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ABSTRACT

We investigatetheassumptionthat sourceshave disjoint supportin
thetime domain,time-frequency domain,or frequency domain.We
call suchsignalsdisjoint orthogonal. The classof signalsthat ap-
proximatelysatisfiesthis assumptionincludesmany syntheticsig-
nals, music and speech,as well as somebiological signals. We
measurethe disjoint orthogonalityof the benchmarksignalsin the
ICALAB Toolbox in the time, time-frequency, and frequency do-
mainsandshow thatmostsatisfytheassumptionin at leastonerep-
resentation.In order to comparethis assumptionwith othercom-
monsourceassumptions,we derive a demixingalgorithmfor noisy
instantaneousmixturesbasedondisjoint orthogonalityandcompare
its performanceto the algorithmsin the ICALAB Toolbox, all of
whichrely onthesecond-orderstatistics,non-stationarity, or higher-
orderstatisticsof thesources.The resultsindicatethatspace-time-
frequency diversityis ausefulassumptionfor thedesignof BSS/ICA
algorithms.1

1. INTRODUCTION
Blind sourceseparationandindependentcomponentanalysisalgo-
rithmsleveragetheknowledgethatthesourcessatisfycertainstatis-
tical or deterministicconditionsin orderto performthe separation.
Amari andChiocki [1] list four commonsourcepropertyassump-
tionsthatform thebasisfor mostBSS/ICAalgorithms:

1. Higher-orderstatistics(HOS).Sourcesarestatisticallyinde-
pendent.This is usually practicallyenforcedby looking to
the4thordermomentsor cumulantsof themixtures.

2. Second-orderstatistics(SOS).Sourcesaredecorrelated.

3. Non-stationarityandSOS(NS).Sourcesaredecorrelatedand
have time-varyingvariances.

4. Space-time-frequency diversity(STF).Sourcesaredisjoint in
the time domain,time-frequency domain,or frequency do-
main. This is the assumptionwe analyzein this paper. An
alternative STFassumptionis presentedin [2].

Mostmethodsfall into oneof thefirst threecategories,andfew tech-
niquesmakeuseof space-time-frequency diversity. For example,the
ICALAB Toolbox [3], a softwareprogramthatallows oneto com-
paretheperformanceof BSS/ICAalgorithms,contains19BSS/ICA
methods,noneof which canbeclassifiedasa STFmethod.

Surprisingly, however, of the17benchmarksignalfamiliescon-
tainedin the ICALAB Toolbox,we will show that15 of thempos-
sessa large degreeof time-frequency diversity. Moreover, noneof
thetechniques(includingtheonewepresenthere)areableto demix
the two benchmarkfamilies which do not possessa high level of
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time-frequency diversity. So,all thepractically“demixable”fifteen
benchmarksaretime-frequency diverse.

Specifically, in this paperwe analyzethe assumptionthat the
sourceshave disjoint supportin either the time domain,frequency
domain,or the time-frequency domain. We call signalsfor which
thereexistsan invertible linear transformsuchthat in thetransform
domainthesignalshave disjoint supportdisjoint orthogonal. When
thetransformis thewindowedFouriertransform,wecall thesignals
W-disjoint orthogonal. For suchdisjoint orthogonalsources,we de-
rive a separationalgorithm.

While thedisjoint orthogonalsourceassumptionmayseemtoo
restricting, we argue that it is in practiceapproximatelysatisfied
by many signalsof interest.Specifically, time-division multiplexed
communicationsignalsarebydesigntimedomaindisjoint,frequency-
divisionmultiplexedcommunicationsignalsareby designfrequency
domaindisjoint,andthegoalof frequency hoppedCDMA signalsis
thatthesignalsaredisjoint in thetime-frequency domain.Addition-
ally, perhapssurprisingly, speechsignalsareW-disjoint orthogonal
enoughto allow for accuratemixing parameterestimationandblind
separation[4]. Indeed,aswewill show, musicandspeech,aswell as
somebiologicalsignals,areapproximatelyW-disjointorthogonal.

