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CHAPTER 1: INTRODUCTION

There exists a window of wavelengtin the nearnfrared(NIR) range (656900nm) in which
photons can penetrate tissue deep enough so as to illuminate the outer part of the cerebriVatetex
is one of theprincipleabsorbers of light in the head. Gdtsof the NIR range, water absorbs most of the
light that is shone into the hedadn the other handheabsorptioncoefficientof water isrelatively low
in the NIR regiof, thus allowinghis light to leave the head before it is absorbEuerefore, ths region
of the electromagnetgpectrum is termed the optical window Byaintissue interrogation.

NIR light can penetrate several centimeters into tidBaeause otherelatively large size of the
human head and its scattering propertd® light diffuses quickly after being shone into the head. The
diffusion parameterare influenced by physiological events in the bemdare related to changes in the
absorption and scattering propertiesadin tissu€. Absorption leads to radiatidess losf energyor
induces either fluorescence, in whighsorption triggers emission ofaher with a longer wavelength,
or phosphorescence, which is similar to but slower than fluoresc8cegtering can be observed at
unchanged frequencies or accompanie ioppler shift due to moving particfeFhese changesan
be observedising NIRtechniquesnstrumentation.

There are many ways to record brain signals without using light. One of the most common ways
is to use electrical signals in the brafach ofthe methods hasither good spatial resolutidsut poor
temporal resolution or good temporal resolutian poor spatial resolutioln example of the former is
functional magnetic resonance imaging, or fMRBnd an example of the latter s
electroencephalgraphy or EEG. Unlike these techniquesptical methodsare capable of having both
good tempaal and good spatial resolutiorSther advantages of optical methasd instrumentation
include lowcost, safetyrepeatabilityof experimentsportablility’ and less sensitivity to some types of

artifacts, such as eye movements, than electrical methods. Also, unlike EEG, optical methods are not



sensitive to geometrical configuration of the individual neurofisese advantages make optical
methods particularlyseful when studying both neural and vascular activity

The current paper is a summary of the work | did during the spring 2008 semester. | begin with a
look at the structure of the brain, and move to brain signalsedattd signaprocessing techniquek.
then explain some optical instrumentation desigim® second to last chaptiscussedrain computer
interfaces, and the last chapter notes some research questions that have yet to be Akmbtad
work was done under the guidance of Dr. BitiKdenkins, who met with me weekly to both discuss the

papers that | read for the week and guide me in the right direction.



CHAPTER 2: STRUCTURE OF THE BRAIN

The brain can be viewed as a complex information processing machitie submodules
specialzed for different types of psychological functions. This madéhe brain the distributed model,
assumes that aumber of different suprocessesteractto produce final overt behaviodnderlying
the overt behavioare a number of physiological chaeg that can be observed using appropriate
instrumentation Physiological measures are believed to possess varying degrees of spatial, temporal
and/or functional specificityThe validity of anyexperimentalresults depends on the validitf
assumptions atut the nature, configuration and specificity of thrderlyingstructures in the brairA
combined spatibemporal approachthat also assesses functional specifiggyhus particularly useful
in the study of the interactions and correlations amongdtieities of different brain ares

Hereare two views of the human cerebral cortere divided into the four lobes and the other a

functional brain map.
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Figure 1: Regions of the Braifop from [7] andbottomfrom [8]
Each of the lobesrpvidesspecific functionality In brief, the frontal lobe is associated with pleasure,
long-term memory planning and drive. As the name implies, it is located on the front of the head. On the
top panel above it is red, whereas on ltlaétompanel it ispink. The occipital lobe is located in the back
of the head, and is the visual processing center of the mammalian brain, containing the visual cortex.
The temporal lobe, located on the sides of the head, is involved in auditory processing and houses the
primary audiory cortex. It is blue in thbottompanel above. The temporal lobe is also heavily involved
in semantic both in speech and vision. It also contains the hippocampus and is therefore involved in
memory formation as well. Finally, the parietal lobe takes ©h sensory information and integrates it

from different modalities. In particular, the parietal lobe is useful in determining spatial sense and



navigation. It is separated from the frontal lobe by the primary motor cortex, which controls voluntary
movenents of specific body paftsOn thebottom panel above the parietal lobe is shaded yellaw.

clearer picture of the primary motor cortex is given below:
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Figure 2: The Primary Motor Cortex. From [10]

In humans the brain is surrounded bytissuesthat separate the skull from the brairhe
surrounding tissues consgdtthedura materarachnoid mateandpia mater Below the arachnoid is the
subarachnoid space which contacesebrospinal fluida substance that protects the nervous system.
Blood vesselenter the central nervous systeboee the pia mater. The cells in the blood vessel walls

are joined tightly, forming thélood-brain barrietwhich protects the brain fromeoxinsthat might enter

through the blood.
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Figure 3: Layered Covering of the Brain. From

http://www.nytimes.com/imageges/2007/08/01/health/adam/19080Meningesofthebrain.html

One final note on the structure of the brain relates to the types of matter in it. Gray matter is
distributed at the surface of the cerebral cortex and of the cerebellum. This type of matt&s consi
largely of cell bodies of the neurons. On the other hand, white matter forms the bulk of the deep parts of
the brain and the superficial parts of the spinal chord. Unlike gray matter, white matter consists largely
of bundles of axort$. In this way, tle white matter acts more like a routing unit while the gray matter
actsmore like a processing unit. It is important to note that most cognitivetiéun can be examined

from the shallow layers of the brain, and specifically the gray matter.
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CHAPTER 3: SIGNALS IN THE BRAIN

3.1: Electrical Signals

A variety of electrical techniques are available foreasuring signals in the brain.
Electrophysiological techniques rely directly on neural activity while hemodynamic methods measure
some slower physiological sponse and assume a correlation between it and underlying neural activity.
Electrophysiological techniques, such as EEG, are most useful for determining where activrs;
while hemodynamic methods, such as fMRI, are most useful for determining wiaéneabtivity
occurs?

