60 -1 22 left postcenteral gyrus CT
42 -85 4 right middle occipital gyrus CT
30 2 4  right putamen, unknown areamap  NCT
33 -4 37 unknown area map NCT
-66 -25 -26 unknown area map NCT
VIMF4 39 -73 19 right middle occipital gyrus CT
-39 -100 4 right posterior-medial frontal CT
-3 47 4 unknown area map CT
9 62 25 right superior medial gyrus CT
-33 -7 79 unknown area map CT
-21  -19 31 unknown area map NCT
-15 22 5 unknown area map NCT
-15 5 7 unknown area map NCT
VIMF5 -21 -82 -5 leftlinual gyrus CT
30 -13 85 right precenteral gyrus CT
12 -7 58 right posterior-medial frontal gyrus CT
24 29 7 unknown area map CT
-12 -19 19 left thalamus NCT
0 8 40 unknown area map NCT
45 -28 25 unknown area map NCT
VRes. 21 71 34 Unknown area map CT
-18 74 28 Unknown area map CT
-24  -46  -20 left cerebelum CT
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Tab. A.4 MNI coordinates of the activity distributions
highlighted in Fig. A.4 extracted from GIiT-BEEMD

(Level-II)

modes X y z anatomical structure condition

VIMF1 -30 -85 10 left middle occipital gyrus CT
-39 53 25 left middle frontal gyrus CT
12 -43 13 unknown area NCT
18 47 28 right superior frontal gyrus NCT

VIMF2 -33 26 14 unknown area CT
6 -76 43 unknown area, right precuneus CT
60 -13 34 right postcentral gyrus CT
-60 -19 46 leftinferior parietal lobule CT
-42 56 -11 left middle orbital gyrus CT
-60 5 -29 left middle temporal gyrus CT
0 56 1 left superior medial gyrus CT
-12 -34 37 unknown area map NCT
21 -40 43 unknown area map NCT

VIMF3 39 50 19 right middle frontal gyrus CT
-45 -22 -5 unknown area map CT
51 -64 19 right middle temporal gyrus CT
-48 -70 10 left middle temporal gyrus CT
-21 -85 10 left middle occipital gyrus CT
-18 -73 49 left superior parietal lobule CT
-54 8 10 left IFG (p. Opercularis) CT
21 -37 67 right postcenteral gyrus CT
-3 -34 25 unknown area map NCT

VIMF4 -30 26 37 left middle frontal gyrus CT
12 20 49 right posterior-medial frontal CT
-3 47 4  LACC, unknown area map CT
-27 47 4  left middle frontal gyrus CT
15 -100 28 unknown area map NCT

VIMF5 30 -13 55 right precenteral gyrus CT

6 17 55 right posterior-medial frontal  CT
21 -1 55 right superior frontal gyrus CT

3 23 -17 rightrectal gyrus CT
-15 14  -17 left superior orbital gyrus CT
VRes. 12 38 64 Unknown area map CT
9 -10 76 right posterior-medial frontal CT
21 -31 76 right postcenteral gyrus CT
-57 -52 52 Unknown area map CT
39 14 35 right medial temporal pole CT
42 5 35 left inferior temporal gyrus CT
-30 -16 -35 left fusiform gyrus CT
-24  -67 16 Unknown area map CT
-9 -67 16 left calcarine gyrus CT
-18 -79 28 left superior occipital gyrus CT
3 -67 22 right precuneus CT

24 -64 58 right superior parietal lobule CT
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