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ABSTRACT

We investigatethe assumptiorthat sourceshave disjoint supportin
thetime domain,time-frequeng domain,or frequeng domain.We
call suchsignalsdisjoint orthogonal. The classof signalsthat ap-
proximately satisfiesthis assumptiorincludesmary syntheticsig-
nals, music and speech,as well as somebiological signals. We
measurehe disjoint orthogonalityof the benchmarksignalsin the
ICALAB Toolbox in the time, time-frequeng, and frequeny do-
mainsandshav thatmostsatisfytheassumptionn atleastonerep-
resentation.In orderto comparethis assumptiorwith othercom-
mon sourceassumptionsye derive a demixingalgorithmfor noisy
instantaneoumixturesbasedn disjoint orthogonalityandcompare
its performanceo the algorithmsin the ICALAB Toolbox, all of
whichrely onthesecond-ordestatistics non-stationarityor higher
orderstatisticsof the sources.The resultsindicatethat space-time-
frequeny diversityis ausefulassumptiorfor thedesignof BSS/ICA
algorithms.!

1. INTRODUCTION

Blind sourceseparatiorandindependentomponentanalysisalgo-

rithmsleveragethe knowledgethatthe sourcessatisfycertainstatis-
tical or deterministicconditionsin orderto performthe separation.
Amari and Chiocki [1] list four commonsourcepropertyassump-
tionsthatform the basisfor mostBSS/ICAalgorithms:

1. Higherorderstatistics(HOS). Sourcesare statisticallyinde-
pendent. This is usually practically enforcedby looking to
the 4th ordermomentsor cumulantof the mixtures.

2. Second-ordestatistic§SOS).Sourcesaredecorrelated.

3. Non-stationarityandSOS(NS). Sourcesaredecorrelateé@nd
have time-varyingvariances.

4. Space-time-frequegdliversity (STF).Sourcesredisjointin
the time domain,time-frequeng domain, or frequeng do-
main. This is the assumptiorwe analyzein this paper An
alternatve STFassumptions presentedhn [2].

Mostmethoddall into oneof thefirst threecateyories,andfew tech-
niguesmale useof space-time-frequegndiversity For example the
ICALAB Toolbox [3], a software programthat allows oneto com-
paretheperformancef BSS/ICAalgorithms,containsl9 BSS/ICA
methodsnoneof which canbeclassifiedasa STFmethod.
Surprisingly however, of the 17 benchmarlsignalfamiliescon-
tainedin the ICALAB Toolbox,we will shav that15 of thempos-
sessa large degreeof time-frequeng diversity Moreover, noneof
thetechniquegincludingthe onewe presentiere)areableto demix
the two benchmarkfamilies which do not possess high level of

ScottRickardis alsowith the Programin Applied and Computational
MathematicsPrincetonUniversity
In Proceedingsf the 4th ICA-BSS ConferenceApril 2003,Japan

time-frequeny diversity So,all the practically“demixable”fifteen
benchmarksiretime-frequeng diverse.

Specifically in this paperwe analyzethe assumptiorthat the
sourceshave disjoint supportin eitherthe time domain,frequeng
domain,or the time-frequeng domain. We call signalsfor which
thereexistsaninvertiblelineartransformsuchthatin the transform
domainthe signalshave disjoint supportdigjoint orthogonal. When
thetransformis thewindowed Fouriertransform we call thesignals
WAdigoint orthogonal. For suchdisjoint orthogonalksourcesye de-
rive a separatioralgorithm.

While the disjoint orthogonalsourceassumptiomay seemtoo
restricting, we argue that it is in practiceapproximatelysatisfied
by mary signalsof interest. Specifically time-division multiplexed
communicatiorsignalsareby desigrtime domaindisjoint, frequeng-
division multiplexedcommunicatiorsignalsareby designfrequeng
domaindisjoint, andthegoalof frequeng hoppedCDMA signalsis
thatthesignalsaredisjointin thetime-frequeng domain.Addition-
ally, perhapssurprisingly speechsignalsare W-disjoint orthogonal
enoughto allow for accuratemixing parameteestimationandblind
separatiorjd]. Indeedaswewill shav, musicandspeechaswell as
somebiologicalsignals,areapproximatelyw-disjoint orthogonal.

