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Abstract—We proposea signal subspacebasedFunctional
MagneticResonanceImage(fMRI) signalenhancementfol-
lowed by Maximum A Posteriori(MAP) estimationof pa-
rametersof HemodynamicResponseFunction (HRF). The
fMRI time-series,which is corruptedby physiologicaland
scannernoise,is a low SNR signal. This signalis projected
ontosignal-plus-noisespaceandthenenhancedin thisspace.
Theenhancedsignalis thenusedto estimatethe parameters
of theHRF usingMAP estimation.Preliminaryresultsindi-
catethatsignalenhancementgreatlyimprovestheestimation
performance.

1. INTRODUCTION

MagneticResonanceImaging(MRI) givesstructuraldetails
of the organ imagedwhereasfunctional MRI (fMRI) gives
dynamicsof the brain. fMRI is a noninvasive techniqueal-
lowing for the evolution of brain processesto be dynami-
cally followedin variouscognitiveor behavioral tasks.fMRI
attemptsto detectbrain activity by localized, noninvasive
measurementsof the changein blood oxygenationcalledas
BOLD (blood oxygenationlevel dependent)contrast. Mea-
surementsare collectedunder controlled conditionswhen
subjectsperform specifictaskspromptedby somestimulus
(e.g.,motor taskor visual task). Thereare two dominating
designparadigmsfor fMRI experiments. In block design,
subjectsrepeatthe task for extendedperiodsof time inter-
leaved with similarly long periodsof inactivity. In single-
trial design(alsocalledasevent-relateddesign),the task is
performedonly once,followed by inactivity (rest). This al-
lows the full responseevokedby the taskto beanalyzed.In
applicationslikebehavioral studies,wherethetaskcannotbe
repeated,this designis very useful. We areinterestedin the
analysisof single-trialfMRI data.

In the block design,the focuswason detectingthe regions
of activation[1], [4]. In single-trialdesign,we areinterested
in characterizingthe BOLD signal [5], [6], [7]. A conve-
nientway to analyzeBOLD fMRI consistsof consideringthe
brainasa linearsystemcharacterizedby its transferfunction
calledasHemodynamicResponseFunction(HRF).TheHRF
is thesignalthatBOLD fMRI would measurein responseto
a single,very shortstimulusof unit intensity. Althoughsev-
eraldepartureshavebeenreportedfrom linearity [6], it is be-
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lievedthat the linearity assumptionholdsin 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 Gaussian,Poisson,
Gammafunctionsetc. Theparameterssuchasmean(time to
peak)signifiesthedelayin theresponseto activation;disper-
sion givesrise and fall rate of HR and the amplitudegives
thestrengthof theresponse.In thenext section,we give the
detailsof the model. In this work, by assumingthat the lo-
cationof theactivatedregionsis known, we estimatethepa-
rametersof theHRF usingthemaximuma posteriori(MAP)
technique. We decidethe prior requiredfor the parameter,
consideringtheexperimentat 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 decidesthealiasingof theabove
noisesand signal power. Generally signal to noise ratio
(SNR) is very low. This posesdifficulty in estimatingthe
parametersof HRF. Hencearobustdenoisingtechniqueis re-
quiredto enhancethe signalof interestwhich in turn would
improve the parameterestimation. Generallybandpassfil-
tering [5] is usedin reducingthe noisecomponent. In [4],
a subspacebasedapproachis proposedfor a block design
paradigm. The signal spaceis assumedto be spannedby
fourier basesandnoisesubspaceis estimatedusingthemax-
imum likelihoodestimation. Here, the motivation is to im-
prove the detectionof activation. In this work, we propose
a subspaceapproachbasedon [8] and[9] for enhancingthe
fMRI signal. We thenestimatethe parametersof the HRF
from the enhancedfMRI signal. This greatly improvesthe
estimationperformance.The performanceof enhancement
andestimationdependsuponthesamplingrate(TR).

2. MODEL FOR HEMODYNAMIC RESPONSE

Hemodynamicresponserefersto the local changein blood
oxygenationasaneffect of increasedneuronalactivity. This
changeis not immediatebut is delayedby 2-6 secondsfrom
thestimulusonset.It is observedthatthis responseincreases
slowly and attainsmaximum and returnsto the baseline.
Several models,both parametricand non parametric,have



beenproposedin the literatureto characterizethis response.
Poisson� function[1], Gaussianfunction[2], Gammafunction
[3] aresomeof theparametricmodelswhich parsimoniously
model the HRF. In this work, we model HRF by Gaussian
function. Theproposedmethodsfor signalenhancementand
estimationcanbe appliedfor any HR modelbut the advan-
tageof this modelis thattheparametersgive a physiological
interpretation[5]. Thehemodynamicresponseasa function
of timecanberepresentedas:�������
	���
�������������� �����������! !"#���

(1)

where,
�

representsthe time lag from the onsetof the stim-
uli to thepeakof HR;