For theseparationalgorithm,weconsideranadditivenoisemix-
ing modelwith an arbitrarynumberof sensorsandpossiblymore
sourcesthansensors(the“degenerateseparationproblem”).Theba-
sis for our approachto noisymodelestimationby maximumlikeli-
hood,undertheinstantaneousmixingassumptions,is thatthesources
are disjoint orthogonal. The implementationof the derived crite-
rion involvesiteratingtwo steps:apartitioningof thetime-frequency
planefor separationfollowedby anoptimizationof themixing pa-
rameterestimates.The solution is applicableto an arbitrarynum-
ber of sensorsandsources.That is, onecandemix by converting
thepartitionedtime-frequency representationsbackinto thetimedo-
main. However, in orderto comparewith the othermethodsin the
ICALAB Toolbox,wewill usetheestimateof themixing matrixand
performstandardinversemixing matrix demixing. Experimentally,
we show thecapabilityof thetechniqueon theICALAB data.

Theorganizationof the paperis asfollows. Section2 presents
thesignalmixing modelandSection3 providesexperimentalmoti-
vationof theW-disjointorthogonalitysignalmodel.Section4 shows
thederivationof theML estimatorof mixing parametersandsource
signals,andits implementationby aniterative procedure.Thealgo-
rithm performanceon the ICALAB benchmarksis comparedto the
performanceof theotherICALAB techniquesin Section5.



2. MIXING MODEL AND SIGNAL ASSUMPTION

2.1. The Mixing Model

Considerthemeasurementsof � sourcesignalsby � sensorsin an
instantaneousmixing model:��
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where-/.1032
4�576 	�8 4 8 �:9 	�8 5 8; is theinstantaneousmixing matrix.
Weassume- hasfull rank,which ensures“space”diversity.

Wedenoteby <=4>0�?$@!AB6 , C�530�?D@EAB6 , FG4H0�?$@EAB6 thewindowedFour-
ier transformof signalsI+4>03JK6�@ML>5303JM6 , and NO4>03JK6 , respectively, with
respectto a window P103JM6 , where ? is the frameindex, and A the
frequency index. Whenno dangerof confusion,we shall drop the
arguments?D@EA in <Q4H@>C�5 andFG4 . Themixing model(1) is thus

< 4 0�?$@EAB6+.  5�R 	
2 4S5 C 5 0�?D@EAB6�TUF 4 0�?$@VA)6W@OXZY\[GY&� (2)

or, morecompactly,

<&0�?D@!AB6].&-^C�_a`b_!0�?D@EAB6
TQF&0�?D@!AB6 (3)

where<U@EF arethe � -vectorsof components< 4 @VF 4 , and C _a`b_ is
the � -vectorof componentsC;5 . We shalldenoteby -c5 the d th col-
umnof - , -e.gf - 	

hKiKiMiKh -  
j
.

Our problemis: givenmeasurements03I 	 03JK6 , kKk>k , I � 03JM6�6 	�8 _ 8mlwe want to determinethe ML estimatesof the mixing parameters-n.o032
4�536 and the sourcesignals 0�L 	 03JM6 , kKkKk , L  03JK6�6 	�8 _ 8�l . In
order to solve this we rely on the W-disjoint orthogonalityof the
sourcesandtheassumptionthatthesensornoisesareindependently
distributedandhave Gaussiandistributionswith zeromeanand prq
variance.

2.2. The W-Disjoint Orthogonal Signal Model

In [5] we called two signals L 	 and L q W-disjoint orthogonal (W-
DO), for a given windowing function P103JM6 , if the supportsof the
windowedFouriertransformsof L 	 and L q aredisjoint, thatis:

C 	 0�?D@EAB6�C q 0�?$@EAB6+.\st@vu,?$@VA (4)

For � sourcesC 	 , kKkMk , C  theassumptiongeneralizesto:

C�w!0�?D@EAB6�CmxK0�?D@EAB6].&s1@^uyX�Y&zZ{.}|cY\�~@;u]?D@EA (5)

Sucha deterministicconstraintis not only rarely satisfied,but
it also implies that the signalsare, in general,statisticallydepen-
dent,which is easilyprovedby thefactthattheconditionaldistribu-
tion ��0�C 	 .�L 	

h C q {.�s�6).t�$0�L 	 6 is differentfrom theconditional��0�C 	 .�L 	
h C q .\s�6 . In [6] it hasbeennoticed,however, thatrelation