3.1.1: EEGBased Signals

Scalp electroencephalograph(EEG) measures the summed activity of psghaptic currents.
An action potential in a prgynaptic axon causes the release of a neurotransmitter indgrtapsehat
eventuallybinds to receptors in a pesynaptic dendrite, resulting in a flow of ions into or out of the
dendrite, which in turn results in compensatory currents in the extracellular space. #sés th
extracellular currents that generate EEG volt&gedote that EEG ismost sensitive to activity of
pyramidal neurons (output cells of cortex) and to postsynaptic activity measurable in the deattigtes
thanin the axon¥".

EEG uses multiple scakectrodes to record a wide range of signals generated by synchronous
changes in postsynaptic potentials eatary from thousands of neuroiese synchronies are divided
into differentfrequency ranges within the .3 20+ Hz rang®. There is the lowfrequencydelta band,
which lies between .3 and 3Hz, ttieta bandfrom 4 to 7 Hz, the alpha band, fromdBi2 Hz, the beta
band, from 12 t80 Hz and the high frequency gamma band, which lies above 26 Hz.

Human voluntary movement is associated witkeast two distict types of scalp EEG changes:

eventrelated potentials and movement related potentials. The former voltages are generated in response
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to stimuli, while the latter voltages are generated with movenidmdre arealsotwo distinct power
charges: eventelated desynchronization or power decrease seen in both alpha and beta bands that
occurs up to 2s before movement and is sustained with continuous movement, ancklatezht
synchronization, or power increase, usually only seen in the bedsana referred to as pasiovement
beta synchronization, occurring at the end of movetient

The electrodes used in recording EEG are usually organized based or2@ant€rnational
system. In the 120 international system, the distance between tyacadt electrodeare kept a20%
of the total distance between nasion, the point beti@eheadand nose, and inion, the bump at back

1
| 0

of skul™". Below is an image of the electrode positioning. In the imagé, E, Pand O are used for

frontal, tempoal, central, parietal and occipital areas, respectively

Figure 4 The 1020 International System. From [10]

3.1.2: ECoG
ECoG signals are composed of synchronized postsynaptic potentials recorded directly from the
exposed surface of the cortex. The ptisds occur primarily in corticgbyramidal cells and thus must

be conducted through several layers of the cerebral cartegbrospinal fluid CSF), pia matey and
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arachnoid matebefae reaching subdural recording electrodes placed just belodutbematerECoG
samples neuronal activity from smaller cortical areas than conventional . EHE®/ever, to reach the
scap electrodes oEEG, electrical signals must also be conducted througlskiod, where potentials
rapidly attenuate due to the low conductivitybmine For this reason, the spatial resolutadrECoG is
much higher than EEG®,

3.1.3: MRI

Magnetic Resonance Imaging (MR$)used to image every part of the body, but is particularly
useful in neurological conditions, disorders of thescles and joints, for evaluating tumors and showing
abnormalities in the heart and blood vessels. In brief, MRI involves the use of three kinds of
electromagneti fields: a very strong magnetic field to polarize hydrogen nuclei, called the static field; a
weaker timevarying (of the order of 1 kHz) for spatial encoding, called the gradient field(s); and a weak
radio-frequency(RF) field for manipulation of hydrogen nuclei to produce measurable signals, collected
through anRF antenn®. Images are usually taken everi4lseconds, and theoxelsin the resulting
image typically represent cubes of tissue abodtrillimeters on eachde in humans.

Functional MRI measures the blood oxygen level dependent (BOLD) signaBAhP signal
reflects vascular effects and indirectly the neuronal siditaé phenomenon is known as neurovascular
coupling, and has received much attention in #s¢ two decadegunctionalMRI measures the BOLD
signal with high spatial resoluticand can access the whole brditowever, fMRI is highly sensitive to
motion artifact and thereforequires motionlessness from the pafier®ther disadvantages of fMRI

include slow speed and expensive equipment.

3.2: Optical Signals

3.2.1: Slow Signal
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The purpose of NIR spectroscopy (NIRS)the in vivo quantification of the concentration of
significantlight-absorbingsubstances through the use of NIR light at difiereavelengths. NIRS is the
only available method for measuring the absolute concentratid@osdygenated hemoglobikb) and
oxygenated hemoglobirHp0O,) in a selected part of the body in a noninvasive fashldemoglobinis
theiron-containingoxygentransporimetalloproteinasin thered blood cell®f vertebrate¥,

NIRS is rooted in oximetry, which measures blood oxygen&tidtulse oximetry works as
follows. A sensor is placed on a thin part of the patiemtatomyand a light containing botred and
infraredwavelengths is passed from one side to the other. Changing absoabtmecevowavelengths
is measured, allowing determination oé #ibsorbanceue to the pulsingrterial bloodalone, excluding
venousblood, skin, bone, muscle and.fat measure oblood oxygenationthe per cent ohemoglobin
molecuks bound with oxygen molecules, can be maaketh upon the ratio of changiagsorbancef
the red andnfrared light

Both NIRS and pulse oximetry measuwieanges irhemoglobin concentration levels and are
therefore limited by the@ature of these changes. Specifically, the concentration changeonatime
scale on the ot of seconds and these signals are therefore
there aretliree fundamental differences between NIRS and pulse oximetry. They ax#RE does not
utilize visible light, which is readily absorbed by watand theréore has better penetratiadhan
oximetry, (2) pulse oximetry considers only the arterial compartment by time gating the measurements
whereas NIRSprovides global assessment of oxygenation in all vascular compartments, including
arterial, venous and camlly oxygenationand (3) NIRS uses more wavelengths and therefore can
characterize more chromophares light absorbing moleculés

3.2.1.1: Physiology
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NIRS is based on the assumption that, by studying changes in metabolism and blood circulation
in the bran, one can infer whether a particular brain area is involved in the neural activity associated
with a particular task. These methods are indirect in that they are mediated by neurovascular coupling,
the set of biophysical and biochemical steps that doetween neuronal activity and the physiological
events measured. Neurovascular coupling complicates things since it introduces a delay and it may vary
with the state of the organism and the brain'drea

