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Abstract. We presentatechniguebasedon the Expectation-MaximizatiofEM) algorithmfor the

separatiorof thecomponent®f noisy mixturesin the Fourier plane. We performa semi-blindjoint

estimationof componentsmixing coeficientsand noiserms levels. A priori informationfor the

spatialspectrumof the componentandfor the mixing coeficientscanbe naturallyincludedin the

algorithm. This methodis appliedto the separatiorof distinctastrophysicaémissionson simula-
tionsof future obsenationswith the High Frequenyg Instrumenbf the Planckspacemission,dueto

belaunchedn 2007.Thesimulationgncludeamixture of astrophysicagémissiongndinstrumental
white noiseat the levels expectedfor this instrument.We have obtainedgood preliminaryresults
with thistechniquepeingableto blindly separat@oisy mixtureswith 3 components.

INTRODUCTION

Therestitutionof signalsorimagedrom theobsenationof their mixtureshasgrown into
a field of itself now classicallycalled“sourceseparation"Astrophysicspeinga field
of physicsin which nearlyall the informationwe cangetaboutthe physicalprocesses
occurringin verydistantplacess throughobsenationof theirelectromagnetiemission,
is naturally a field in which sourceseparatiormethodscan be usefully applied.One
suchapplication of particularimportancecanbefoundin millimeterandsubmillimeter
astronomy

Mappingandinterpretingsky emissiongn the millimeter and sub-millimeterrange
recentlymadepossiblethanksto dedicatedsensitve balloonborneandspacebornein-
strumentsjs indeedone of the main objectvesof presentandupcomingobsenational
effort in astronomy Among the scientific objectivesof theseobsenations,the precise
measuremenf primordial temperaturend/orpolarisationfluctuationsof the Cosmic
Microwave Background CMB) radiationis oneof the priorities, which hasbeengiven
recentlya tremendougmphasisThis radiation,emittedsomel2-15billion yearsago,
cornveys a large amountof informationaboutour universeasa whole. The importance
of measuringanisotropieof the CosmicMicrowave Background(CMB) to constrain
cosmologicamodelsis now well establishedin thepasttenyears tremendousheoreti-
calactvity demonstratethatmeasuringhepropertieof these¢emperaturanisotropies
will constraindrasticallythe cosmologicaparameterslescribinghe mattercontentthe



geometry andthe evolution of our Universe[12, 13]. Recently balloon-borneexperi-
mentssuchasBoomerang4] andMAXIMA [9] have measurethe CMB anisotropiesn
smallpatchef the sky at higherangulamresolution(~ 0.2°) placingstrongconstraints
onthequasi-flatnesef theUniverse A new generatiorof satelliteexperimentswill pro-
vide shortlymulti-frequeng obsenationsof themicrowave andfar infraredemissionof
the sky, with asa main objectve the precisemappingof CMB fluctuationsover the sky
at high angularresolutionandwith unprecedentedccurag. Oneof thesemissionsthe
Microwave Anisotropy Probe,hasbeenlaunchedoy NASA endof june2001,andwiill
provide full sky 15-30arcminuteresolutionmapsof thesky in threefrequeng channels
with high signalto noiseratio in eachpixel. Even more sensitve by an orderof mag-
nitude,the Planckmission,to be launchedoy ESAin 2007,will provide full sky maps
with 5-30arcminuteresolutionin 9 frequeny channeldbetweer30 and850GHz.

The accuraciesequiredfor precisiontestsof the cosmologicaimodels,however, is
suchthatit is necessaryo achieve precisiononthe CMB mapswell below theexpected
level of contaminationfrom astrophysicalforegrounds".Indeed,thereare at least6
differentphysicalemissionprocessesvhich will contrikbute significantcomponentsn
the Planckobsenations.Thus, it is crucial for the succes®f thesefuture missionsto
separat€MB andforegroundsn theobsenedmicrovave maps.Theseparatiomf these
emissiondy adaptedsourceseparatioomethodds expectedo be oneof the mainsteps
in theanalysisof future CMB data.

Sofar, two setsof independenalgorithmshave beenproposedMEM and Wiener
filtering [3, 17, 11] for which the electromagneticspectrumof the componentss
assumedknown, andblind Independen€Component&nalysis(ICA) [1] for whichnoa
priori is assumedThe former algorithmsgive promisingresultsalthoughare strongly
limited by the uncertaintiesn the electromagnetispectrumof the componentsvhich,
aswe indicatedabove, canbe severefor someof them.The ICA algorithmhasshown
promisingresultsfor simplified non noisy mixturesbut hasnot yet attaineda sufficient
gradeof sophisticatiorto accountfor instrumentahoiseandbeamsmoothing.