(4) is satisfiedin anapproximatesenseby realspeechsignals.Thus,
(4) canbeseenasthemathematicalidealizationof theconditionthat
eachmixture time-frequency point with significantpower is most
oftendominatedby a singlesource.Thecaseof singlesourcedom-
inanceof speechmixturesin the time-frequency domainhasbeen
noticedandutilized several times[7, 8, 9, 10, 11, 12]. It wasalso
shown in [13] that(4) is thelimit of a stochasticsourcemodel.

3. W-DISJOINT ORTHOGONALITY OF THE
BENCHMARKS

Weproposedin [6] thenormalizeddifferencebetweenthesignalen-
ergy containedin thedominanttime-frequency pointsof a signalin
a mixture andthe interferenceenergy in thosepointsasa measure
of W-disjoint orthogonality. In orderto measureW-disjoint orthog-
onality for a signalof interestin a mixture for a given representa-
tion, we partitionthepoints(in theTD, TF, or FD representation)of
themixtureinto thosedominatedby thesourceof interestandthose
dominatedby the interference.We definethemaskwhich is thein-
dicatorfunctionof thedominant time-frequency pointsfor source|� xH0�?D@EAB6�. X h CmxK0�?D@!A)6 h���h � x>0�?D@EAB6 hs otherwise

(6)

where
� x is theinterference,� xK0�?$@EAB6+.��w R 	w��R x

C�wE0�?D@EAB6�k (7)

Now we define two important performancecriteria: (1) how
well thedominanttime-frequency pointspreservethesourceof inter-
est,and(2) how well consideringonly thedominanttime-frequency
pointssuppressesthe interferingsources.We definethepreserved-
signal-ratio(PSR) of a sourcein a mixtureas

PSR03|�6O.�� � x>0�?$@VA)6�C"xK0�?$@EAB6 � q� C"xH0�?D@EAB6 � q (8)

whichmeasuresthepercentageof energy of source| containedin its
dominanttime-frequency points.Wedefinethesignal-to-interference
ratioof thedominanttime-frequency pointsof asourcein amixture,

SIR03|�6�.�� � x>0�?$@EAB6�C"x>0�?D@EAB6 � q� � x 0�?D@EAB6 � x 0�?$@EAB6 � q k (9)

Thesetwo criteria,thePSRandSIR,arecombinedto form themea-
sureof W-DO.

WDO03|�6].}� � x�0�?D@EAB6�C"x>0�?D@EAB6 � q+� � � x�0�?D@EAB6 � xM0�?$@EAB6 � q� C"xH0�?D@EAB6 � q (10)

. PSR03|�6 � PSR03|�6�� SIR03|�6�k (11)

For signalswhich have disjoint support,we note that PSR .�X ,
SIR .�� , and thus WDO .�X . Moreover, WDO .�X implies
that PSR .�X , SIR .�� , andthat the signalhasdisjoint support
comparedto the interfering sources. In general,seY PSR Y�X ,
SIR �\s , andWDO Y�X (andcanbenegative).

In orderto summarizetheW-disjoint orthogonalityof a family
of signals,we look to the averageWDO andthe minimum WDO,
definedasfollows,

aWDO . X�  x R 	
WDO03|�6 (12)

mWDO .\�c���x WDO03|�6 (13)

Figure1 lists the 17 benchmarksignal families from the ICALAB
SignalProcessingToolbox(Version1.1)[3]. BenchmarksACsin10d,
ACvsparse10,and Speech10are displayedin Figure 2. We mea-
surethe W-disjoint orthogonalityof thebenchmarksfor threewin-
dow sizes:onesample,512 samples,andthe signal length. These
threesizescorrespondto thetime domain(TD), time-frequency do-
main (TF), and frequency domain(FD) representationsof the sig-
nal. In the TD case,the A frequency index is meaninglessand in



the FD representationthe ? time index is meaningless.However,
for easeof notationandreference,we will use 0�?D@!A)6 andrefer to
“time-frequency points” for all threerepresentations.The average
andminimumWDO for theICALAB benchmarksarelistedin Fig-
ure 3 for the threerepresentationsof the signals. Note that all but
2 (AC10-7sparseand EEG19)have equal to or greaterthan 40%
averageWDO. For eachsignal, the largestaWDO andmWDO is
highlightedin bold.