For the separatioralgorithm,we consideranadditive noisemix-
ing modelwith an arbitrary numberof sensorsand possiblymore
sourceghansensorgthe“degenerateseparatioproblem”). Theba-
sisfor our approacho noisy modelestimationby maximumlik eli-
hood,undertheinstantaneousnixing assumptionds thatthesources
are disjoint orthogonal. The implementationof the derived crite-
rioninvolvesiteratingtwo steps:apartitioningof thetime-frequeng
planefor separatiorfollowed by an optimizationof the mixing pa-
rameterestimates.The solutionis applicableto an arbitrary num-
ber of sensorsand sources. Thatis, one candemix by converting
thepartitionedime-frequenyg representationsackinto thetime do-
main. However, in orderto comparewith the othermethodsin the
ICALAB Toolbox,we will usetheestimateof themixing matrixand
performstandardnversemixing matrix demixing. Experimentally
we shav the capabilityof thetechniqueontheICALAB data.

The organizationof the paperis asfollows. Section2 presents
the signalmixing modelandSection3 providesexperimentalmoti-
vationof theW-disjointorthogonalitysignalmodel. Sectiord shavs
thederivation of the ML estimatorof mixing parameterandsource
signals,andits implementatiorby aniterative procedure The algo-
rithm performanceon the ICALAB benchmarkss comparedo the
performancef theotherlCALAB techniquesn Section5.



2. MIXING MODEL AND SIGNAL ASSUMPTION
2.1. TheMixing Model

Considerthe measurementsf L sourcesignalsby D sensorsn an
instantaneoumixing model:

z1(t) air -+ airL s1(t) n1(t)
= + (1)

9317.(’5) apr -+ apr sL(t) np(t)

whereA = (aq)1<d<p,1<i<r is theinstantaneoumixing matrix.
We assumeA hasfull rank,which ensuregspace”diversity
Wedenoteby X4 (k,w), Si(k, w), Na(k,w) thewindowedFour-
ier transformof signalszq4(t), si(t), andnq(t), respectrely, with
respectto a window W (t), wherek is the frameindex, andw the
frequeny index. Whenno dangerof confusion,we shall drop the
argumentsk, w in Xgq, S; and Nq. Themixing model(1) is thus

L
Xa(k,w) = aaSi(k,w) + Na(k,w), 1<d<D (2)

=1
or, morecompactly
X(kﬂw) = ASfOt(kﬂw) +N(k7w) (3)

where X, N arethe D-vectorsof componentsXy, N4, and Sio: IS
the L-vectorof componentsS;. We shalldenoteby A; the ith col-
umnof A, A = [Aq]|---|AL].

Our problemis: givenmeasurement&e1(t), ..., xp(t))i<i<r
we want to determinethe ML estimatesof the mixing parameters
A = (aa) andthe sourcesignals(si(t), ..., sr(t))i<t<r. In
orderto solve this we rely on the W-disjoint orthogonalityof the
sourcesandthe assumptionthatthe sensomoisesareindependently
distributedand have Gaussiardistributionswith zeromeanand o
variance.

2.2. TheW-Digoint Orthogonal Signal Model

In [5] we calledtwo signalss; and sy Wdisjoint orthogonal (W-
DO), for a given windowing function W (¢), if the supportsof the
windowed Fouriertransformsf s; andss aredisjoint, thatis:

Si(k,w)Sa2(k,w) =0, Vk,w (4)
For L sourcesS,,. . .,St, theassumptiorgeneralizeso:
Si(k,w)S;(k,w) =0, V1<i#j<L, Vk,w (5)

Sucha deterministicconstraintis not only rarely satisfied,but
it alsoimplies that the signalsare, in general,statistically depen-
dent,whichis easilyproved by thefactthatthe conditionaldistribu-
tion p(S1 = s1|S2 # 0) = §(s1) is differentfrom the conditional
p(S1 = s1]S2 = 0). In[6] it hasbeemoticed however, thatrelation
(4) is satisfiedn anapproximatesenseby realspeectsignals.Thus,
(4) canbeseermasthemathematicaidealizationof the conditionthat
eachmixture time-frequeng point with significantpower is most
oftendominatedby a singlesource.The caseof singlesourcedom-
inanceof speechmixturesin the time-frequeng domainhasbeen
noticedandutilized several times[7, 8, 9, 10, 11, 12]. It wasalso
shavn in [13] that(4) is thelimit of a stochasticsourcemodel.

3. W-DISIOINT ORTHOGONALITY OF THE
BENCHMARKS

We proposedn [6] thenormalizeddifferencebetweerthe signalen-
ey containedn the dominanttime-frequeng pointsof a signalin
a mixture andthe interferenceenegy in thosepointsasa measure
of W-disjoint orthogonality In orderto measuréN-disjoint orthog-
onality for a signal of interestin a mixture for a given representa-
tion, we partitionthe points(in the TD, TF, or FD representation)f
the mixtureinto thosedominatecdby the sourceof interestandthose
dominatedby the interference We definethe maskwhich is thein-
dicatorfunction of the dominant time-frequeng pointsfor sourcej