We proposean alternatve method for the separationof componentsin multi-
frequeny CMB data,basedn the exploitationof the spectraldiversity of thedata.The
maximisationof the likelihood is achieved with an Expectation-Maximizatior(EM)
algorithm. Our methodpermitsthe simultaneousestimationof the spatialdistribution
of the componentsand of their electromagneticontinuumspectrumof emission.In
section2 we describethe basicmodelfor noisy mixturesin the framework of the sepa-
rationof CMB andforegrounds.In section3 we presensimulationsof the HFI Planck
obsenationswhich are usedto testthe separatiomalgorithm. Section4 describesn
detailthe EM algorithmappliedto the separatiorof componentsSection5 summarizes
themainresultswe obtainby applyingthe EM algorithmto our simulations.

MODELING CMB DATA AND FOREGROUNDS

We classifythe mainrelevantastrophysicatomponentsn the millimetre rangein three
kinds of componentsThe CMB anisotropy signal, cosmologicalin origin, hasbeen



emittedin the very distantpastasa relic radiationfrom timeswhenthe universewas
fully ionisedand beforeastrophysicabbjectsas galaxiesand clustersformed. Extra-
galacticforegrounds,lessdistantin origin, are dueto emissionscoming from outside
ourgalaxy Galacticcomponentdjnally, originatefrom ourown galaxy andarestrongly
pealed towardsthe galacticplane.The main emissionsat millimeter wavelengthscan
besummariseas:

1. CMB anisotropies.
2. Extra-Galactic Foregrounds
+ Pointsourcegradio-galaxiesinfraredgalaxiesguasars).
« The Suryae/-Zeldovich (SZ) emissionin clustersof galaxies.
3. Galactic Foregrounds
» Dustemissionthermalemissionfrom intragalacticcold dustgrains.

» Synchrotronemission:radiationfrom relatvistic electronsin Galacticmag-
neticfields.

+ Free-Freg¢Bremsstrahlungg¢missionradiationfrom free Galacticelectrons.

Thesecomponentare known to have differentspectralemissionlaws asa function
of theobservingfrequeng v. Therefore the separatiorof the variousemissionscanbe
achiezed usingmulti-frequeny obsenations,i.e. the obsenation of the sky at different
wavelengthswith componenseparationechniquedasednthediversity(andpossibly
the prior knowledge)of electromagnetispectraof foregroundsand CMB, andalsoon
the spatialstatisticalindependencef the differentcomponentsFor the CMB andSZ
effect the electromagnetispectrumis accuratelyknowvn and can be includedin the
separatiormethods[11]. However, for the restof the componentsve dispose,n the
bestof the casespnly of spectraextrapolatedrom distantfrequencieg5]. The spatial
spectrunof the componentss not known althoughreasonablygoodextrapolationscan
be obtainedrom obseneddataat lower resolution[3].

As afirst stepin discussingcomponenseparatiortechniqueswe presentthe basic
modelwhich canbe usedto describethe obsenedsky emissiony, () at positionr and
atfrequeng v. In the millimeter andcentimeterangeof the electromagnetispectrum,
y,(r) canbe consideredas a linear superpositiorof CMB radiation ¢ 5(v,7) and
foregroundemissionss s (v, r) corvolvedwith theinstrumentatesponsef the detectoy
b,(r), whichis hereassumedo be symmetricfor simplicity. We have :

y(r) = Scmp(v,7) x by, ( +Z$f v,7) x b, (1) +mn,(r) (1)

Ny representshe numberof independentoregroundcomponentgonsidereds defines
the corvolution operatorandn, (r) is theinstrumentahoiseof the detector

In the caseof the CMB radiationthe spatialand electromagnetiérequeng depen-
dencecanbeseparated,

SemB(V,7) = 9cmB(V) X ScmB(T)
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FIGURE 1. Spatialtemplateof the CMB, dustandSZ componentsisedin the simulationspresentedh
thetext. For visibility the SZtemplateis displayedn log scale.
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FIGURE 2. Electromagnetispectrumof the CMB, dustand SZ componentsisedin the simulations

presentedn thetext. Thesespectrdully definethe missingmatrix Ab whenthe beamsmoothingeffects
arengglected.