ACsin10d 10 sinewaves
ACsin4d 4 sinewaves

ACsparse10 10 sparsebell-shapedsources
ACvsparse10 10 verysparsespikingsignals

ABio7 7 typical biologicalsignals
Sergio7 7 randomsources,someasymmetricallydistributed

AC10-7sparse 10 sourcesmixturesof 7 from ACsparse10
acspeech16 16typical speechsignals

Speech4 4 speechandmusicsources
Speech8 8 speechandmusicsources
Speech10 10 speechandmusicsources
Speech20 20 speechandmusicsources

10halo 10 speakerssayingthesamething
20depspeech 20 speakerssayingthesamething

nband5 5 narrow bandsources
Gnband 5 forth ordercoloredsources
EEG19 19 EEGsignals

Fig. 1. ICALAB benchmarks.
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Fig. 2. BenchmarksACsin10d,ACvsparse10,andSpeech10.

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

ACsparse10 0.69 0.45 0.24 0.13 0.22 0.09
ACvsparse10 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
Sergio7 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
acspeech16 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 theICALAB benchmarks.

Most of thesourcesexhibit a high level of disjoint orthogonal-
ity, but we needto, given only the mixtures,determinein which
representation(TD, TF, or FD) the sourcesare most W-DO. One
approachwould be to run the algorithmdescribedin the next sec-
tion threetimes,oncein eachdomainandthenchoosethesolution
with the mostW-DO outputs. Alternatively, we canmeasurehow
sparsethemixturesarein eachrepresentationandthenrun thealgo-
rithm on themostsparserepresentation.Thelogic in this is thatthe
disjoint orthogonalitycomesfrom, in general,eachsignalhaving a
sparserepresentationandthe few large coefficientsof eachsource

not overlappingwith oneanother. Becauseof linearity, sparsesig-
nal representationsshouldleadto sparsemixturerepresentationsand
we hopethat themostsparsemixturerepresentationcorrespondsto
therepresentationwith thelargestW-DO. In AppendixA, we show
that this logic holdstrue for thespeechandmusicbenchmarksand
someof thesyntheticbenchmarks,but fails for someof thesynthetic
benchmarks.

4. THE MAXIMUM LIKELIHOOD ESTIMATOR OF
SIGNAL AND MIXING PARAMETERS

In this sectionwe derive the joint maximumlikelihood estimator
of parametersandsourcesignalsunderassumption(5). Thesource
signalsnaturallypartition the time-frequency planeinto � disjoint
subsets� 	 @MkKk>kK@M�  , whereeachsourcesignalis non-zero(i.e. ac-
tive). Thusthesignalsaregivenby thecollection � 	 , kKkMk , �  andone
complex variable C thatdefinestheactive signal:

C�530�?D@EAB6+.tC]0�?D@EAB6�X��"�!0�?$@VA)6 (14)

Let the model parameters� consistof the mixing parameters- ./032
4�536 	�8 4 8 �r9 	�8 5 8� , thepartition 0��¡5�6 	�8 5 8; and C . Its likeli-
hoodandmaximumlog-likelihoodestimatoraregivenby:¢ ��£�� �¥¤  5�R 	 ¤&¦
§ 9 ¨"©�ª � � 	¦�«­¬M® ©3¯

°�±³²;´>µ 	¬M®
¶b· �
¸�¹aº�� µ^» 5 ¼ ��¸�¹3º�� ¶ q>½¾£­¿
 � argminÀDÁ  5�R 	 Á ¦
§ 9 ¨$©aª � � ¶b·

µc» 5 ¼ ¶ q (15)