There are a number of physiological processes mgedowith neuronal activityBunce et af?
report that neuronal activity is fueled by glucose metabolism, so activity induces ireiaaleth
glucose and oxygen consumption from a local capillary bed. This stimulates the brain to increase local
arteridar vasodilation(dilation of arteries)which increasesegional cerebral blood flow @BF) and
regional cerebral blood volumeQBV)*. The effect of neural activity on blood flow and volume is
termed neurovascular coupling, and has received much attemtibe research community over the
past 10 yeardOver several seconds glucose and oxygen are carried to theiatebO,. It is widely
accepted that the degree of the increase in rCBF exceeds that of oxygen consumption, resulting in an
overabundance aferebral oxygenatigh

Two major types of optical changes that occur after stimulation are 1) rapid blood deoxygenation
occurring within a few seconds of stimulation and 2) a large increase in oxygenation occurring several
seconds after stimulatidnThe earlierslow optical effect is small deoxygenation 500ms after neuronal
activation. This effect subsides within a few seconds. However, signal is small and difficult to observe
noninvasively. A large increase in oxygenation begins 1.5s after neuronatyadti is related to
vasodilation and is consistent with the widely reported increase in blood flow in active corticll areas
Below is an image of the general trend of -0aynd deoxygenated hemoglobin concentration levels

during rest and activation.
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Figure 5 General trend of HHb and Hbh@uring rest and activatiofrrom [25].
Note that the optical respongethis activity is relatively easy to acquire as it leads te2&lchange in
signal amplitud®.

3.2.1.2: Calculations

The most basic setdpr NIRS looks as follows

interrogating e attenuated
energy I Ry energy
test ;
cuvette
sample

g , IC]
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Figure 6 Simple NIRS experimental configuration. From [22]
It is assumed that nothing absorbs photon energy except the sample. In simple absorption (only 1
molecule), the energy of the arriving photon raises the molecule to daacegtate, which is perceived

as an increase in temperature. We then havBdbeLambertLaw
| =1,6“" (1)
which gives the received intensity aguaction of the input intensityn the case thathere is only 1

absobing compound in the cuvette. Here epsilon is the wavelength dependent (or energy dependent)
extinction coefficient of the sampland has unit$violes'cm®. It is important to ote that |, is

proportional to the number of jected photons per unit time, ardis proportional to the number of
detected photons per unit time. Then, the waveledggendent attenuation, in Optical Density units
(OD) is
A=log(l,/1)=€CL (2)

We can extencquation (2)to the case where there is more than 1 absorbing compound to derive a
system of equations. In this cagg is really a sum of products, one term for each absorbing compound.

In practice the absorption coefficient is often used as fallow

In(l,/1)=mL (3)

In this casen has unitscmi*. The absorption coefficient is thus also wavelength dependiote there
is no need to list the specific absorbers when using this equation and onsdinptian coefficient of
the whole sample is neederhis is usually used for gase3.he natural logarithm of equation (3) can
easily be related to the attenuation of equation (2).

The BeerLambertLaw (BLL) cannot be applied to tissue spectroscopy lsxdhis would
require knowledge of absolute attenuation in order to calculate absolute concentrations. As tissue is

highly scattering, light is attenuated by both absorption and scatté&/imgn we include both scattering
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and absorption events, the Beéambert Law must be modified to add a scattering terthabrelated to
the geometry of the tissu@/e then have
A=log(l/1,) =CLV4+ G (4a)
or

AU =In(1 1) = (m (1) + m(/ ) A O/,) (4b)

where V is the differential path length factor, a multiglitve factor owiig to the longer path length due

to scattering. Formally we have
N
A/ ) =a €, (/)@ O)QAU/)+G(/) (5)
j=1

where N is the number of attenuators. In practice, we use a reference measurement time and assume th:

scattering effects remain constant duringaswgement. Then we have

DA(/) =8 & (/) B, A.OK,) (6)

i=1

This gives us a system of equations. If we use N wavelengths we can so®€ for all i.
Determinationof v must be done in a laboratory setting. Its depeoglem wavelength is crucial for
correct resultsTo obtain quantitative values, the DPF has to be measured or taken from the literature. A
typical value for the DPF is 6.3Note that i geometrical or structural changes occur, they will be
misinterpretedas changes in chromophore concentréafiorf we assume that only HHb and HpO
concentrations change, then we h&esquations and 2 unknowns, which can be solved for the
respective concentration changésom the calculated changes in attenuatldopd oxygenation and

blood volumein mMoles, can be extracted by:

oxy=Dc, - Dc,
_ (7)
bv=Dc, + Dc,
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Note that issue oxygenation refers to the amount of oxygen stored directly in the tissue (myoglobin is
the typical oxygen binding protein in tisss) and cannot be monitored by NIRS. Blood oxygenation
refers to oxygen saturation of the blg@dth emphasis on hemoglobin).

For the BLL, we assume that the changes are homogenothe homogenous medium. The
homogeneity of changes assumption introdueestypes of error: (1)he partial volume effet, which
occurs becausehanges in the layers may be diffefentlters the magnitude of thehanges,
underestimating the focal change and (2) crossdatkmimic changes in one chromophore that are
really artifacts of the changes in another. Cross talk between HHb and, MidOcause an error of
about 10% of the changes elicitedPresented next is a description of the cross talk effect.

In the case of inhomogeneous changes in the absorption coeffibenbtal attenuation is the

sum of the attenuations in each partial volumei,

DA(/) :a |, (/)®m; (8)

wherel, is the partial path length in th8 yolumé®. These changes modify the measured quantities so

the determined @nges in the chromophores can differ from induced changes. This is the idea
underlying cross talk. To illustrate this issue, consider an induced change in only one chromophore

(change in a, no change in b) in a single partial volume. Then we can write

ea(/i)CD:

aina /) = &(/) @, A(/)) +6,(/,) D, A7) (9)
for each wavelengthNote here thatL(/) has replacedLQ(/) from equation (4).Using two

wavelengths in this case enables matrix inversion to be employed. Us#lg L we can sole

Dc
Dc

_e )&, (/,)- e(/,)& (1) (/,)
B e.(/) @, (/1,)- e.(/,) & (/1)

a

(10

a,ind

and
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Do, _ e (/)& (,)A (,)-1(/) 11
D, &) &(/,)- (/)& (/)

a,ind
We now define the cross tal®, , from chromophore a to chromophore b as the ratio of the determined

concentration change of chromophore b and the determined concenttaitge cof chromophore a.

Then we get for the cross talk the following:

c - e, (1)&,()& (/,)-1'())
P e, (1)) (/) e,(/,) ()0 (/)

(12

Note that the crosstalk can be cancelled by using wavelengths that give the same partial path
length in the medium. However, selection oflswavelengthssiimpractical.
In duatwavelength analysis, equations based on the MBLL arétised

- 6,(/ ) DA, + 6, (1,) DA(/,)
E

LebC, =DC, = eo(/z)dDA(/l)-Eeo(/l) DA/ ,)

LAC, =DC, =
, (13)

whereE=¢,(/,)&,(/,)- e,(/,)&,(/,)

Note in this case we assume the path length is equal for both wavelengths since accurate estimation of i
is aimost impossible with this technique. According to theeg@nerrorpropagationlaw, the noise
levels in the Bmoglobin changes depend on the differences irnéimeoglobinabsorption coefficients
between the two wavelengths. Assuming the noise levelseinmibasured attenuation changes are
random and independent, it can be shown ukatg a wavelength pair havirglarger difference in the
hemoglobin absorption between the two wavelengths should provide more sensitivity. However, if the
difference in waveaingths is large, the assumption of equal optical path length becomes invalid.

Another problem in dualvavelength analysis is the question of the volume of interrogation.
Since the exact depth and volume of the changes are usually unknown, calculatioresuAilin

distorted spectra,e. wavelength A will reach more deeply into the activated area than wavelefigth B



19

3.2.2: Fast Signal

3.2.2.1: Physiology

Villringer and Chanckreport that changes in optical properties have been observed in cell
cultures, bloodless brain slices and intact cortical tissue. &gy, reporthat activity related scattering
changes occur in isolated axons, neuronal cell cultures as well as in intact animals. Optical properties of
isolated axons and brain slices changenwieural activity. Two major phenomena underlying these
changes are birefringence and changes in scatterifigro possible mechanismsaunt for these
phenomena: 1) changes aesa@ciated with repolarization of molecules within the membrane due to
changs in the transmembrane potential and 2) changes are due to the movement of water associatec
with ion diffusion and transport, and to the consequent volume variations in anttaextracellular
space. Recent evidence suggests that scattering changes eggpeaclosely related to volumetric
effects. Cell swelling is a predictable physical consequence of ion movements and associated water
fluxes during neural activatih However, we 8ll do not have a complete biophysical model of
swelling and shrinkingrrocesses in neurons.

When tissue is active, movement of ions across membrane leads to changes in scattering
propertie$?. Scattering occurs when thesea change in refractive indegparticles will scatter radiation
if they have a different refractivardex than the surrounding meditimScattering has two possible
forms: inelastic, where incident energy is absorbed by the scatterer and energy at a different wavelength
is emitted as the excited molecule falls back to alternative state. This may ldadrésdence or
phosphorescence. With elastic scattering, there is no loss of energy. Instemdiiee energy simply
moves in a different directionfwo causes of the change in scattering properties are 1) volumetric
changes associated with ion and watevement produce mechanical distension or shrinkage of the

neuronal membrane and 2) changes in ion concentration in the area surrounding the membrane result ir
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local variations in the diffraction indeXhese scattering changes are believed to be atdeastf the
mechanisms behind fast optical signals, which oeettinin a couple of hundred millisecondaster
stimulation. The fast changes of optical parameters are detected by averaging the time course of the
activity elicited by individual stimulatioR. The recording of fast optical signals can meetiocked to
particular events anid this case we use the term Ev&wglated Optical SigndEROS}.

Two hypotheses about the generation of the fast signals can be contrasted: the scattering
hypothesis ath the rapid deoxygenation hypoth&3isNo direct demonstration of the scattering
hypothesis has been presented in vivo. However, if rapid deoxygenation were the cause of the fast
optical signal, it should invert sign when measured using different waveteag the different sides of
the hemoglobin isosbestic pgjrthat is, the point where the absorption spectraxyfgenated and
deoxygenated hemoglobin cross. The isosbestic point in the NIR region is around B@dvewer, this
is not the case as showrperimentally where the delay is used as the measure of fast effects. The

figure below illustrates that the responses above and below the isosbestic point have the same sign.
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Figure 7 Evidence for Scattering Hypothesis for fast signal. From [33]
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A number of experimentalvorks havedemonstrated the relationship between the fast optical
signal and other recorded signals. First, Yao and G&ngee shown that the fast optical response
follows the integral of the electrophysiological response. Integrattooduces a time lag or phase shift
in a transient response waveform, but preserves the characteristic frequency of the oscillatory response
Also, Stepnowski et al. (1991) showed a linear correlation between scattered light and changes in
membrane potéial over a range of ~200nt¥, Additionally, Gratton and Fabiatihave shown that the
fast optical signal is linearly related to the slow optical signal through the frequency of presentation of a
stimulus to a subjecfThis result is illustrated in Figur8. Finally, Gratton et af* have shown that

scattering changes related to neuronal events may change the signal by alddat .01
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Figure 8 Relationship between fast and slow optical signals. From [12]
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3.2.2.2: Challenges

EROS combines spatial resobui of better than a centimeterith temporal resolution of the
order of milliseconds. EROS provides a higher spatial resolutionavamtrelated potentials (ERPS)
recorded electrically. With ERP, two cell populations, oriented in opposite directiongffeatively
cancel eactother out. This is not a problem with EROS because the responses from different locations
are detected by different data chantfelslso, EROS activity temporally corresponds with ERP activity
andis spatially celocalized with he BOLD-fMRI response.

To demonstrate that the fast signal can be used to study the time course of neuronal activity it is
necessary to meet the following critéfiaa) A fast signal recorded using surface instruments can be
detected reliably in response sensory stimuli and in preparation for motor activity this signal is
regional,i.e. it should be present only at locations where neuronal activity qcatnish should be
verified using fMR] c) the recorded activity has a time course consistert thi¢ expe@d latency of
neuronal activity which should be verified using electrical recordiragel d) the fast signal can be
recorded in different brain areas in different tasks, and is therefore not a property of a very specific
cortical region

Thereare serious challenges related to the recording of the fast optical €kl response
due to neural firing is difficult to measure as firing yields only a.184 change in signal amplitui$é®.
Franceschini and Boas reported averaging block€60 Irials and observing only a .05% change in
light intensity. It was necessary to average DO stimuli to achieve a standard error of

approximately .00501% below the expected amplitude of the fast sfnal
The elative intensity changes due toetfast signal gpproximatelft0®) are of one order of

magnitude smaller than the relative intensity changes due to physiological effgutsx{matelyt0?).

So, Franceshini andBoas® performed various analyses talidate results and established five criteria
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with which to assess the robustness of iieasured signal. They are: llpdk average of signal at
different wavelengths should V& same temporal evolution, 2)obk average of signal during rest
period witha falsestimulation should be flat, 3ubsets of the stimulation sequence considering only
even or odd stimuli should generate a signal with the same temporal evolution as the one obtained with
all of the stimuli, 4) block average of the signal duringlgbsral stimulation should be smaller than that
obtained during contralateral and 5) the fast signal in the spatial maps should be localized in the
hemisphere contralateral to the stimulated hand.

There are a couple of other limitations related to reoagrdi the fast optical signdEROS alone
is insufficient to provide a complete picture of brain proces#d¢so, EROS does not provide
information about deep brain structugss anatomical information is not provided by ERO8nother
limitation is thatcausality links canot be proven by EROS data alof@e principal challenges for
imaging of the fast optical signals are the limited dynamic range of most cameras, and the substantial
noise arsing from a variety of sourc& Overcoming these challengaad limitations is crucial for the

development of useful systems based on fast optical signals in the brain.
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CHAPTER 4: BRAIN SIGNAL PROCESSING

4.1: Introduction

Brain data analysis is based on the assumed theory of brain function, either functional
specialization or functional integration. Accordingly, there are two analysis paradigms: the subtraction
paradigm and the covariance paradign the former, eventelated activity is extracted by contrasting
the recorded activation to two stimuli, whileethatter uncovers the temporal covada between
different brain regions during a particular task.

Recording is generally timlecked to events, and the time series obtained can be analyzed with
standard method§ Waveforms obtained for a particularnstilus/response can be averaged, eross
correlated, analyzed by wavelets or analyzed using-flieggiency methods. Statistics about the
reliability of the signals can be computed using standard statistical methods. When collapsing data
across subjects, it igmportant to note that recordings from the same surface location may not
correspond to the same functional cortical area across all subjects. Ignoring this issue will lead to
reduction in SNR, and so several realigning/resgaiethods have been proposdthese methods
require that a) the &act location of all €l pairs must be recorded in a fixed space, which can be
achieved by a 3D digitizer system, and all points must be marked on structural MR, ilnag&®
reconstruction method that is used to deiee the volume from which the data are recordedarsegly
for each subjecand c) thathe 3D reconstructed data from different subjects be aligned and rescaled
using one of procedures described in the literature, for example, Talairach transforfregidialairach
coordinate system is defined by making two points atiterior commissurand posterior commissure
lie on a staight horizontal 1in&. The Anterior Commissure (p@mmissure) is a bundle of white

fibers, connecting the tweaerebral hemispherescross the middle line, and placed in front of the


http://en.wikipedia.org/wiki/Anterior_commissure
http://en.wikipedia.org/wiki/Posterior_commissure
http://en.wikipedia.org/wiki/Cerebral_hemispheres
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columns of thefornix. The posterior commissure is a rounded band of white fibers crossing the middle
line on the dorsal aspect of the upper end ot#rebral aqueducSnce these two points lie aplane
the coordinate system is completely defined by requiring this plane to be véntitas way waveforms

can be collapsed acroasbgects for further inspection.

4.2: General Techniques

4.2.1: Independent Component Analysis (ICA)

Amita et al** showed how to remove the skin blood flow artifact from recorded d@#s.
transforms the experimental coordinate system into a new one¢hades a notorthogonal basis to
find statistically independent components. ICA is a method for solving the blind source separation

problem to find a linear coordinate system, such that the resulting signals are as statistically independent

as possibl¥. ICA assumes that the observed data vea{ty = [>(<’1'(t),...,>(<f;(t)]T is a linear combination
of unknown and statistically independent sour&® = [S(t),..S®]", for t=1,¢é,p. T
finds a demixing matrix V;/suchthatéit) :V=V>\<;(t). The ICA algorithm proposed by Molgedey and

Schuster decomposeschannel data into n independent components. It isitecative, which gives

high speed, but also cannot guarantee minimization of the likelihoodICMSexploits the time
coherence of the source signal, and finds thendéng matrix by minimizing the sursquared cross
correlations between one component at time t a
hypothesized that changes in skin blood flow and rCB# satistically independent because their
innervations are completely different. The hypothesis was then checked by consistency of the results.
They focused on determining the component related to changes in skin blood flow to remove it as an
artifact. Todo this, they defined a new statistical value, the coefficient of spatial uniformity (CSU)

asCSU(j) =l<a; >/s, |, where<a, > is the arithmetic mean of the jth column in the mixing matrix,


http://en.wikipedia.org/wiki/Fornix
http://en.wikipedia.org/wiki/Cerebral_aqueduct
http://en.wikipedia.org/wiki/Midsagittal_plane
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and s, is its standardieviation. They noticed that the CSU for component 2 was the highest in all
cases. Then, this component was eliminated by zeroing the corresponding col\ﬂhh arid getting

the newsignal&?t) :V=V'1§it) . The results are shown the figure below.
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Figure 9 lllustration of ICA to remove skin blood flow component. From [41]

4.2.2: Common Spatial Patterns (CSP)

Given two distributions in high dimensional space, the supervised CSP (Common Spatial
Patterns) algorithm finds directie (.e. spatial filters) that maximize variance for one class while
minimizing the variane of the other cla$s Note thawariance corresponds to power.