. _ 1Sk w)] > [Y(k, W)l
@;(k,w) = { 0 otherwise ©)
whereY] is theinterference,
N
Yi(k,w) =Y Si(k,w). (7)
i=1
it

Now we definetwo important performancecriteria: (1) how
well thedominantime-frequeng pointspresere thesourceof inter-
est,and(2) how well consideringonly the dominanttime-frequeng
pointssuppressethe interferingsources.We definethe presered-
signal-ratio(PSR of a sourcein amixtureas

kWS (k)P
PSRI) = 5 ko)l

8)

which measurethepercentagef enegy of sourcej containedn its
dominantime-frequeng points. Wedefinethesignal-to-interference
ratio of thedominanttime-frequeng pointsof asourcein amixture,

_ 1195(k, w)S;(k,w)|*
1@ (k, w)Yj(k, w)[I*°

SIR(j) 9)

Thesetwo criteria,the PSRandSIR, arecombinedo form themea-
sureof W-DO.

WDO(j) = ||<I>j(k',w)Sj(k,ﬁ?gll(l;aljliré(k,w)Yj(k,w)H (10)
= PSRjj) — PSR)/SIR(). (11)

For signalswhich have disjoint support,we notethat PSR = 1,
SIR = oc, andthusWDO = 1. Moreover, WDO = 1 implies
thatPSR = 1, SIR = oo, andthatthe signalhasdisjoint support
comparedto the interfering sources. In general,0 < PSR < 1,
SIR > 0, andWDO < 1 (andcanbeneggative).

In orderto summarizehe W-disjoint orthogonalityof a family
of signals,we look to the averageWDO and the minimum WDO,
definedasfollows,

L
1 .
awDO= — ;:IWDO(]) (12)
MWDO = min WDO(5) (13)

J

Figure1 lists the 17 benchmarksignalfamilies from the ICALAB
SignalProcessingoolbox(Versionl.1)[3]. Benchmark#\Csin10d,
ACvsparselOand Speechl@re displayedin Figure 2. We mea-
surethe W-disjoint orthogonalityof the benchmarkgor threewin-
dow sizes:onesample 512 samplesandthe signallength. These
threesizescorrespondo thetime domain(TD), time-frequeng do-
main (TF), and frequeny domain(FD) representationsf the sig-
nal. In the TD case,the w frequeng index is meaningles&ndin



the FD representatiornthe & time index is meaningless.However,
for easeof notationandreferencewe will use(k,w) andreferto
“time-frequeng points” for all threerepresentationsThe average
andminimumWDO for the ICALAB benchmarksarelistedin Fig-
ure 3 for the threerepresentationsf the signals. Note that all but
2 (AC10-7sparseand EEG19) have equalto or greaterthan 40%
averageWDO. For eachsignal, the largestaWDO and mWDO is
highlightedin bold.

ACsin10d
ACsin4d

10sinewaves
4 sinewaves
ACsparsel0 10 sparsebell-shapedources
ACvsparsel0 10 very sparsespiking signals
ABio7 7 typical biologicalsignals
Segio7 7 randomsourcessomeasymmetricallydistributed
AC10-7sparse 10 sourcesnixturesof 7 from ACsparsel0
acspeechl6 16typical speectsignals

Speech4 4 speechandmusicsources’
Speech8 8 speechandmusicsources
Speech10 10 speechandmusicsources
Speech20 20 speechandmusicsources
10halo 10 speakersayingthe samething

20depspeech
nband5

20 speakersayingthe samething
5 narrav bandsources

Gnband 5 forth ordercoloredsources

EEG19 19 EEGsignals

Fig. 1. ICALAB benchmarks.
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Flg 2. BenchmarksACsmlOd,ACvsparselO;mdSpeecth

[ i TD [ TF [ FD |
[ benchmark || awDO [ mWDO | aWDO [ mWDO [ aWDO | mWDO |
ACsin10d 0.26 0.16 0.46 0.38 0.82 0.73
ACsin4d 0.29 0.06 1.00 1.00 0.99 0.99
ACsparsel0 0.69 0.45 0.24 0.13 0.22 0.09
ACvsparsel0 1.00 1.00 0.25 0.12 0.21 0.12
ABio7 0.41 0.27 0.52 0.39 0.64 0.50
Segio7 0.32 0.09 0.45 0.11 0.35 0.11
AC10-7sparse 0.03 0.00 0.02 0.00 0.00 0.00
acspeechl6 0.26 0.22 0.59 0.38 0.48 0.32
Speech4 0.59 0.42 0.87 0.81 0.79 0.73
Speech8 0.35 0.18 0.68 0.49 0.45 0.21
Speech10 0.31 0.15 0.64 0.43 0.41 0.19
Speech20 0.24 0.19 0.60 0.42 0.49 0.32
10halo 0.34 0.28 0.52 0.42 0.39 0.29
20depspeech 0.24 0.14 0.37 0.22 0.27 0.17
nband5 0.37 0.35 0.99 0.98 0.99 0.98
Gnband 0.37 0.34 0.40 0.36 0.39 0.38
EEG19 0.06 0.00 0.03 0.01 0.03 0.00

Fig. 3. AverageandminimumWDO for the ICALAB benchmarks.