For any partition 0�� 	 @MkKkKkK@M�  6 we definethe selectionmap ÂÄÃ
TF-plane ÅÇÆ³X­@>kMkKkK@E�~È , Â¡0�?D@!AB6Z.Éd if f 0�?$@!AB6�Êg� 5 . Clearly Â
definesa uniquepartition.Optimizingover C in (15)we obtain¾¼ � »:Ë 5 ·¶ » 5 ¶ q (16)

whered�.tÂ¡0�?D@!AB6 . Inserting(16) into (15), theoptimizationprob-
lem reducesto: � ¾» ¹ ¾Ì � � argmaxÍ 9 Î

Ï � » ¹ Ì � (17)

where: Ð 03-c@MÂ¡6�. ¦�§ 9 ¨$©
h - Ë Î ¦
§ 9 ¨$© <&0�?D@EAB6

h q
� - Î ¦
§ 9 ¨$© � q

(18)

Note the criterion to maximizedependson a setof continuouspa-
rameters- , and a selectionmap Â . A typical optimizationalgo-
rithm for suchacriterionworksasfollows. Theoptimizationis done
in two steps:first theoptimizationover thecontinuousparameters,
andthenthe optimizationover the selectionmap(or, equivalently,
thepartition).Suchaprocedureis iterateduntil thecriterionreaches
a saturationfloor. Becausethe criterion is boundedabove, we are
guaranteedit will converge. Next we describesolutionsfor the two
optimizationproblems.

4.1 Optimal Partition

Givena setof mixing parameters,-Ñ.É032 4�5 6 	�8 4 8 �:9 	�8 5 8; , theop-
timal selectionmapis simplygivenby¾Ì ��¸�¹3º�� � argmax5>Ò » Ë 5 · �
¸�¹�º�� Ò q¶ » 5 ¶ q (19)

Thepartitionis thenimmediate:�¡5�.�Æ³0�?D@!A)6 h Â¡0�?D@EAB6+.}d�È .
4.2 Optimal Mixing Parameters

Now givenapartition 0��¡5�6 	�8 5 8; , theoptimalmixing parametersare
obtainedindependentlyfor eachd by:¾» 5 � argmaxÍ �ÔÓ¦�§ 9 ¨$©aª � �

Ò » Ë 5 · �
¸�¹3º�� Ò q¶ » 5 ¶>q (20)



Denote Õ 5�. ¦
§ 9 ¨$©aª � �
<&0�?D@EAB63<&0�?D@EAB6 Ë (21)

Thentheoptimizationproblemturnsinto:Ö-c5�. argmaxÍ � - Ë 5 Õ 5 - 5� -c5 � q (22)

whosesolution is the main eigenvectorof the symmetricandnon-
negative matrix

Õ 5 ,Õ 5 Ö-c5�.�× Ö-c5¥@U×v�&ØcÙ³k Ú³k Õ 5�ÛÜ.&ØOÛ�@�Ý7Þ�ßWÙ�Þ��cà¥Ûe{.&s (23)

4.3 ML Algorithm

Summingthesefindings,theoptimizationalgorithmbecomes:á Step0. Initialize -ãâB.g032
4S5ä6 	�8 4 8 �r9 	�8 5 8� with, for instance
randomvalues(or with themethodpresentedin AppendixB);
Set LB.\s ,

Ð,å .\s , andchoosea stoppingthresholdæ ;á Step1. Find the optimal partition 0�� åEç 	5 6 	�8 5 8; , andselec-
tion map, Â åEç 	 by solving(19)with -e.&- å ;á Step2. Find theoptimalparameters- åEç 	5 from (23) for the
partition �¡5�.g� å!ç 	5 , andall XZY\dOY\� ;á Step3. Set L=.�L)T�X , andcompute

Ð,å . Ð 03- å @MÂ å 6 . If0 Ð,å � ÐWå�è 	 6��
Ð,å � æ thengo to Step1; otherwise:á Step4. Theexit valuesare -Ñ.Ü- å , and �¡5,.É� å5 , obtained

after L iterations. The sourcesignal are then computedby
convertingtheestimatedtime-frequency representationsback
into thetime domain.

Thecoreof thisalgorithmis essentiallythesameasthatpresentedin
[9]. It canalsobeseenasa specificationto instantaneousmixtures
of theanechoicmixing methodpresentedin [13].