beinggcmp(v) andscyp(r) the CMB electromagnetispectrumand spatialdistribu-
tion respectrely. For mostforegroundcomponentsve canalso,at leastto first approxi-
mation,separatehe spatialandfrequeng terms[3, 11] sothatequationl reads

Y (r) = goms(v) sous(T) xbu(r)+ Y g5 (v) sp(r)«b,(r) +n,(r)
f=1

whereg; representshe meanelectromagnetispectrunof the foregroundcomponents.
Typical spatialtemplatedor CMB, dustand SZ emissionsareshaown in figure 1, and
thespectrakemissionaw (asafunctionof electromagnetifrequeng) in figure 2.



From the modelingpoint of view, the CMB componenis not specialandtherefore
we canwrite

y(v,r) = Zgi(V) si(1) % by (1) + 1, (7)

whereN, = N+ 1. Thus,for asetof detectorsi =1, .., N; operatingatelectromagnetic
frequencies,

ya(r) = ZC:Adi si(1) % bg(7) + ng(r) (2)

whereAy; = g;(vy) isa Ny x N, matrix calledthe mixing matrix.

If we assumehe instrumentaresponsef the detectordo be spatiallyinvariantit is
morecornvenientto work in Fourier spacesincethe corvolution in equation2 becomes
asimplemultiplicationandwe obtain

Ne

Ja(k) = Aui(k) 5 (k) +ia(k) 3)

=1

where fldi(k) = Adin(k). Further equation3 is verified for each Fourier mode k
independently

Hereafterto simplify the mathematicaformalismin the following sectionswe will
notincludethebeamsmoothingn theanalysissothatequatior in matrix notationand
for eachmodek becomes

y(k) = A s(k)+n(k) (4)

wherey, s andn are columnvectorscontainingNy, N, and N, complex components
respectrely, andthe matrix A hasdimensionsV, x N..

Note that the separatiorof componentsequiresthe joint estimationof the sources
s andthe mixing matrix A (or at leastsomeof its elements)In practice,the noise
covariancematrix, R, = E (nn”) is notvery well known andin mostcasesasalsoto
be estimatedrom theobsereddata,y.

SIMULATED OBSERVATIONSFOR THE PLANCK HIGH
FREQUENCY INSTRUMENT

The Plancksatellitewill measurdhe emissionfrom the whole sky in the electromag-
netic frequeng range30 to 850 GHz. The datawill be taken usingtwo independent
instrumentsthe Low Frequeng Instrument(LFI) andthe High Frequeng Instrument
(HFI1). Here,we only consider(asa startingpoint for devising andtestingcomponent
separatioomethods}Yhe HFI instrumentwvhich obsenresthesky in 6 frequeng channels
betweenl100 and 850 GHz. In the frequeng rangeof the HFI instrument,the CMB



radiationdominatesatlow frequenciesandthedustemissionat high frequenciesin ad-
dition, we expectsignificantcontribution from the SZ effectin clustersof galaxies.The
restof the foregroundcomponentgpresentweak emissionat the HFI electromagnetic
frequencies.

We simulate following the modelintroducedn section2, obsenationsfrom 6 detec-
tors (I, = 6) correspondingo the 6 HFI frequeng channelsTo reducethe computing
time we restrictour simulationsto small patchesof the sky of 300 x 300 squarepixels
of 2.5 arcmin as describedin [7]. Working on small mapsfinds also a theoretical
justificationin thefactthatthe spectrunof emissionof the dust(for instance)s known
to vary slightly from a region of the sky to the other The instrumentalnoisefor each
detectoiis consideredvhite andGaussiarof zeromeanandof rmsexpectedor the HFI
instrumentchannelsWe alsoassumeno correlationbetweenthe noiseof the different
detectors.