Most of the sourcesexhibit a high level of disjoint orthogonal-
ity, but we needto, given only the mixtures, determinein which
representatiorfTD, TF, or FD) the sourcesare most W-DO. One
approachwould be to run the algorithmdescribedn the next sec-
tion threetimes,oncein eachdomainandthenchoosethe solution
with the mostW-DO outputs. Alternatively, we can measurenow
sparseghe mixturesarein eachrepresentatioandthenrunthealgo-
rithm on the mostsparseepresentationThelogic in thisis thatthe
disjoint orthogonalitycomesfrom, in general,eachsignalhaving a
sparserepresentatiomndthe few large coeficients of eachsource

not overlappingwith oneanother Becauseof linearity, sparsesig-
nalrepresentationshouldleadto sparsenixturerepresentationand
we hopethatthe mostsparseamixture representatiocorrespondso

therepresentatiowith thelargestW-DO. In AppendixA, we shaw

thatthis logic holdstrue for the speectand musicbenchmarksand
someof thesynthetichenchmarkshut fails for someof the synthetic
benchmarks.

4. THEMAXIMUM LIKELIHOOD ESTIMATOR OF
SIGNAL AND MIXING PARAMETERS

In this sectionwe derive the joint maximumlikelihood estimator
of parametersind sourcesignalsunderassumptior(5). The source
signalsnaturally partition the time-frequeng planeinto L disjoint
subsets2y, ..., Qr, whereeachsourcesignalis non-zero(i.e. ac-

tive). Thusthesignalsaregivenby thecollection(2;,. . .,2;, andone
compl« variableS thatdefinestheactive signal:
Si(k,w) = S(k,w)lg, (k,w) (14)

Let the model parameter® consistof the mixing parameters
A = (aa)1<d<p1<i<L, thepartition (Q;)1<i<r andS. Its likeli-
hoodandmaX|mumIog likelihoodestimatoraregivenby:

£0) =112, Hkwiea, m exp{— % | X(k,w) — AiS(k,w)|*}
Oarr =agming o7, 3 wye, 1X — AuS|? (15)
For ary partition (Q1, ..., Q1) we definethe selectionmap X :

TF-plane— {1,...,L}, 2(k,w) = Liff (k,w) € Q. CIearIyE
definesa uniquepartltlon Optimizingover S in (15) we obtain
S = A X (16)
A2
wherel = X(k,w). Inserting(16) into (15), the optimizationprob-
lemreduceso: .
(4,3) = agmax, 5J(A,X) a7
where: |
A3, X (k,w)|?
8 (k,w)
J(A,X) = Zahe)t VT 18
(4,%) (% - (18)

Note the criterion to maximizedependsn a setof continuouspa-
rametersA, anda selectionmapX. A typical optimizationalgo-
rithm for suchacriterionworksasfollows. The optimizationis done
in two steps:first the optimizationover the continuougparameters,
andthenthe optimizationover the selectionmap (or, equivalently
the partition). Sucha procedurds iterateduntil thecriterionreaches
a saturationfloor. Becausehe criterionis boundedabore, we are
guaranteed will converge. Next we describesolutionsfor the two
optimizationproblems.

4.1 Optimal Partition

Givena setof mixing parametersA =
timal selectionmapis simply givenby

(aar)1<a<p,1<1<L, theop-

|A; X (k,w)|?
[ Au][?
Thepartitionis thenimmediate:Q; = {(k, w)|X(k,w) = I}.

S(k,w) = argmay (29)

4.2 Optimal Mixing Parameters

Now givenapartition(£2;)1<;< 1, theoptimalmixing parameterare
obtainedndependentlyor eachl by:

| A7 X (k,w)|?

AP (20)

A, = argmax; Z
(k,w)eQ,;



Denote
Ri= > X(kw)X(kw) (21)
(k,w)eQ,;

Thenthe optimizationproblemturnsinto:

AR A
([ Ad][?

Ay = argmax, (22)
whosesolutionis the main eigervector of the symmetricand non-
negative matrix R;,

RiIAi=MA; , A>pust. RiZ =puZ |, forsome Z £0 (23)

4.3 ML Algorithm

Summingthesefindings,the optimizationalgorithmbecomes:
e Step0. Initialize A° = (ada1)1<da<p,1<i<z With, for instance

randomvalues(or with themethodpresenteih AppendixB);
Sets = 0, J° = 0, andchoosea stoppingthresholdk;

e Stepl. Find the optimal partition (Q;*')1<;<r, andselec-
tion map, =1 by solving (19) with A = A%;

e Step2. Findthe optimal parameters4frl from (23) for the
partition(2; = Q5! andall 1 < | < L;

e Step3. Sets = s + 1, andcomputeJ® = J(A®,X°). If
(J$ — J571)/J* > e thengoto Stepl; otherwise:

e Step4. Theexit valuesare A = A®, andQ); = Qj, obtained
after s iterations. The sourcesignal are then computedby
corvertingthe estimatedime-frequenyg representationisack
into thetime domain.

Thecoreof thisalgorithmis essentiallthe sameasthatpresentedh
[9]. It canalsobe seenasa specificationto instantaneoumixtures
of theanechoianixing methodpresentedn [13].

4.4 BSS Algorithm (STF-ER)

In orderto comparewith the techniquesn the ICALAB Toolbox,
we do not demix via partitioning, but ratherusethe mixing matrix
estimateandstandardnixing matrix inversiondemixing. The over-
all BSS algorithm basedon space-time-frequegicdiversity which
operatesn themostefficient representatiofSTF-ER)is asfollows:

o Measurehe 95%efficiency asdescribedn AppendixA and
selecthemostefficient representation.

e Forthemixturesin themostefficientrepresentatiorinitialize
the mixing matrix estimateby clusteringa randomselection
of the time-frequeng points which male up the 95% effi-
ciengy asdescribedn AppendixB.

e Loop throughStepsl-3, measurehe aWDO andmWDO of
the estimatedutputsaftereachmixing matrix reestimation.

e After corvergenceof thecriterion(or afixednumberof loops),
invertthe mixing matrix estimatecorrespondingo thelargest
sumof awDO and mWDO, and apply it to the mixturesto
producethe original sourceestimates.

5. EXPERIMENTAL RESULTS

We first testedthe STF-ERalgorithmon squaremixturesof the sig-
nalsin 10 of the 17 ICALAB benchmarksNo algorithmwasable
to demix eitherAC10-7sparser EEG19becausehey both contain
nearlyidenticalsourcesignals sothesebenchmarksvereeliminated
from thetestset. ACsin4d,Speeck4,8,20, and20depspeectvere
alsonot consideredbecausether signalscontainedin the testset
werevery similar. For the remaining10 signals,in orderto shaw

thatthemethodpresentetherehasthepossibilityof working, weini-
tializedthe methodwith the partitionassigningeachtime-frequeng
point to the correspondindargestmagnitudeoriginal sourceat that
time-frequeng point. For W-DO sourcesthis is the optimal parti-
tion. We thenperformedone Step2 mixing matrix estimationand
stopped.Thisnon-blindalgorithmwasrunin thetime domain(STF-
TD-OP), time-frequeng domain(STF-TF-OP),andfrequeny do-
main(STF-FD-OP) STF-ER-ORselectshemostefficientrepresen-
tation andthenrunsthe appropriatenethod. The results,shavn in
Figure5 demonstrat¢hatpartitionsdo exist which allow for demix-
ing. More detailsconcerninghe Performancéndex (Pl) measuref
demixingperformanceanbefoundin [1] and[3]. Lower Pl scores
arebetter zeroimplies perfectdemixing,and,for our purposesa Pl
scorelessthan0.lindicatesgooddemixingperformance.

For the comparisorexperimentswe testedSTF-ERagainstthe
19 algorithmsin ICALAB, which arelisted in Figure 4. For the
tests,all algorithmswere run with the default parametersettings.
For a detaileddescriptionand discussiorof the algorithmsconsult
[1] and[3]. For STF-ER,Stepsl1-3 werelooped5 timesandthe
entirealgorithmwasrun 9 timeswith the demixingmatrix produc-
ing the outputswith the largestsum of aWDO and mWDO being
the one selected. We first testedthe algorithmsusing the identity
matrix asthe mixing matrix. Resultsarepresentedn Figure6. The
purposeof thesetestswasto exposethe algorithmswith sourceas-
sumptionsinconsistentwith the propertiesof the benchmarks.As
the mixtures are alreadydemixed, the correctalgorithm behaior
would be to leave them unaltered,but as the resultsindicate, this
rarelyhappensin fact,EVD24is theonly algorithmthathasa Pl of
lessthan0.1 (gooddemixing performancefor all benchmarkiles.
SOBI, SOBI-RO, JADETD, SANG, andSTF-ERall demixsevenof
thetenbenchmarksNG-FICA failedto demix(P1 > 0.1)ary of the
benchmarkKiles.

We alsotestedthe algorithmson randomsquaremixtures; The
resultsare presentedn Figure7. STF-ER-OPdemixed 9 of the 10
benchmarkgonsistentlywith ACsparsel®eingtheonebenchmark
it “failed” to demix. STF-ER-OPRdemixed ACsparsel@to a series
of sinsoidsinsteadof a numberof time disjoint bell-shapedumps.
In fact,severalof thetechniquegproposedhis alternatie demixing.
On the otherhand, several of the techniqueswvhich failed on AC-
sin10ddid sobecausé¢hey proposedlemixtureghatlookedlike AC-
sparsel0JADETD and SANG both consistentlydemix 7 of the 10
benchmarksSTF-ERconsistentlydemixes6 of the 10 benchmarks,
andis the only methodto demixthetime disjoint ACvsparsel@nd
thefrequeng disjoint ACsin10d.EVD24 (whichdemixedall bench-
marksin theidentity case)andNG-FICA bothfailedin this demix-
ing teston all of thebenchmarKiles.

AMUSE Algorithm for Multiple Unknowvn SourceExtractionbasedon EVD
BSSSVD BSSSOSalgorithmbasedn SVD
EVD2 BSSSOSalgorithmbasecbn symmetricEVD
SOBI SecondOrderBlind Identification
SOBI-RO RobustSOBIwith RotustOrthogonalization
SOBI-BPF RohustSOBIwith bankof Band-RassFilters
SONS SecondOrderNonstationarySourceSeparation
EVD24 B! OS+FOXalgorithmbasedn symmetricEVD
JADEop RohustJointApprox. Diagonalizatiorof Eigenmatricesvith optimizednumericalprocedures
JADETD HOS JointApproximateDiagonalizatiorof Eigenmatriceswith Time Delays
FPICA Fixed-PointiCA
Pearsoropt. Pearsorsystemoptimized
SANG Self Adaptive NaturalGradientalgorithmwith nonholonomiaconstraints
NG-FICA NaturalGradient Flexible ICA
NG-OL On-lineadaptve NaturalGradient
ERICA EquivariantRobustICA - basecbn Cumulants
SIMBEC SIMultaneousBlind ExtractionusingCumulants
UNICA UnbiasedjuasiNewton algorithmfor ICA
FOBI-E FourthOrderBlind Identificationwith Transformatiommatrix E

Fig. 4. BSS/ICA Algorithmsin ICALAB [3]. EVD = eigervector
decompositionFOS= forth orderstatistics.



6. SUMMARY

We have investigatedhe assumptiorthat sourceshave disjoint sup-
portin the time domain,time-frequeng domain,or frequeng do-
mainasa basisfor blind sourceseparationTestsonthebenchmarks
signalsin the ICALAB Toolbox reveal that, perhapssurprisingly
mostof themexhibit alarge degreeof W-disjoint orthogonalityin at
leastonedomain.Basedon this assumptionwe derivedablind sep-
arationalgorithmandtestedit usingthe ICALAB benchmarksThe
resultsshav thatthereexist partitionsof the domainwhich resultin
nearperfectmixing matrix estimation.lterative blind estimationof
the partitionresultsin performanceeomparabléo otherestablished
BSS/ICAmethods.This disparityin potentialperformanceandac-
tual performancesuggestshat futurework in space-time-frequegic
methodsmay produceextremely powerful blind sourceseparation
methods.



| alg | ACsin10d | ACsparsel0] ACvsparse| ABio7 | Semio | acspeechlf] ACSpeech10] 10halo [ nband5 [ Gnband|

STF-TD-OP|| 0.3758 0.0207 0.0000 | 0.0435| 0.2417| 0.0228 0.0264 0.0337| 0.0196 | 0.0248
STF-TF-OP|| 0.0282 0.2145 0.1161 | 0.0344| 0.0104 0.0110 0.0112 0.0250 | 0.0005 | 0.0155
STF-FD-OP || 0.0095 0.2847 0.1304 | 0.0286 | 0.0270| 0.0130 0.0195 0.0250 | 0.0005 | 0.0155
[ STF-ER-OP]| 0.0282 | 0.2847 | 0.0000 | 0.0286 ] 0.0270] 00110 [ 0.0112 [ 0.0250 | 0.0005 | 0.0155 |
Fig. 5. DemixingPerformancéndex (PI) for ICALAB benchmarkgor identity matrix mixing givenW-DO optimal partition.
| alg | ACsin10d | ACsparsel0] ACvsparse| ABio7 | Segio | acspeechlf] ACSpeech10] 10halo [ nband5 [ Gnband|
AMUSE 0.0000 0.6310 0.2839 | 0.0395 | 0.2691| 0.0283 0.0464 0.0777 | 0.0006 | 0.5097
BSSSVD 0.0000 0.6314 0.2452 | 0.0555 | 0.1304| 0.0544 0.0478 0.0815 | 0.0027 | 0.3493
EVD2 0.0020 0.6317 0.0000 | 0.0605 | 0.2091| 0.0301 0.0351 0.1260| 0.0009 | 0.3690
EVD24 0.0000 0.0000 0.0000 | 0.0183 | 0.0030 0.0069 0.0074 0.0163 | 0.0005 | 0.0066
SOBI 0.0022 0.6318 0.0000 | 0.0235 | 0.1412| 0.0142 0.0142 0.0477 | 0.0005 | 0.3612
SOBI-RO 0.0134 0.6397 0.2146 | 0.0413 | 0.0981 0.0244 0.0139 0.0310 | 0.0292 | 0.2219
SOBI-BPF 0.0081 0.6337 0.1302 | 0.0548 | 0.1073| 0.0347 0.0213 0.1097 | 0.0293 | 0.2561
SONS 0.0085 0.6398 0.3686* | 0.1185| 0.1598| 0.0299 0.0197 0.0355 | 0.0011 | 0.3952
JADEop 0.6206 0.0273 0.0458 | 0.1312]| 0.0108 0.0840 0.0237 0.0992 | 0.3421| 0.3332
JADETD 0.6110 0.0551 0.0224 | 0.0836 | 0.1646| 0.0758 0.0586 0.1239| 0.0053 | 0.0292
FPICA 0.3176 0.2547 0.0000 | 0.0538 | 0.0051 0.0322 0.0395 0.0552 | 0.1731| 0.1635
Pearsoropt. 0.6357 0.0057 0.0000 | 0.1434| 0.1198| 0.0348 0.0338 0.0455 | 0.3552| 0.3253
SANG 0.6336 0.0047 0.0000 | 0.0420 | 0.0039 0.0560 0.0357 0.0564 | 0.1483| 0.2194
NG-FICA 0.5556 0.5555 0.3333" | 0.6667| 0.5000| 0.3333 0.7778 0.2222 | 0.2500 | 0.2500
NG-OL 0.3406 0.2260 0.1654 | 0.2272]| 0.0057 0.0589 0.0310 0.0345 | 0.3082 | 0.3053
ERICA 0.4062 0.2245 0.0000 | 0.2428| 0.0109 0.1062 0.0729 0.1239| 0.3930| 0.3610
SIMBEC 0.2630 0.3154 0.0000 | 0.2346| 0.0058 0.0962 0.0187 0.0705 | 0.2617 | 0.2891
UNICA 0.4189 0.2100 0.0000 | 0.2976| 0.0108 0.1057 0.0730 0.1232| 0.3619 | 0.4480
FOBI-E 0.4074 0.3187 0.0320 | 0.1625| 0.0726 0.2103 0.2157 0.2672| 0.4090 | 0.3428
STF-ER 0.0086 0.6253 0.0000 | 0.0686 | 0.3276| 0.0172 0.0194 0.0372 | 0.0006 | 0.4438

Fig. 6. Demixing Performancéndex (PI) for ICALAB benchmarkdor identity matrix mixing. A '*' indicatesthat noisewasaddedto avoid
programexecutionerror (Gaussiamoise20dB SNR). Thosewith Pl lessthan0.1arein bold to signify gooddemixingperformance.

| alg | ACsin10d| ACsparsel0] ACvsparse| ABio7 | Segio | acspeech1§ ACSpeech10| 10halo | nband5] Gnband]
STF-TD-OP . X X X - X X X . X
STF-TF-OP . . X
STF-FD-OP X
STF-ER-OP X
AMUSE
BSSSVD
EVD2
EVD24
SOBI
SOBI-RO
SOBI-BPF
SONS .
JADEop . X
JADETD . X
FPICA .
Pearsoropt. . X
SANG . X
NG-FICA .
NG-OL
ERICA
SIMBEC
UNICA
FOBI-E . . . . . .
STF-ER X . X . . X X X X
Fig. 7. Algorithm demixing performancdor randommixtures. Eachmethodwastestedon five mixturesmixed with a randomlygenerated
non-singulamixing matrix. A 'x’ indicatesthatthe Pl scorewaslessthan0.1for all five tests.A - indicateshe methodfailedto demixwith a
Pl scorelessthan0.1atleastoncein thefive tests.
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Appendix A - Sparseness Measure

We measuresparsenesshe propertythata small percentag®f the
signalcoeficients(in eitherTD, TF, or FD) captureslargepercent-
ageof thesignalenepy, asfollows. For afixed 3,

o () = agmax, >

(kyw):| X (k,w)|2a

X (k,w)* =8 |X(kw)?
(k,w)