4.4 BSS Algorithm (STF-ER)
In order to comparewith the techniquesin the ICALAB Toolbox,
we do not demix via partitioning,but ratherusethe mixing matrix
estimateandstandardmixing matrix inversiondemixing.Theover-
all BSS algorithm basedon space-time-frequency diversity which
operatesin themostefficient representation(STF-ER)is asfollows:á Measurethe95%efficiency asdescribedin AppendixA and

selectthemostefficient representation.á For themixturesin themostefficientrepresentation,initialize
themixing matrix estimateby clusteringa randomselection
of the time-frequency points which make up the 95% effi-
ciency asdescribedin AppendixB.á Loop throughSteps1–3,measuretheaWDOandmWDO of
theestimatedoutputsaftereachmixing matrix reestimation.á After convergenceof thecriterion(orafixednumberof loops),
invert themixing matrixestimatecorrespondingto thelargest
sumof aWDO andmWDO, andapply it to the mixturesto
producetheoriginal sourceestimates.

5. EXPERIMENTAL RESULTS
We first testedtheSTF-ERalgorithmon squaremixturesof thesig-
nalsin 10 of the17 ICALAB benchmarks.No algorithmwasable
to demixeitherAC10-7sparseor EEG19becausethey bothcontain
nearlyidenticalsourcesignals,sothesebenchmarkswereeliminated
from thetestset.ACsin4d,SpeechÆ 4,8,20È , and20depspeechwere
alsonot consideredbecauseothersignalscontainedin the testset
werevery similar. For the remaining10 signals,in order to show

thatthemethodpresentedherehasthepossibilityof working,weini-
tializedthemethodwith thepartitionassigningeachtime-frequency
point to thecorrespondinglargestmagnitudeoriginal sourceat that
time-frequency point. For W-DO sources,this is theoptimalparti-
tion. We thenperformedoneStep2 mixing matrix estimationand
stopped.Thisnon-blindalgorithmwasrunin thetimedomain(STF-
TD-OP), time-frequency domain(STF-TF-OP),andfrequency do-
main(STF-FD-OP).STF-ER-OPselectsthemostefficient represen-
tationandthenrunstheappropriatemethod.Theresults,shown in
Figure5 demonstratethatpartitionsdoexist whichallow for demix-
ing. MoredetailsconcerningthePerformanceIndex (PI) measureof
demixingperformancecanbefoundin [1] and[3]. Lower PI scores
arebetter, zeroimpliesperfectdemixing,and,for ourpurposes,a PI
scorelessthan0.1 indicatesgooddemixingperformance.

For the comparisonexperimentswe testedSTF-ERagainstthe
19 algorithmsin ICALAB, which are listed in Figure 4. For the
tests,all algorithmswere run with the default parametersettings.
For a detaileddescriptionanddiscussionof the algorithmsconsult
[1] and [3]. For STF-ER,Steps1–3 were looped5 timesand the
entirealgorithmwasrun 9 timeswith thedemixingmatrix produc-
ing the outputswith the largestsumof aWDO andmWDO being
the oneselected.We first testedthe algorithmsusing the identity
matrix asthemixing matrix. Resultsarepresentedin Figure6. The
purposeof thesetestswasto exposethealgorithmswith sourceas-
sumptionsinconsistentwith the propertiesof the benchmarks.As
the mixturesare alreadydemixed, the correctalgorithm behavior
would be to leave them unaltered,but as the resultsindicate,this
rarelyhappens.In fact,EVD24 is theonly algorithmthathasaPI of
lessthan0.1 (gooddemixingperformance)for all benchmarkfiles.
SOBI,SOBI-RO, JADETD, SANG,andSTF-ERall demixsevenof
thetenbenchmarks.NG-FICA failedto demix(PI

�
0.1)any of the

benchmarkfiles.

