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Abstract—We proposea signal subspacéasedFunctional
MagneticResonancémage(fMRI) signalenhancemerfol-
lowed by Maximum A Posteriori(MAP) estimationof pa-
rametersof HemodynamicResponsd-unction (HRF). The
fMRI time-serieswhich is corruptedby physiologicaland
scannemnoise,is alow SNR signal. This signalis projected
ontosignal-plus-noisspaceandthenenhancedh this space.
The enhancedignalis thenusedto estimatethe parameters
of the HRF usingMAP estimation.Preliminaryresultsindi-
catethatsignalenhancemergreatlyimprovesthe estimation
performance.

1. INTRODUCTION

MagneticResonancémaging (MRI) givesstructuraldetails
of the organimagedwhereasfunctional MRI (fMRI) gives
dynamicsof the brain. fMRI is a nonirvasive techniqueal-
lowing for the evolution of brain processedo be dynami-
cally followedin variouscognitive or behaioral tasks.fMRI
attemptsto detectbrain actiity by localized, nonirnvasive
measurementsf the changein blood oxygenationcalledas
BOLD (blood oxygenationlevel dependentfontrast. Mea-
surementsare collected under controlled conditions when
subjectsperform specifictaskspromptedby somestimulus
(e.g., motor task or visual task). Thereare two dominating
designparadigmsfor fMRI experiments. In block design,
subjectsrepeatthe task for extendedperiodsof time inter
leaved with similarly long periodsof inactiity. In single-
trial design(also called as event-relateddesign),the taskis
performedonly once,followed by inactity (rest). This al-
lows the full responsevoked by the taskto be analyzed.In
applicationdik e behaioral studieswherethetaskcannotbe
repeatedthis designis very useful. We areinterestedn the
analysisof single-trialfMRI data.

In the block design,the focuswas on detectingthe regions
of activation[1], [4]. In single-trialdesign,we areinterested
in characterizinghe BOLD signal[5], [6], [7]. A corve-
nientway to analyzeBOLD fMRI consistof consideringhe
brainasalinearsystemcharacterizedy its transferfunction
calledasHemodynamidrespons&unction(HRF). TheHRF
is the signalthatBOLD fMRI would measurén responseo
a single,very shortstimulusof unit intensity Although ser-
eraldepartureiave beenreportedrom linearity [6], it is be-
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lievedthatthe linearity assumptiorholdsin a wide rangeof
experimentalconditions. Estimationof the HRF is of great
interestin analyzingfMRI data. It cangive a deepinsight
into theunderlyingdynamicsof brainactivationandrelation-
shipsbetweenactivatedareas. For thesestudies,HRF can
be modeledby parametricfunctionslike GaussianPoisson,
Gammafunctionsetc. The parametersuchasmean(time to
peak)signifiesthedelayin theresponséo activation;disper
sion givesrise and fall rate of HR andthe amplitudegives
the strengthof the responseln the next section,we give the
detailsof the model. In this work, by assuminghatthe lo-
cationof the activatedregionsis known, we estimatethe pa-
rameterof the HRF usingthe maximuma posteriori(MAP)
technique. We decidethe prior requiredfor the parameter
consideringhe experimentat hand.

Generally the signal recordedduring an fMRI experiment
consistsof colorednoisewith the requiredBOLD response.
The noise is due to physiological sourcessuch as pulse,
breathingetc., and systemsourceslike scannerand noise
drift. The noisealso dependsupon the acquisitiontime or
repetitiontime (TR) which decideshe aliasingof the above
noisesand signal power. Generally signal to noise ratio
(SNR) is very low. This posesdifficulty in estimatingthe
parametersf HRF. Hencearobustdenoisingechniques re-
quiredto enhancehe signalof interestwhich in turn would
improve the parametelestimation. Generallybandpassfil-
tering [5] is usedin reducingthe noisecomponent.in [4],
a subspacebasedapproachis proposedfor a block design
paradigm. The signal spaceis assumedo be spannedby
fourier basesandnoisesubspacés estimatedisingthe max-
imum likelihood estimation. Here, the motivationis to im-
prove the detectionof activation. In this work, we propose
a subspaceapproactbasedon [8] and[9] for enhancinghe
fMRI signal. We then estimatethe parameterof the HRF
from the enhancedMRI signal. This greatly improvesthe
estimationperformance. The performanceof enhancement
andestimationdependsiponthe samplingrate(TR).

2. MODEL FOR HEMODYNAMIC RESPONSE

Hemodynamiaesponseefersto the local changein blood
oxygenatiomasan effect of increasecheuronalactiity. This
changes notimmediatebut is delayedby 2-6 secondgrom
thestimulusonset.It is obsernedthatthis responséncreases
slowly and attainsmaximum and returnsto the baseline.
Several models, both parametricand non parametric,have



beenproposedn the literatureto characterizehis response.
Poissorfunction[1], Gaussiariunction[2], Gammafunction
[3] aresomeof the parametrianodelswhich parsimoniously
modelthe HRF In this work, we model HRF by Gaussian
function. The proposednethodgor signalenhancemerdnd
estimationcanbe appliedfor ary HR modelbut the advan-
tageof this modelis thatthe parametergive a physiological
interpretation5]. The hemodynamigesponsesa function
of time canberepresenteds:

h(t) = nexp(~(t.TR — p)*/o?) 1)

where,u representshe time lag from the onsetof the stim-
uli to the peakof HR; ¢ reflectsthe rise anddecaytime and
n denoteghe amplitudeof the responseasshowvn in Figure
1 andTR is the samplingperiod. Let 8 = [u, 0,7] denote
the unknown parameter®f the HR function. The response
of the brain for a giventaskcanbe modeledas convolution
of theHR functionandtheinputtask[6]. Theinputtaskcan
be consideredisa binary function of time which hasa value
1 during the period of taskanda value of 0 during the rest
period. Figure2 shavs the above corvolution of HR andthe
task. The obsened fMRI time-seriess corruptedby physi-
ologicalnoisedik e breath heartbeat,pulseandmotion arti-
facts. This noiseis in generalcoloredand posesproblemin
enhancingand estimatingthe requiredresponsesignal. The
obsenedfMR signalcanbe modeledas:

Yn(m) = Zm(k)hn(m—k)+w(m) m=1.Tn=1.N

k
2)
where,y,,, r andw arethe obsenedfMR time-serief nth
voxel, input taskand noisecomponentrespectiely. T and
N arerespectiely thetotal numberof fMR scansandvoxels.
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Figurel. A sampleHR functionwith parameterg, o, n

3. SIGNAL ENHANCEMENT

In this method we assumehatthe original signalis confined
to a subspacef the Euclideanspaceandthe noisefills the
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Figure 2. Signalmodel(a)HR function (b)Input activation
profile (c) corvolution of HR andinputactivation.

vectorspaceof the noisy signal[8]. Hence the vectorspace
of the noisy signalis composedf a signal-plus-noisesub-
spaceandacomplementaryoisesubspaceThe signal-plus-
noisesubspacer simply thesignalsubspace;omprises/ec-
tors of actualsignaland noiseprocessesndnoisesubspace
containsonly the noiseprocess.For enhancinghe required
signalburiedin noise,the signalis projectedonto the signal
subspaceandthentheit is enhancedrom this subspaceThe
modelusedin the subspacapproachassumeshatthe noise
signalis additive anduncorrelatedvith the signalof interest.
Theobsenredtime seriescanbewritten as

y=z+w @)

wherey, z andw areK-dimensionahoisyfMR obsenation,
cornvolution of HRF andinput taskandnoisevectors respec-
tively. Let z = H.y be a linear estimatorof the signal z,
whereH is a K x K matrix. Thelinearfilter H is designed
in suchawaythattheenegy in signaldistortionis minimized
subjectto a constrainton theresidualnoiseie.,

e=2—z=(H-DNz+Hw=c¢,+ ¢, 4

wheree, €, ande,, areobsenedsignalresidue signaldistor
tion andresidualnoise respectiely. Definingthe enegiesof
thesignaldistortion E, andtheresidualnoiseE,, as

E, = tr(E[ezei])
E, = tr(E[ewe’;]) (5)

where,’t’ is the transposeperator We solve the following
constrainedptimizationproblemfor the desiredfilter H us-



ing Lagrangeoptimization[8],[9].

mingE,
subjectto: B, /K < o® (6)

whereo? is a positive constant. The solutionto the above
equationis givenby [9]

Hopt = Rz (Rz + NR'w)_l (7)

whereR, andR,, arecovariancematricesfor the HR signal
andnoise respectiely andyu is theLagrangiarmultiplier. We
give theimplementatiordetailsof this methodin the follow-
ing sections.

4. PARAMETER ESTIMATION

After signal enhancementye estimatethe parameter® of
the HR function using maximum a posteriori estimation.
Considerthe signalmodelgivenby (2).

Ye = Ze + We (8)

whereye, z. andw, arethe T-dimensionalvectorsof en-
hancedsignal, corvolution of HR andinput stimulationand
residualnoise,respectiely and T is total numberof scans.
Let we be a zeromeanGaussiarrandomvariablewith co-

variancematrix C'. The conditionaldensityfunction of y.

givend is givenby

p(yeld) = (2m) "/ *det(C) /2 (9)
exp(—1/2(Ye — 2e)*C " (Yo — Ze)

We modeltheunknonvn parameterg, o andn asindependent
Gaussiamandomvariables.

p@) = plu,0,n) = p(p)p(o)p(n)
9 ~ N(mg,Vg)

where N () standsfor gaussiarprobability densityfunction,

my IS the vectorof meansof gaussiarrandomvariablesu,o

andn andVj is adiagonalmatrix whoseentriesarevariances
of the above gaussiarrandomvariables.We find § by max-

imizing the loglikelihood of posteriorprobability of § given
theobsenationye,.

pOlye) = p(yel®)p(0)/p(ye) (11)
log(p(flye)) = log(p(yel6)) + log(p(8)) — log(p(ye)