The simulationsinclude 3 componentg /N, = 3), CMB radiation,dustemissionand
SZeffectin clustersof galaxiesThe CMB components aGaussiamandomlygenerated
realisationof CMB anisotropie®btainedfrom atheoreticakpatialpower spectruncal-
culatedwith CMBFAST [16]. The electromagnetiérequengy dependencef the CMB
componentis the derivative with respectto temperatureof a PlanckBlackbodyspec-
trum, attemperaturd=2.726K. The dustcomponentvasobtainedby extrapolationof
theIRAS satellite100 xm map(which senesasa spatialtemplate)to the HFI frequen-
cies,with an electromagnetispectrumproportionalto v*B, (T = 17.5K). Finally, the
spatialtemplatefor the SZ componentdueto the inverse-Comptorscatteringof pri-
mordial photonsby hot electronsn theionisedgazpresenin clustersof galaxieswas
obtainedfrom a simulationof the spatialdistribution of the SZ comptonizatiorparam-
eter[6]. Theemissionlaw of the SZ emissionis known theoreticallyanddependonly
on the frequeng of obsenation (in the Kompaneetsapproximationwhich we assume
here,seg[2] for details).

The simulatedobsenationsareobtainedfrom the superpositiorof the threeabove spa-
tial templateswith mixing coeficients setby the electromagneticpectraof emission
andthefrequeng of obsenation. The obsenationsusedasinputsin the separatiorpro-

cedure(with noiseaddedat the level expectedfor PlanckHFI detectorsyareshown in

figure3.

THE SEPARATION METHOD

Theblind separatiorof sourcesonstitutesa commonexampleof missingdataproblem
(problemsfor which only partialinformationis available)in the literature[14]. Indeed,
following equatiord andconsideringhe estimationof the mixing matrix, A, from a set
of obsenationsy, we canconsidetthe component®f themixture, s asthemissingdata
in our problembecauséhey arenot directly availableto the obserer. As discussedn
the previous sectionswe are alsointerestedn the estimationof the noisecovariance
matrix, R, which canbe considerecdsanadditionalparametem the separation.
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FIGURE 3. Simulatedobsenationsof thesix HFI channels.

Given the obsenations y, our approachis thus to estimatefirst the mixing ma-
trix A andthe noisecovariancematrix R, by maximizingthe log-likelihoodfunction

log p(y1.x| A, R),

(2, ﬁe) = argmax logp(yi.x | A, R,)
A

5Re

The maximizationof this log-likelihoodwill be madewith a specificimplementation
of the ExpectatiorMaximization(EM) algorithmintroducedoy DempsteiLaird-Rubin
in [8]. The estimationof the sourcetemplatess doneafterwardsby invertingthelinear
systemy = As+ n usinga classicalinversionmethodasdoneby Bouchetand Gispert
in [3].

The EM algorithm: formalism

Let’s considera missingdataproblemwith obsereddata(y(k))xe1..x3 andmissing
data(x(k))keq1..x3, for which we wantto estimatethe setof parameters. Hereaftey
we will noteasthe incomplete-datgroblemthatfor which only the obsered dataare
usedto obtainthe unknavn parametersandthe complete-datgroblem,thatfor which
themissingdataarealsoconsideredn the solution.



An optimal estimateof 8, 6 can be obtainedby maximizing its incompletelog-
likelihoodfunction,
L(0) =logp(y|0)

However, in mary practicalcasesthis function is comple< and difficult to work with
andit is morecorvenientto solve the complete-dat@roblem.

The EM algorithm permitsto solve the incompletedataproblem.lIt is an iterative
algorithmwhich generatea sequencef approximationgo find the maximumobsened
likelihoodestimatomwhenonly partialinformationis available,by maginalizingateach
iterationover the missingdata.

At iterationj + 1 of thealgorithmwe canwrite
0 = M(#) (5)

where M is a mappingfunction, namedthe re-estimationtransformation After the
initialization to an arbitrary point 8° € ®, the new estimateof @ is computedusing
equation(5), until a fixed point is obtainedsuchthat 8°** = ’. The mappingM is
performedn two steps

- E-step: Computatiorof Q(8,6”) =E [logp(y,z| ) |y,6’]
« M-step: Find @' = argmax Q(6,6?)
0c®

where p(y |0) and p(y,x|60) denotethe incompleteand the complete probability
distributionsrespectrely.

A fundamentalproperty of the EM algorithm is the fact that it ensuresthe
monotonousincreasing of the incomplete likelihood function. Any value of @
suchthat Q(0,607) > Q(6’,8%) increasesas well the incompletelog-likelihood, i.e,
L(8) > L;(6”). Moreover, 8 is a critical point of the incompletelikelihood p(y | )
if andonly if it is a fixed point of the re-estimationtransformation, M. A more de-
taileddescriptiorof the corvergencepropertieof theEM algorithmcanbefoundin [8].