We have a set of trialsS ,i =12,... where each trial i is represented as a-veddledmatrix of

several channels (as rows, 1eC) andvﬁtﬁicmr@jecqsoint

these trials to the signaﬁfr §i with only 1 channel. The formal optimization problem can be stated as

follows:
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méoee a var(w S, )osuch thata var(w S)=1(14)

Gi:TrialinClassl

Using the definition of variance we can restate the problem as:
m§1x(v%/’r §1VL\17 such thatw' (§l +§2)\ﬁ:1
where S is the covariance matrix of the trebncatenated matrix of dimension Cx(T times number of
trials in class 1) and similarly fo§,. Note that we assume the two covariance matrices are positive

definite. If they are not, we can use standard techniques for reducing the dimaétysiNow we can

recast this dual optimization problem as follows. If we can calculate a nfaterd a diagonal matrix

D with elements in [0,1] such that

IO

T _
§1S a

IIU
IIO

dQS,Q" =1 - D(15)
Then the row vector of) corresponding to the highest diagonal elemenDotvill give the solution

vector for the problem.
We proceed as follows: We have already assumed that the covariance matrices a positi

definite, so that their sum is also positive definite. From matrix theory, we know that we can find an

invertible matrix such tha=P(§l +§2)ET =1 . Now we define a new covariance matEx1 E§1£T and

similarly for the other covarice matrix. Then, since this new covariance matrix is also positive

definite, we can use eigenvalue factorization and v@tec RDR' for some orthogonal matriR and

diagonal matrbD. Then we can dime Q? BTE and note that this new matrix satisfies the above

problem.

Blankertzet al*® explore the question as to whether @®Red classification can be enhanced
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by preprocessing the data with a linear spatial filter (eg PCA, ICAprAitrary linear spatial filter can

be represented by a matrix. If this matrix is invertible, the classification results will be exactly identical.
On the other hand, if the matrix is not invertible, the objective of CSP analysis (on the trainingrlata) ca
only get worse. In addition, Hammon and de S$ashow that CSP works best on appropriately

frequencyfiltered data.

4.2.3: Common Sparse Spectral Spatial Pattern (CSSSP)

An extension of the CSP algorithm is CSSSP. itlea of new Common Sparse Spectizétil

Pattern algorithm is to learn a complete global sp&tialporal filter in the spirit of conventional CSP.

Now, we are looking for a reaklued sequence{bi}I with b, =1such that the new trials

.
S, =S+ ahn, g can be better classified. Note t@ft is a delayed version of the origirl So, this

=i

optimization problem can be formulated as the one above as follows:

n@x‘?e a var(w S )o such thata var(w S ) =1 (16)

wb Gi:TrialinClassl

We now define g’yl E(§i (§:)T+§i’ S_T) given that trial i corresponds to class y and

s1 E(§i g) Since we can assume that, for smaE(gi’ g)o ESf“&Sij )T) we can rewrite the

problem as
ax@n"gl gxﬁo arigre . Q 661638 Ga ar-147-¢ ' t
me gew ge é%gj:lb(l)bﬂ +z‘)85 8N90 such thatw ?Oéﬁlb(nb(jﬂ)g(s +S )cw 1

17)
With the usual CSP technique, the problem can be solved for each b. Since b(1)&tjraehsional

problem remains which can be solved by optimization methods like gradient if T is not too large.
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Consequently weet for each class a frequency band filter and a pattern. If T is large, we can add a

constraint that b must be sparse. We can do this by introducing a regularization term as

aTl 3T-¢ 6
@@9 &8 b(j)b(j +1) 1§

gt 0(;]—1

-CIT ||b||1° (18)

-O:O0On
'I'Og

Here C is a nomegative regularization constantittWa higher C we get sparser solutions for b until at
one point the usual CSP approach remains, ie, b(1)=1 and b(m)=0 for all m>1.

4.2.4: Dynamic Factor Analysis

The nost common method of utilizing timing information to interpret connections between
functional areas is based on computing the correlations between spatial units. However, the high

dimensionality makes the results difficult to interpret. Bgkhlevskaiaet al®

explore the variation of
statistics over time by applying Dynamic Factor Anayisased on the following assumptions: 1) the
activity at any voxel can be completely determined by all previous activity, 2) the activity at a single
voxel is an indicator of some underlying spatiotemporal component and 3) these components are
temporally inked.

To this end, they experimented in the occipital area and defined 3 regions of interest, namely the
primary visual cortex and left and right secondary visual cortices. The time series for each location

within a given ROI were averages, and crosgetations were computer separately for each subject.

Then, a covariance matrix with lag | is computed as follows:

< .50

5760 s, (%,foru T {123

Note that each submatrix is a 3x3 covariance matrix, and the one with lag | correspands t

delay of | time slots. Now, if we usBV, and PV, to denote the activity in the primary visual cortex at

lags 0 and |, respectively, we can construgicael with unknown coefficients that predicts the activity
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a lag | as a function of activity lag 0. One such model is used in that publication and is called the
Reticular Action Model. The coefficients can then be found using a least squares technique.

4.2.5: Wiener Filtering

A stationary process embedded in agditnoise can be m:eptimally estimated by a Wiener
smoother if the process and the noise are uncorr@ldtethe frequency domain the smoother can be

realized as

_PSh(»)

= 19
PSD, (W) (19)

V\4Niener( VV)

No-stimulus intervals can be used to estimB®0 and activation intervals is used to estim&sD, .