We alsotestedthealgorithmson randomsquaremixtures;The
resultsarepresentedin Figure7. STF-ER-OPdemixed9 of the10
benchmarksconsistentlywith ACsparse10beingtheonebenchmark
it “f ailed” to demix. STF-ER-OPdemixedACsparse10into a series
of sinsoidsinsteadof a numberof time disjoint bell-shapedbumps.
In fact,severalof thetechniquesproposedthisalternativedemixing.
On the otherhand,several of the techniqueswhich failed on AC-
sin10ddidsobecausethey proposeddemixturesthatlookedlikeAC-
sparse10.JADETD andSANG bothconsistentlydemix7 of the10
benchmarks.STF-ERconsistentlydemixes6 of the10benchmarks,
andis theonly methodto demixthetime disjoint ACvsparse10and
thefrequency disjointACsin10d.EVD24(whichdemixedall bench-
marksin theidentity case)andNG-FICA bothfailed in this demix-
ing teston all of thebenchmarkfiles.

AMUSE Algorithm for Multiple Unknown SourceExtractionbasedon EVD
BSSSVD BSSSOSalgorithmbasedon SVD

EVD2 BSSSOSalgorithmbasedon symmetricEVD
SOBI SecondOrderBlind Identification

SOBI-RO RobustSOBI with RobustOrthogonalization
SOBI-BPF RobustSOBI with bankof Band-PassFilters

SONS SecondOrderNonstationarySourceSeparation
EVD24 BSSSOS+FOSalgorithmbasedon symmetricEVD
JADEop RobustJointApprox. Diagonalizationof Eigenmatriceswith optimizednumericalprocedures
JADETD HOSJointApproximateDiagonalizationof Eigenmatriceswith Time Delays
FPICA Fixed-PointICA

Pearsonopt. Pearsonsystemoptimized
SANG Self AdaptiveNaturalGradientalgorithmwith nonholonomicconstraints

NG-FICA NaturalGradient- Flexible ICA
NG-OL On-lineadaptiveNaturalGradient
ERICA EquivariantRobustICA - basedon Cumulants

SIMBEC SIMultaneousBlind ExtractionusingCumulants
UNICA UnbiasedquasiNewton algorithmfor ICA
FOBI-E FourthOrderBlind Identificationwith Transformationmatrix E

Fig. 4. BSS/ICA Algorithms in ICALAB [3]. EVD = eigenvector
decomposition.FOS= forth orderstatistics.



6. SUMMARY
We have investigatedtheassumptionthatsourceshave disjoint sup-
port in the time domain,time-frequency domain,or frequency do-
mainasabasisfor blind sourceseparation.Testsonthebenchmarks
signalsin the ICALAB Toolbox reveal that, perhapssurprisingly,
mostof themexhibit a largedegreeof W-disjointorthogonalityin at
leastonedomain.Basedon thisassumption,wederivedablind sep-
arationalgorithmandtestedit usingtheICALAB benchmarks.The
resultsshow thatthereexist partitionsof thedomainwhich resultin
nearperfectmixing matrix estimation.Iterative blind estimationof
thepartitionresultsin performancecomparableto otherestablished
BSS/ICAmethods.This disparityin potentialperformanceandac-
tual performancesuggeststhat futurework in space-time-frequency
methodsmay produceextremelypowerful blind sourceseparation
methods.



alg ACsin10d ACsparse10 ACvsparse ABio7 Sergio acspeech16 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 0.0110 0.0112 0.0250 0.0005 0.0155

Fig. 5. DemixingPerformanceIndex (PI) for ICALAB benchmarksfor identitymatrix mixing givenW-DO optimalpartition.

alg ACsin10d ACsparse10 ACvsparse ABio7 Sergio acspeech16 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 s�k�é�ê³ë�ê Ë 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

Pearsonopt. 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 s�k�é�é³é�é Ë 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. DemixingPerformanceIndex (PI) for ICALAB benchmarksfor identity matrix mixing. A ’*’ indicatesthatnoisewasaddedto avoid
programexecutionerror(Gaussiannoise20dB SNR).Thosewith PI lessthan0.1arein bold to signify gooddemixingperformance.
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Fig. 7. Algorithm demixingperformancefor randommixtures. Eachmethodwastestedon five mixturesmixed with a randomlygenerated
non-singularmixing matrix. A ’x’ indicatesthatthePI scorewaslessthan0.1for all five tests.A

i
indicatesthemethodfailedto demixwith a

PI scorelessthan0.1at leastoncein thefive tests.