Basic stepsin the EM algorithm

The implementatiorof the EM algorithmstartsby choosingan initial guessfor the
unknown parametersf®, which is usedin the first iteration of the algorithm. Then, at
eachiterationj + 1 thefollowing basicstepsareperformed

. o=9.
« ii) E-step:ComputeQ(6',0).
« iii) M-step:Find @ suchthatQ(6’**,8) > Q(6’,0) for all §' € ©.

Theiterative procedurds stoppedvhena fixed pointis reachedsothat@’+* = 7.

Penalized EM algorithm



In a Bayesiarframework, we canconsiderthe parameter® asrandomvariablesdis-
tributedaccordingto ana priori p(0 |£). Thea posterioridistribution for 8, p(0 |y, &)
canbeconsideredsa penalizedversionof thelikelihoodp(y | #) suchthat:

pP(0|y, &) xp(y|0)p(0]¢)

The EM algorithm can be extendedto a penalizedversionthat corvergesto a local
maximumof thepenalizedrersionof thelik elihoodfunction[10]. The penalizedsersion
of the EM functional@,(8,6") is givenby:

Qy(0,6’) = E[logp(y,z,0|¢)|y,6]
Ellogp(y,z|0)|y,0’] +logp(0]¢)
= Qur(0,6°)+logp(0 &)

Application of the EM-algorithm to sour ce separation

Missing infor mation model

Now we considerthe applicationof the EM algorithm to the problem of source
separationn FourierspaceFor thisreasonwe call it Spectral EM algorithm.

As discussedn section2, at eachmodek, the vectorof obsenationsy arisesfrom
thefollowing model

y(k) = As(k)+n(k)

Matrix A is the unknownn (or partially unknovn) mixing matrix and we assumethat
n(k) is a zeromeanGaussiarwhite noisewith unknovn diagonalcovariancematrix
R.. Wewill conside® = (A, R,) theunknovn parameterso be estimated.

The incompletelik elihood function we want to maximize,p(y:.x | A, R.), canbe
derived by mamginalizing the joint distribution p(y1.x, s1.x | 4, R.) over sourcesas
follows:

p(y1..K | A, Re) = / p(y1..K, S1.K | A, Re) dsi .k

81..K

In our method we assumea prior knowledgeof thesourcespatialpower spectraj.e.
the components (k) areassumedo follow ana priori probability distribution of the

form
p(s(k)|C(k))

where(C})er representhea priori spatialpower spectrunshape.
Assumingstationarityfor the sourcesthe Fourier modesare not correlated.In ad-

dition, we supposeéheir independencandthuswe canperformthe separatiorat each

Fourier modeindependentlyThe independencén the spectraldomaincan be written



as:

P ((s(k))ker | (C(k))ker ) HP

p((n(k)ker | Re) = [ [ p(n(

kel

Becausef thisindependencek is replacedby theintegerindex £ andI = {1..K} isa
fixedarbitraryarrangementwhereK is thenumberof Fouriermodes.
We canwrite the completedata(y;  x, s1..x) probabilitydistributionas

K K
P(Y1.x, 81| A, R) = Hp(yk sk A, R) Hp(sk | Ck)
k=1

k=1
sothat,thecompletdog-likelihoodfunction L. is givenby

ﬁc(A, Re) = logp(yl..x, S1.K | A, Re)

K K
= Z:logp(y,C |sy A, R,) + Zlogp(sk | C)

k=1 k=1 ©)
=Y <_§\27rRe| - 5(?,rzc—Ask)TRZ1 (Y —ASk)> +cst
k=1

Implementation of the Spectral EM algorithm
ThefunctionalQ(0, 8%) is givenby
Q (9 | oj) = Es|oj [log P(Y1.k, 81k |0) | Y1k, oj}
= fsl__K log p(y1.x, 81.x|0) p(s1.x | Y1k, aj) dsi. .k
andusingequation, we get,
016°) = - logor R — K11 (RV(R,, — ART, — Ry, A" + AR, A t
Q( | )__5 Ogﬂ- 5_5 r( € (Ryy_ yS_RyS + S8 ))"’CS
where
Ry = 13, uE [s] |y 6] (7)
Ry = £,E [sesf us0)

To obtaintheparamete®’™ = (A7+!, RJ*1) atiterationj + 1, we solvethefollowing
gradientequationswith respectto A and R, in orderto maximizethe functional Q.