The filtered signal can be found b?:Re(iFFT(\/\(N ("FFT(X)). Then the SNR gain from this

iener

~

& AvgPower, @

cancellation algorithm iSNR,;, :10L0910£A
o \4¢) F)O\Neet;timated+

4.2.6: AR Estimation

For timevarying signals, autoregressive model estimafloran be used to extract patterns.
Signals are divided into short time segments in which the signal is assumed stationary. The segment
length determines the accuracy of the estimated parameters and defines tresainot@n. The AR

parameters are estimated for every time segment using

y(t)=J ay(t- i) +eft) (20)

i=1
where y is the observed time series, e is a noise process and p is the model order. The LMS method cat
be used to determine the unknown coefficientss Bimple model can be extended to the use of an
external input.

4.2.7: Consistency Measures
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Gratton and Fabiaffi titroduce consistency measure by computing, for each subject, the
correlation of the EROS waveform with that obtained by averaging togetteefrdm all other subjects.

Formallythis can be expressed by

a (w(,t) au(t))
(21)

ri)=—=
\/a wA(i,t) CRL WA(t)

where w(i,t) is the amplitude of the response of subjeet time t, and w(t) is the average amplitude

across all subjects. First Fisher transforming all consistency indices for each subject, averaging them,
and then computing an inverse Fisher transform of the average value, will give an average consistency
index across subjects. Théms average consistency index is a reflection of the erakdity of the

EROS waveforms.

A measure of the quality of data that can be obtained with different filtering methods can be
assessedising a measure of consistency across subjectis can beobtained by computing the
correlation of the EROS waveform for a particular subject with the average EROS waveform across all
subjects. The resulting correlations c¢csawmbjtehcetnd
consistency of the EROS effect.

Choi et al*’, calculatectcross correlation functions as follows:

3 [oDM)TS(t +¢)]

CCF(t) = 2750 (22)

where OD is the optical data and TS is the tapping sigifas CCF effectively extracts the signal
components that are coherent with the tapping signal. Cexhpara timeriggered average, CCF yields
defined values for both stimulation and rest periddey studied the behavior of the CCF to determine

that signals were not due to noise. The factor by which the level of noise is reduced by the CCF depends
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on the number of data points. In contrast, a genuine signal will keep its amplitude independently of the
number of data points, provided its amplitude is higher than the noise level.

Another method of measuring consistency or similarity is propbgéthan eal.*®

. Suppose two
sets of data are rescaled to zarean vectors. If these images are similar in spatial pattern, then one can
be expressed as a linear approximation of the other. We can write

VT = alzv\; + 6. (23)

Thenthe optimal sursquared @snator can be found by

. 7t &, (t)dt
&, vsse = MG)%L . (24)
V- (Hdt

In discrete form, we find the minimum error to be

~ €.
= _—mn_=1.r2 (25)
avi (@

mix

where r is the correlation coefficient between the two data sets. So, the more correlated the data, the
lower the error.

One final way to measure consistency of the data, when measuring during two different sessions,
is to compare the number of activated channels during each session, and to compare the location of

activated channel3o this end, we define the following cniities™™
Ryuaniy =1 |AL- A2/(AL+ A2) (26)
and
Roeriap = 2 A/ (AL+ A2) (27)
where Al and A2 represent the quantity of activated channels of the first and second sessions,

respectively, andA,,, is the quantity of identical supthresholdchannels in both sessions. The
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quantity R, ..., 9ives a comparison of the number of activated channels across sessions, while the

quantity R, gives some measure of reproducibility of the signals.

4.3: ProcessingT echniques for Optical Data

Raw optical intensity data carry a number of other signals including arterial and capillary pulse
(~1Hz), respiration (~.25Hz) and pressure waves (~XHEhese signals are considerably larger than

EROS.Below is an illustration ofhe spectrum of the intensity data.
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Figure FIX Spectrum of raw intensity data. From [51]
The pressure waves are usually referred to as Mayer waves, and are spontandoeguéngy
oscillations™.. Coyle et af? proposedan algorithm based on IEEE Swdard 10570 fit a sine wave to
the data. Theyssumethat theMayer wave is othe form m(t) =asin(ut +7), and thata and ware
constant during the analysis window, which is valid provided there is no @rasge in position of the
user. Then, for ti me ppcdambemodddedby, €, N, t he opti ca

Y, (AB,C,w) = Acosfit, ) + Bsin(ut, ) + C (28)
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where A=asinf and B=acos . For a given segment of data, the four parameters can be foumgd usi
a leastsquares fitting approach. To account for the tiragying nature, windowed segments were used.
The resulting estimate can then be subtracted from the original signal to produce a cleaned signal. An

illustration of the effect of the algorithm shown below.

Iy | sl

Figure 10: Effect of removal of Mayer Waves. From [52]

Gratton and Corballfé designedan algorithm for removing the pulse artifact. The procedure is
based on the following assumptions: 1) Heartbeats (systoles) produce periodic increbkesl in
pressure (pulse), which result in periodic increases in the amount of blood flowing through the are being
measured, 2) the increase in blood flow produces an increase in absorption, which will have the same
periodicity as the heartbeat, 3) the residvariance in the shape of the pulse is small, 4) the wavelength
and amplitude of the pulse signal may vary from trial to trial, 5) the SNR is high enough to give accurate
estimates of the timing of each heart beat and 6) the phase delay between éhangulsnctional

phenomena is random.
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On the basis of these assumptions, the average pulse can be computed by a) continuously
recording the light, b) segmenting the continuous records into single beat periods-watpiey the
single beat signal to anger time scale and d) averaging the single beats together. The deviations
between the singlbeat signal and the average pulse signal can be computer by a) reversing the time
warping for each beat, b) regressing the average pulse with thelsaaglsigal and c) subtracting the
estimated contribution of the average pulse from the siogge: signal (slope only). A potential problem
is the introduction of discontinuities in the signal at the boundaries between single heartbeats. To avoid
this problem, theverage pulse is detrended before the computation of the-begfieegressiondlote
that apreliminary step for this procedure is the detection of the beginning of each heart beat. To
minimize errors due to measurement noise, the beginning of eadhdatarycle is defined as the
minimum of the smoothed time derivative of the intensity signal within a particular time window
following the beginning of the previous heartbeat. A problem for this procedure may occur in cases of
large heart rate variability