Appendix A - Sparseness Measure

We measuresparseness,thepropertythata smallpercentageof the
signalcoefficients(in eitherTD, TF, or FD) capturesalargepercent-
ageof thesignalenergy, asfollows. For a fixed ì ,

í Ë 03ìr6�. argmaxî¦
§ 9 ¨$©aï ð ñ ¦
§ 9 ¨$©að ò î
h <&0�?D@EAB6 h q �\ì ¦
§ 9 ¨"©

h <&0�?D@!AB6 h q
(24)

Thenthe ì efficiency level is

eff 03ìO6+. h Æ³0�?D@EAB6+Ã h <&0�?D@EAB6 h$ó í Ë 03ìO6�È hh Æ�0�?$@!AB6�È h (25)

For example,the95%efficiency wouldbethemaximumpercentage
of components(clearly the smallestmagnitudeones)that we can
throw awaywhile still maintainingat least95%of thesignalenergy.
A thresholdindependentmeasureof efficient is,

sumeff . 	â eff 03ìO63['ì (26)

Figure8 showsthe95%efficiency level andsumeff for theICALAB
benchmarks.Eachbenchmarkwas mixed using the identity ma-
trix beforetheefficiencieswerecalculated.ComparingFigure8 to
Figure3, we notethat themostefficient representationcorresponds
to the maximumaverageWDO representationin 11 out of the 15
“demixable”benchmarks.Theremainingfour; ACsin10d,ACsin4d,
Sergio7,andACsparse10aremoreefficiently representedin onedo-
mainbut moreW-DO in another. Thisdifferenceis mostpronounced
in thecaseof ACsparse10,which hassignalsconsistingof time dis-
joint bell-shapedbumps.Mixturesof ACsparse10appearsinusoidal.
Thus,thesignalsof ACsparse10aresignificantlymoreW-DO in the
time domainbut the mixturesof ACsparse10are more efficiently
representedin thetime-frequency domain.

TD TF FD
benchmark 95% sumeff 95% sumeff 95% sumeff

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

ACsparse10 0.29 0.71 0.98 0.99 0.98 1.00
ACvsparse10 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
Sergio7 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
acspeech16 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%efficiency level andsumeff for theICALAB bench-
marks.

Thus,aswe requiretheW-DO assumption,andwe wish to se-
lect the bestwindow for the sourcesin termsof W-DO given the
mixture, we measurethe efficiency of the mixture representations
andselectthewindow sizethat is mostefficient aswe hope,based
on the experimentalresults,that in that representationthe 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-
frequency pointsfrom thosewhich make up the95%efficiency. For
eachof thesepoints,weconsiderthe � dimensionalvector<&0�?$@VA)6 .
UndertheW-DO assumption,the <&0�?D@EAB6 shouldbe ôm-ã5 for someôõÊ=ö for somedOÊõÆ�X­@>kKkKkM@!�÷È . Weconstructa distancematrix be-
tweenall pairsof <&0�?D@EAB6 usingthefollowing metric. Thedistance
betweenvector ø and ù is,[�0!ø�@Sù+6+. � ø � q � ù � q � h ø i ù h (27)

which hasthe importantpropertythat [�0!ø�@�ù+6Q.�s if f ùú. í ø ,
for some2�d3��û³2�Ê1ö . That is, pairsof observationswhich lie on
a line throughtheorigin areconsistentwith theW-DO assumption.
Clustersare formed using the pairwisedistancematrix andMAT-
LAB’ s “cluster” function[14]. We clusteron a small randomselec-
tion of pointsinsteadof all thepointsbecauseof timeconstraints.In
practice,we randomlyselect300pointsfrom thosetime-frequency
pointsmakingupthe95%efficiency (insteadof simplyselectingthe
largest300 time-frequency components)becauseoften the largest
componentswill be dominatedby a subsetof thesources.Consid-
eringpointsmakingup the95%efficiency helpsto ensurethateven
thelower power sourceshave representationin theinitialization.
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