{ijy = % rYkYi



The completelog-likelihood function L. of equation6 is quadraticas a function of
A andconsequentlythe functional Q(A, R.| A’, R!) is alsoquadratic in A andits

. . . ~ —~j+1
derivative with respecto R, canbe easilycalculated Therefore,A’*! and Rf are
easilyderived.

04 — KR7'(Ry,— AR,,) =0

(8)
s =%R 'R, — ARL,— R,A" + AR, AT)R.' - KR ' =0
whichyieldsto there-estimatiorequations
ATt = ﬁys (ﬁw)_l
9)

Rit! = Ry A]+1RT Rys(Aj+1)T + AR, (ATTHT

We now focuson the computationof the statistics(7) involvedin the re-estimation

transformation(9). The statistic ﬁyy, which representghe auto-cwarianceof the
obsenations,is directly computedrom thedatay; ., andremainsconstanthroughout

iterationsof the EM algorithm. The statistic ﬁys representst.he a posteriori cross-
covarianceof the obsenationsand the sourcesand the statistic Rss representghe a
posterioriauto-cwarianceof thesourcesThestatlstlcsRys andR,, need respectiely,
the computationof the a posteriori expectationE [sk|yk, 0’] and the a posteriori

covariancek [s,c st |y, Bj] which dependsn the a priori distribution of the sources
p(s(k)|C(k)). We consideiin thefollowing two differentprior distributions:

(i) Gaussiarprior which corresponds$o the Wienerfiltering

(i) Entropicprior which corresponds$o the MEM decorvolution.

Gaussian prior:
Thea priori distributionof thesourcevectorsy isassumedo beazeromeanGaussian
with covarianceC}:

p(si | Cy) x exp [——skC sk}

Then,thea posterioridistributionis
p(8k|Yr; A, Re) ox exp [—P(sy)]
with

1 1
‘I’(Sk) = §(yk - ASk)TRe_l(yk - Ask) + ESZC’,C—lsk



Thus,theexpectationsaareeasilyderivedasfollows
E[si| =er= [ATR'A+C; '] ' ATR 'y,

E[syst] = [ATR'A+C} '] 't epel

Entropic prior:

For most foreground componentghe Gaussianprior doesnot fully representhe
underlyingphysicalprocessed:or thisreasonHobsonetal. [11] introducedanentropic
prior for the sourcesDefining h; a hiddenvectorsuchthat s, = Lih;, whereL, is
obtainedfrom the Cholesk decompositiorof the spectrunmof sources’),, the entropic
prior canbeexpressedsfollows

p(hy | my, o) x exp [aS(hg,my)]

whereS(hy, my) is thecomplec cross-entrop of hy, andm is adefaultmodelfor hy,

/

S(hemie) =35 [wka‘ — 2myj — hyjlog L

ka]‘
< wk‘j = 4 /hij +4m%]

Then,thea posterioridistribution of hy, is:
p(hk‘ykﬂ A, Rf) X €xp [_(I)(hk)]
with

1
®(hy) = 5 (ys — ALh)" R} (yy — ALhy) — aS(hy, my,)

Thefunction ®(h;) beingcorvex, the a posteriori expectationof h;, canbe approx-
imatedby the minimum h,, of this function andthe covarianceby the inverseof the
Hessian H (h;)]~' computedat this minimum:

E[sy] = Lhy

E[s;s?] = L[H (h;)] ' L” + E [s,]E [s,]*



The minimumﬁ,c canbecomputedwith aniterative minimizationalgorithm.Expres-
sionsfor the gradientandthe hessiarof ® areeasilyderived,

2mu;

Vi ®=L"ATR;'(ALh;—yi) +« [10g (M)L_M

Vi & = LT AT R AL+ adiag[2my,j /)]

APPLICATION TO PLANCK HFI SSIMULATED OBSERVATIONS

Prior information

Thepenalizedorm of thespectraEM algorithmpermitsto naturallyincludea priori
informationaboutthe parametersve wantto estimateln thecaseof CMB obsenations,
one will naturally disposeof additional information from theoreticalpredictionsor
from previous obsenationsat the sameor otherelectromagnetiérequenciegalthough
in most casesat lower resolution).We cantake thoseinto accountin the separation
procedureln particular the electromagnetispectrumof the anisotropieof the CMB
radiationis accuratelyknown at centimetreand millimetre wavelengths andtherefore
thereis no needto estimateit. Further the emissionfrom dust grainshasalso been
measuredby the IRAS satelliteat 100 zm providing afirst classtemplateof it.

For afirst testof the convergencecapabilitiesof the algorithmwe have only consid-
eredweaka priori informationaboutthe spatialspectrumof the componentsFor the
CMB componentthe a priori spatialpower spectrumwastakento be the theoretical
modelfitting bestcurrentobsenations[7] andfor dust,the meanspatialspectrummea-
suredby the IRAS satelliteat 100um [15]. A circular spatialspectrumwas assumed
asa prior for the SZ componentThis spectrumwas obtainedfrom an empiricalfit to
numericalsimulationsof SZ templateqd6]. No prior informationwasassumedor the
electromagnetispectrunof thecomponentsi,e., no prior onthe mixing matrix.

Results

The spectralEM algorithm has beenapplied to the simulatedHFI obsenations
presentedn section3. The prior informationon the spatialspectraof the components
is usedfor a Wiener filtering estimationof the missing dataat eachiteration of the
algorithm.The algorithmhasbeenimplementedn C andneedsabout20000iterations
to attaincompleteseparatiorrunningon a LGHzPENTIUM IV PC,for atotal running
time of about8 hoursof CPUtime on 300 x 300 pixelsmaps.

The recoveredspatialdistributions of the componentsare shavn in figure 4. CMB
anddustcomponent@arerecoveredsatistctorily, with signalto noiseratio of about5,
betterthanthe signalto noiseratio in ary of the detectorsThe SZ is recoveredwith
signalto noiseof 1, notvery satisfctorily (althoughthe brightestclusterscanbe picked
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FIGURE 4. Recorered spatialtemplateof the CMB, dust and SZ componentsFor visibility, the
recoveredSZis displayedn log scale.
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FIGURE 5. Thefigure shavs the recoreredelectromagnetispectrumof the componentgdiamonds)
overplottedto theinput spectrum(solid lines).

by eye on the output). This is essentiallydueto its pealy structurefor which a Fourier
treatmentvith very limited spectrak priori informationis notvery appropriate.

Therecoveredelectromagnetispectraareshovnin figure5. The CMB anddustspec-
tra arerecoveredto betterthan 1% for all detectorsvherethe level of the components
is notngyligible. Therecoveredelectromagnetispectrunof the SZ emissionwasmul-
tiplied by a global calibration factor due to a mismatchbetweenthe assumecdower
spectrumand the true (empirical) one. In this way the true spectrumis recoveredto
betterthan10%for thosechannelswith significantSZ contrikbution.

CONCLUSIONS

The spectralversionof the EM algorithm presentedn this paperconstitutesa useful
tool for the semi-blindseparatiorof astrophysicacomponentsn noisy mixturesand



in particularto separateCMB andforegroundcomponentsn future spaceobsenations
of the CMB. A first testof the algorithm on simulatedPlanckHFI obsenationswith
3 componentsCMB, dustand SZ emissionshas beenproven successfulWe have
beenableto achieve completeseparatiorwith signalto noiseof 5 andalsoto recover
the electromagneticspectrumof the componentdo betterthan1 % in about20.000
iterations.

In the presentanalysiswve do not considertthe smearingout of theobsenationsdueto
thefinite resolutionof the detectorsHowever, the spectralEM algorithmcanbe easily
modifiedasproposedn section2 to accountfor this. A modifiedversionof algorithm
is alreadyundertestingandwill permitthe separatiorof multi-frequeny obsenations
atdifferentresolutions.

Furtherdevelopmentof the algorithmis in progressncluding betteruseof the avail-
ableprior information.In realexperimentspnewould lik e to take advantageof thefact
thatthe electromagnetispectrumis known for someof the componentsn which case
thereis no needto estimateit within the separatioralgorithm. The EM algorithmas
presentedherecannaturallyaccountfor this factby eitherreducingthe numberof free
parameterso estimateor includinga penalizatiortermwhenonly partialinformationis
available.A first versionof the algorithmimplementingthe formeris alreadyavailable
andproducegyoodpreliminaryresults.

The major dravbackof our presenimplementatiorof the spectralEM algorithmis
the computationtime neededfor convergence(about20000iterationsand 8 hours of
CPUto cornverge to completeseparation)The acceleratiorof the algorithmis needed
beforeit can be appliedto full sky datasetsor testedstatistically by Monte-Carlo
methodsAccelerationtechniquesrecurrentlybeingexplored.
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