An example of a global cagllation algorithm is given by Brown et ¥l. With appropriate
sourcedetectorplacementthey can make oachannel primarily sensitive to shallow layer changes and
another channel sensitive to hemodynamic changes in bdtbvslaad deeper layer3hen theyuse an

adaptive FIR filter with a tapped delay line to cancel global interference. The filter is of the form:

M
e=Yy-a Wi %i- (29)

k=0
where i is the indexed time point, y is the change in concentration measurddrfiednseparations and
X is the change in concentration measured from clabseparations. Coefficients were updated using

Widrow-Huff LMS algorithm by w,;, =w,,_, +2mx_.. The adaptive filter converts x, the

hemodynamic variation associated witte tsuperficial layers, to an estimate of the global interferences

embedded in y. Finally, the estimate is subtracted from the original time series.
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Another processing method used for slow optical changes was proposed by Chartébewl.
model a singt trial HbO, response by a gama function, ie,r, = At*e” , where the ith stimulus is

presented at timg.tThen the unknown parameters can be found by fitting the observed data to this

N X2

. . - . . a3 N9
function using a least mean squares curve fitting teckniqs E\mga&iata- aro Y Some relevant
\a, =1 =

-O: OO

features that can be extracted include ttmpeak, amplitude and full width half maximum.
One finalprocessing methothat is worth mentioningan be used to extract zecmssingand
consequently phas@formaion from voltage recordinglt was proposed byicCluskey et al®®. A

typical output voltage by optical detectorsperiodic with periods . Then the amplitude and dc offset

1 tao J2 o 28
were calculated by (t) = N aV, andV,.(t) = Wéa W, - Vi) u » where k is a discrete time.
k=t € k=t u

To determine the phase, a zerossing method was used. Assuming a perfect sine wave, the signal is

given byV, =V, +V,.sinmt +q,) , where w=2p/¢t . Variation inV,. are small comgared toV,

so that we can writ/, - V. ° Vac Sinut +g,) . We then defineg, and g. to be the phase values
where the above crosses zero with a positive and negative slope, respectivelyut, +2np
andg, =-ut, (2n- Yp. The times were calculated using a nonlinear fit to four points. Then, the
average phase valigg, = (qn+ +q. )/2.

4.4 Software Packages for Optical Data Processing

Grattorf® (2000) developed a computer gram to produce maps of the (phase) optical response

for each data point and overlay them over sample images of the surface of the cortex. The same program
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allows for deriving statistical analyses across subjects for each data point, or for preses iatervai
plotting the data according the &ahch coordinates.

Another software package useful for processing optical d&#®BD*® (PreProcessing of
Optical Data; Matlab). This included 1) correction of phase 2) baseline correction 3) corregiudseof
artifacts (Gratton and Corballis) and 4) averaging. Averagesow-pass filtered with 100% robff
between 10 and 15 Hz and a filter length of 49 data points. Average wavef@omnputed for each

channel, participant and condition.
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CHAPTER 5: Path of Light in the Brain

5.1: Introduction

Head tissues vary considerably with respect to their optical propérfes example, bone has a
relatively high scattering coefficient but low absorption compared to gray matter. The cerebrospinal
fluid (CSP), a thin layer around and inside the brain, is almost transparent to light, but the subarachnoid
space in which it is contained contains dense webs of blood vessels. So, NIR light can travel without
much resistance in a direction perpendicular to theaserbut can travel very little in a direction parallel
since it will be absorbed. The opposite occurs with white matter, which has a very high scattering
coefficient and whose effect is to reflect most of the light reaching it.

Because the movement of pbos in the head is random, there is no preferred direction. If the
medium was infinite and homogenous, the movement of the photons could describe a sphere. However,
in reality, the diffusive tissue is surrounded by +abffusive air. In this situation, pitons that are very
close to the surface are likely to move outside the diffusive medium. Once they enter-thigusore
medium, their movement becomes rectilife&elow is a sample trajectory of photons injected by a

source located 3 centimeters frandetector.

Figure 11 Sample trajectory of photons. From [23]
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There exist two classes of methods for measuring optical properties oftissuelirect
techniquesoptical properties are found using nath more complicated than the BdeambertLaw.
Unscatered transmission measurements affdctive attenuation measurements examples oflirect
methods. In indirect techniques, a theoretical model of light scattering is used. This method can be
subdivided into iterative and neterative methods.nl indirect iterative methods, the optical properties
are implicitly related to measured quantities. The values of the optical properties are iterated until the
calculated transmission and reflection match the measured values. These methods are the mos
cumbersome but also allow the most flexibilitgome examples are diffusion theory, adeiogibling
models and Monte Carlo methodadirect noniterative methods use equations in which the optical
properties are explicitly given in terms of the measured ttjies An example of this type is the time
of-flight technique, in which a short light pulse is used instead of a continuous Wivef the
aforementionedypes of methods are prone to the following sources of error: 1) physiological condition
of the bological sample 2) irradiation geometry 3) boundary index mismatching 4) numerical apertures
in the sensing fibers 5) angular resolution of the detectors 6) separation of forward scattered and
unscattered light and 7) theory used for the inverse problefinding optical parameters based on

experimental data

5.2: Tissue Optical Properties via Experiment

There are several tissue optical parameters ¢hat be measured via experimeBliffuse
reflectance, total transmittance and collimated transmittannebeameasured using an integrating
sphere. From these experimental data, the optical parameters can be determined using an inverse Mont

Carlo techniqgueMonte Carlo will be addressed in section 5.4.



40

Figure 12 Experimental Configuration for single igt@ting sphere. From [59]
Pickering et al® introduce the double integrating sphere technique for measuring the optical

propertiesof tissue.