"
reflectstheriseanddecaytime and�

denotesthe amplitudeof the responseasshown in Figure
1 and

���
is the samplingperiod. Let $ 	&% �(')"*'��,+

denote
the unknown parametersof the HR function. The response
of the brain for a given taskcanbe modeledasconvolution
of theHR functionandtheinput task[6]. Theinput taskcan
beconsideredasa binaryfunctionof time which hasa value
1 during the periodof taskanda valueof 0 during the rest
period.Figure2 shows theaboveconvolution of HR andthe
task. The observed fMRI time-seriesis corruptedby physi-
ologicalnoiseslike breath,heartbeat,pulseandmotionarti-
facts. This noiseis in generalcoloredandposesproblemin
enhancingandestimatingthe requiredresponsesignal. The
observedfMR signalcanbemodeledas:
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where,-/. , � and
@

aretheobservedfMR time-seriesof
H#���

voxel, input taskandnoisecomponent,respectively.
�

andJ
arerespectively thetotalnumberof fMR scansandvoxels.
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Figure 1. A sampleHR functionwith parameters
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3. SIGNAL ENHANCEMENT

In thismethod,weassumethattheoriginalsignalis confined
to a subspaceof the Euclideanspaceand the noisefills the
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Figure 2. Signalmodel(a)HR function (b)Input activation
profile (c) convolutionof HR andinputactivation.

vectorspaceof thenoisysignal[8]. Hence,thevectorspace
of the noisy signal is composedof a signal-plus-noisesub-
spaceandacomplementarynoisesubspace.Thesignal-plus-
noisesubspaceor simply thesignalsubspace,comprisesvec-
tors of actualsignalandnoiseprocessesandnoisesubspace
containsonly the noiseprocess.For enhancingthe required
signalburied in noise,thesignalis projectedonto thesignal
subspaceandthentheit is enhancedfrom this subspace.The
modelusedin thesubspaceapproachassumesthat thenoise
signalis additiveanduncorrelatedwith thesignalof interest.
Theobservedtimeseriescanbewrittenas

L 	�M�>ON (3)

whereL ,
M

and
N

areK-dimensionalnoisyfMR observation,
convolutionof HRFandinput taskandnoisevectors,respec-
tively. Let PM�	RQB� L be a linear estimatorof the signal

M
,

where
Q

is a SUT2S matrix. Thelinearfilter
Q

is designed
in suchawaythattheenergy in signaldistortionis minimized
subjectto a constrainton theresidualnoiseie.,

V 	 PM���MW	7�1QX�CY,�?� MZ>;QB� N[	 V]\ > V]^ (4)

where V , V \ and V ^ areobservedsignalresidue,signaldistor-
tion andresidualnoise,respectively. Definingtheenergiesof
thesignaldistortion _ \ andtheresidualnoise _ ^ as

_ \ 	��a`b� _ % VK\cVKd\ +e�_ ^ 	��a`�� _ % V]^fVKd^ +e� (5)

where,’ t’ is the transposeoperator. We solve the following
constrainedoptimizationproblemfor thedesiredfilter

Q
us-



ing Lagrangeoptimization[8],[9].0hgiH#j _ \k�l#m�n 
po?�q��rts _ ^  Svu " � (6)

where
" �

is a positive constant. The solution to the above
equationis givenby [9]Qxway d 	�� \ �1� \ >;�z� ^ ��{#| (7)

where
� \ and

� ^ arecovariancematricesfor theHR signal
andnoise,respectivelyand

�
is theLagrangianmultiplier. We

give theimplementationdetailsof this methodin thefollow-
ing sections.

4. PARAMETER ESTIMATION

After signal enhancement,we estimatethe parameters$ of
the HR function using maximum a posteriori estimation.
Considerthesignalmodelgivenby (2).L#} 	�M } >;N } (8)

where L#} , M } and
N } are the T-dimensionalvectorsof en-

hancedsignal,convolution of HR andinput stimulationand
residualnoise,respectively andT is total numberof scans.
Let

N } be a zeromeanGaussianrandomvariablewith co-
variancematrix ~ . The conditionaldensityfunction of L#}
given $ is givenby��� L }=� $ ��	����!��� {q�:�K�p� 
p�?� ~ � {#|)�K� (9)
p�/�����<Ec /�=� L#} ��M } �a��� {z� � L#} �CM } �
Wemodeltheunknownparameters
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asindependent
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(10)$ � J;��0B�/'K�q���
where

J;���
standsfor gaussianprobability densityfunction,0 �

is thevectorof meansof gaussianrandomvariables
�

,
"

and
�

and
�q�

is adiagonalmatrixwhoseentriesarevariances
of theabove gaussianrandomvariables.We find $ by max-
imizing the loglikelihoodof posteriorprobability of $ given
theobservation -�� .��� $ � L } ��	 ��� L }=� $ �e��� $ �K ]��� L } � (11)�1rp�#����� $ � L } �)��	 �9rp�*����� L }�� $ �)��>;�9rp�*����� $ ���f�C�1rp�#����� L } �
Theprior probabilityparameters