(24)
Thenthe 3 efficiency level is

_ Hkw) (X (k0| < a*(B)}]

o) )

(25)

For example the 95% efficiency would bethe maximumpercentage
of componentgclearly the smallestmagnitudeones)that we can
throw away while still maintainingatleast95%of the signalenegy.
A thresholdndependenmeasuref efficientis,

sumef = /1 eff(3)ds (26)
0

Figure8 shavsthe 95%efficiency level andsumef for thelCALAB
benchmarks. Each benchmarkwas mixed using the identity ma-
trix beforethe efficiencieswere calculated.ComparingFigure 8 to
Figure3, we notethatthe mostefficient representatiocorresponds
to the maximumaverageWDO representatiomn 11 out of the 15
“demixable”’benchmarksTheremainingfour; ACsin10d ACsin4d,
Segio7,andACsparsel@remoreefficiently representeth onedo-
mainbut moreW-DO in another Thisdifferencdas mostpronounced
in the caseof ACsparsel10yhich hassignalsconsistingof time dis-
joint bell-shapedumps.Mixturesof ACsparsel@ppeasinusoidal.
Thus,thesignalsof ACsparsel@resignificantlymoreW-DO in the
time domainbut the mixtures of ACsparsel@re more efficiently
representeth thetime-frequeng domain.

|| TD | TF | FD
benchmark || 95% [ sumef | 95% | sumef | 95% [ sumef
ACsin10d 0.69 0.91 0.98 0.99 0.97 0.99
ACsin4d 0.50 0.83 0.97 0.99 0.98 0.99
ACsparsel0 0.29 0.71 0.98 0.99 0.98 1.00
ACvsparselO || 0.96 0.98 0.52 0.85 0.63 0.89
ABio7 0.44 0.82 0.66 0.94 0.71 0.95
Segio7 0.43 0.82 0.52 0.88 0.57 0.90
AC10-7sparse|| 0.66 0.91 0.98 0.99 0.97 0.99
acspeechl6 0.50 0.84 0.59 0.90 0.52 0.87
Speech4 0.50 0.85 0.85 0.97 0.80 0.96
Speech8 0.46 0.83 0.83 0.96 0.74 0.94
Speech10 0.46 0.83 0.81 0.96 0.72 0.94
Speech20 0.48 0.83 0.60 0.90 0.52 0.87

10halo 0.53 0.86 0.85 0.96 0.82 0.95
20depspeech|| 0.53 0.86 0.85 0.96 0.81 0.95
nband5 0.46 0.82 0.86 0.96 0.86 0.96
Gnband 0.44 0.82 0.45 0.82 0.45 0.82
EEG19 0.47 0.83 0.90 0.97 0.90 0.97

Fig. 8. The95%efficiengy level andsumef for theICALAB bench-
marks.

Thus,aswe requirethe W-DO assumptionandwe wish to se-
lect the bestwindow for the sourcesin termsof W-DO given the
mixture, we measurehe efficiengy of the mixture representations
andselectthe window sizethatis mostefficient aswe hope,based
on the experimentalresults,that in that representatiotthe sources
will bemaximallyW-DO.

Appendix B - Algorithm Initialization

Oneway to initialize the mixing matrix in Section4 insteadof us-
ing randomvaluesis to clustera small randomselectionof time-

frequeng pointsfrom thosewhich make up the 95% efficiency. For

eachof thesepoints,we considetthe D dimensionalectorX (k, w).

Underthe W-DO assumptionthe X (k, w) shouldbe~A; for some
~v € Cforsomel € {1, ..., L}. Weconstructadistancematrix be-
tweenall pairsof X (k, w) usingthefollowing metric. The distance
betweervectora andb is,

d(a,b) = +/||al|*[|b[|* — |a - b] 27)

which hasthe importantpropertythatd(a,b) = 0 iff b = aa,
for somealpha € C. Thatis, pairsof obserationswhich lie on
aline throughthe origin are consistentvith the W-DO assumption.
Clustersare formed using the pairwise distancematrix and MAT-
LAB’ s “cluster” function[14]. We clusteron a smallrandomselec-
tion of pointsinsteadof all the pointsbecausef time constraintsin
practice,we randomlyselect300 pointsfrom thosetime-frequeng
pointsmakingup the 95%efficiencgy (insteadof simply selectinghe
largest 300 time-frequeng componentspecauseoften the largest
componentsill be dominatedby a subsetf the sources.Consid-
ering pointsmakingup the 95%efficiengy helpsto ensurethateven
thelower pover sourceshave representatioin theinitialization.
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