Theprior probabilityparameterany andVy arechoserusing
the prior knowledgeof the HRF It is obsenedthatwhena
stimulusof smallduration(unit impulse)is applied,the HRF
follows after somedelay and attainspeakafter about6 sec-
ondsof applicationof the stimulus[5]. Also HRF lastsfor a
durationbetweery to 12 seconddor anunitimpulseinput. It

is alsoobsenedthattheamplitudeof theresponse is around
4 units. This knowledgecanbeincorporatedy choosinghe
meansandstandardleviationsof u, o andn asfollows [5]:

(10)

p ~ N(my,0,) =N(6,1.732)
g ~ N(moaao) = N(27 1)
n ~ N(mg,,o,) =N4,1)

(12)

where,m,, m, andm, aremeansof u, o andn respectiely;
oy, 0, ando, arestandardeviationsof p, o andn respec-
tively. Thereforethe prior probability# canbe specifiedas:

0 ~ N(mg,Vy), where
my = [m;um(f;mﬂ]t = [674) 2]t
Vo = diag(aﬁ,a?,,af,) = diag(3,1,1)

5. SSIMULATION RESULTS

We usethefMRI datageneratedh Nationallnstituteof Men-
tal HealthandNeuroSciencegNIMHANS), BangaloreThe
time-seriesof fMRI volumeis acquiredat every 3 seconds
(TR = 3). To verify the performanceof the abose meth-
ods,we choosea patchof 10 x 10 from aslicewherethereis
no activation. We addthe corvolution of Gaussiarsignal of
known parameterwith inputstimulationsignal(boxcarfunc-
tion) to thetime-serief voxelsat known locations.We add
two syntheticHRFswith parameter$; = [5.5,3.2,3.2] and
0, = [7,2.5,4.7] atlocationsindicatedin figure 3. Now the
taskis to enhanceahesesignalsand estimatethe parameters
of theHR functions.We donotconsidetthefirst four samples
in every voxel time-seriego accountfor the scannersatura-
tion effects. We assumehatthe restconditionis from frame
t = 1tot = 60secs. andactivationconditionfrom ¢ = 60 to
t = 120secs followed by againrestconditionfrom ¢ = 120
tot = 300secs (N = 100)ie.,

z(t) = 1,
- 0,

t € (60,120)

otherwise

Beforeapplyingthe signalenhancemerfilter, meanof each
pixel time-seriesis removed. This amountsto removing

the structuraldetails of the fMR image. We estimatethe
noisecovariancematrix R,, from thefmri time-seriesvhere
thereis no HRF. Sincethe activationis betweerthe scan20
(t = 60) and40 (t = 120secs), the samplesrom y(1 : 20)

andy(46 : 100) at eachvoxel canbe usedfor estimating
R,,. Similarly, signal-plus-noiseovariancematrix R, is es-
timatedfrom the samplesy(21 : 45) at eachvoxel. Since
the noiseand ssignalare uncorrelatedthe covariancematrix
of signalR, is R,-R,,. We chooseu = 3 basedntheexper

imentalresults. We divide the voxel time-seriesnto frames
of 16 pointswith a 50 percentoverlap. HenceR, and R,,

would be 16 x 16 matrices. We apply the filter H,,; to the
framesand the enhancedsignal vectorsare hammingwin-

dowedandcombinedusingoverlapandaddmethod.Figures
4 and5 respectiely shav the original andenhancedaignals
at two voxelswith parameterg; andfd,. We thenapply the
MAP estimatorto estimatethe parametef). Figure6 shavs
the original andthe estimatedsignalsusingMAP andmaxi-
mumlik elihood(ML) estimatorsClearly, MAP givesagood
estimationprovidedprior is choserappropriately

6. CONCLUSIONS

We presente@dnew signalsubspacéasedapproacHor fMRI
signalenhancementThis involvesprojectinga fMRI signal



onto the signal-plus-noisesubspacend then enhancinghe
signalin this spaceby a statisticallinearfilter. Theenhanced
signalis thenusedfor parameteestimationof hemodynamic
responsdunction. We useMAP estimatorfor parametees-
timation choosinga properprior for the parameterWe com-
pareestimationusingMAP with Maximum Lik elihood Esti-
mation(MLE). MAP givessuperiorperformancever MLE.
Preliminaryresultssuggesthat signalenhancemengreatly
improvesthe estimationperformance.
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Figure3. (a)Activation Profile (b) Original HRFsat indi-

catedlocations
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Figure4. Signalenhancemenwith parametef; usingsub-
spacanethod.(a) OriginalfMRI Signal(simulated)(b)fMRI
signalin realnoise(c)Signalenhancedby subspacenethod
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Figure5. Signalenhancemenwith paramete#, usingsub-
spacamethod.(a) Original fMRI Signal(simulated){b)fMRI
signalin real noise(c) Signalenhancedby Subspacenethod

? — ho ?

-O- hmap
4 - hmle !

amplitude

— ho
-O- hmap
© - hmle

time (secs) @

time (secs)

Figure 6. HRF estimatecdby MAP andMLE (a) HRF with
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