0 �
and

� �
arechosenusing

the prior knowledgeof the HRF. It is observed that whena
stimulusof smallduration(unit impulse)is applied,theHRF
follows after somedelayandattainspeakafter about6 sec-
ondsof applicationof thestimulus[5]. Also HRF lastsfor a
durationbetween7 to 12secondsfor anunit impulseinput. It
is alsoobservedthattheamplitudeof theresponse

�
is around

4 units.This knowledgecanbeincorporatedby choosingthe
meansandstandarddeviationsof

�
,
"

and
�

asfollows[5]:� � J;�10h�*'K":�=�
	�J;�1�:'�E/���!�,�/�" � J;�10h�*'K":�=�
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where,
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aremeansof
�
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,
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and
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arestandarddeviationsof
�

,
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and
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respec-
tively. Therefore,theprior probability $ canbespecifiedas:
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5. SIMULATION RESULTS

WeusethefMRI datageneratedin NationalInstituteof Men-
tal HealthandNeuroSciences(NIMHANS), Bangalore.The
time-seriesof fMRI volume is acquiredat every 3 seconds
(
���U	&�

). To verify the performanceof the above meth-
ods,wechooseapatchof

E�£ T E�£ from aslicewherethereis
no activation. We addtheconvolution of Gaussiansignalof
knownparameterswith inputstimulationsignal(boxcarfunc-
tion) to thetime-seriesof voxelsat known locations.We add
two syntheticHRFswith parameters$ | 	¤% ¥=� ¥=')�=�¦��'K�=�¦�c+

and$ � 	§%¦�b'K�=� ¥='��¨�¦�c+
at locationsindicatedin figure3. Now the

taskis to enhancethesesignalsandestimatethe parameters
of theHR functions.Wedonotconsiderthefirst four samples
in every voxel time-seriesto accountfor the scannersatura-
tion effects.We assumethat therestconditionis from frame��	�E

to
��	���£ k 
co k � andactivationconditionfrom

��	���£
to��	[Ep�6£ k 
po k followedby againrestconditionfrom

�G	¤Ep�/£
to
�
	���£/£ k 
co k (N = 100)ie.,��������	 E/'©�«ªC�1��£='�Ep�6£,�	 £='¬rc���:
p`c@Gg k 


Beforeapplyingthesignalenhancementfilter, meanof each
pixel time-seriesis removed. This amountsto removing
the structuraldetails of the fMR image. We estimatethe
noisecovariancematrix

� ^ from thefmri time-serieswhere
thereis no HRF. Sincetheactivationis betweenthescans20
(
��	­�/£

) and40 (
��	§Ep�6£ k 
po k ), thesamplesfrom - ��E®sz�6£,�

and - �1����stE�£�£�� at eachvoxel can be usedfor estimating� ^ . Similarly, signal-plus-noisecovariancematrix
�Z¯

is es-
timatedfrom the samples- �9�=EOs°�,¥�� at eachvoxel. Since
the noiseandsignalareuncorrelated,the covariancematrix
of signal

� \ is
� ¯

-
� ^ . Wechoose

�±	��
basedontheexper-

imentalresults.We divide the voxel time-seriesinto frames
of 16 pointswith a 50 percentoverlap. Hence

� \ and
� ^

would be
E�� T Ep� matrices.We apply the filter

Q way d to the
framesand the enhancedsignal vectorsare hammingwin-
dowedandcombinedusingoverlapandaddmethod.Figures
4 and5 respectively show the original andenhancedsignals
at two voxelswith parameters$ | and $ � . We thenapply the
MAP estimatorto estimatetheparameter$ . Figure6 shows
theoriginal andtheestimatedsignalsusingMAP andmaxi-
mumlikelihood(ML) estimators.Clearly, MAP givesagood
estimationprovidedprior is chosenappropriately.

6. CONCLUSIONS

Wepresentedanew signalsubspacebasedapproachfor fMRI
signalenhancement.This involvesprojectinga fMRI signal



onto the signal-plus-noisesubspaceand thenenhancingthe
signal² in this spaceby a statisticallinearfilter. Theenhanced
signalis thenusedfor parameterestimationof hemodynamic
responsefunction. We useMAP estimatorfor parameteres-
timationchoosinga properprior for theparameter. We com-
pareestimationusingMAP with MaximumLikelihoodEsti-
mation(MLE). MAP givessuperiorperformanceover MLE.
Preliminaryresultssuggestthat signalenhancementgreatly
improvestheestimationperformance.
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Figure 3. (a) ActivationProfile (b) Original HRFsat indi-
catedlocations
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Figure 4. Signalenhancementwith parameter$ | usingsub-
spacemethod.(a)OriginalfMRI Signal(simulated),(b)fMRI
signalin realnoise(c)Signalenhancedby subspacemethod
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Figure 5. Signalenhancementwith parameter$ � usingsub-
spacemethod.(a)OriginalfMRI Signal(simulated),(b)fMRI
signalin realnoise(c) Signalenhancedby Subspacemethod
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Figure 6. HRF estimatedby MAP andMLE (a) HRF with
parameter$ E (b) HRFwith parameter$ �


