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Abstract— Source separation and signal distortion in thr ee
kinds of BSSs with convolutive mixtur e are analyzed. They
include a feedforward BSS, trained in the time domain and
in the fr equency domain, and a feedback BSS, trained in the
time domain. First, an evaluation measure of signal distortion is
discussed.Second,conditions for sourceseparationand distortion
fr eearederived. Basedon theseconditions,sourceseparationand
signal distortion are analyzed. The feedforward BSS has some
degreeof fr eedom,and the output spectrum can be changed.The
feedforward BSS,trained in the fr equencydomain, hasweighting
effect, which can suppress signal distortion. This weighting is,
however, effective only when the source spectra are similar to
each other. Since, the feedforward BSS, trained in the time
domain, does not have any constraints on signal distortion
fr ee, its output signals can be easily distorted. A new learning
algorithm with a distortion fr ee constraint is proposed.On the
other hand, the feedbackBSScan satisfy both source separation
and distortion fr ee conditions simultaneously. Simulation results
support the theoretical analysis.

I . INTRODUCTION

Since, in many applications,mixing processesare convo-
lutive mixtures,several methodsin the time domainand the
frequency domainhave beenproposed.Two kinds of network
structureshave beenproposed,includingfeedforward(FF)and
feedback(FB) structures.Separationperformanceis highly
dependenton the signal sourcesand the transferfunctionsin
the mixture [5]-[8],[11],[12],[14],[15].

The BSS learning algorithms make the output signals to
be statistically independent.This direction cannot always
guaranteedistortion free separation.Some signal distortion
may be caused.A regularizationmethodhasbeenproposed,
in which the distancebetweenthe observed signalsand the
separatedsignals is added to the cost function. However,
sincethe observations include many kinds of signal sources,
it is difficult to suppresssignal distortion. Furthermore,even
though the signal distortion in the BSSs is an important
problem,it hasnot beenwell discussed[16].

In this paper, first, anevaluationmeasureof signaldistortion
is discussed.Second,conditions for sourceseparationand
signal distortion free are derived. Basedon theseconditions,
convergencepropertiesareanalyzed.A new learningalgorithm
for the FF-BSS,trainedin the time domain,is alsoproposed.
Finally, simulation resultswill be demonstratedin order to
confirm resultsof the theoreticalanalysis.

I I . FF-BSS FOR CONVOLUTIVE M IXTURE

A. Network Structure and Equations

For simplicity, 2 signal sourcesand 2 sensorsare used.A
block diagramis shown in Fig.1. The observations and the
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Fig. 1. FF-BSSwith 2 signalsourcesand2 sensors.

outputsignalsare given by "!�#�$&%(' )* + ,.- /1032 -* 4 ,&576 !
+ #	89%;: + #�$=<>89%@?�AB'DC�?�E (1)

F�G�#�$&%(' )*! ,.- /IHJ2 -* 4 ,&5LK GM!3#	89%; "!N#�$O<P89%@?�QR'LC"?SE (2)

B. Learning Algorithm in Time Domain

The learning algorithm is derived following the natural
gradient algorithm using the mutual information as a cost
function [4]. K G;! #	$RTUC"?S89%V' K G;! #�$V?�89%&TXWJY K G;! #�$V?�8�%< )* Z�[]\^, !

/ H 2 -* _ ,&5X` #	F�G]#	$&%M%;FSab#	$c<P8dTXe�% K a�!�#�$V?�e�%gf (3)

` #�F G #�$&%M%V' Ch<ji 2lknmno�pdqCrTsi 2lknmno�pdq (4)W is a learningrate.

C. Learning Algorithm in Frequency Domain
Filter coefficientsin theseparationblock aretrainedaccord-

ing [4],[9],[10],[13],tvuxwVyjz|{M}R~�� tvuxwg{�}R~�y���� ���9����u��x�hux��uxwS{M}�~�~��=�Iuxwg{M}�~��� �x�hux�=uxwg{�}R~�~�� � uxwS{�}R~�����t�uxwS{M}R~
(5)��ux��uxwS{M}R~�~�� zz�y���� �O�J�9��� �V  y ¡z¢y£��� �=¤��9��� �¢  (6)



¥ is the block number used in FFT, and ¦ indicatesthe
frequency point in eachblock. §©¨ is an averagingoperation.ª #�¥�? ¦ % is a weight matrix of the ¥ -th block FFT and the¦ -th frequency point. Its #�Q&?�A"% elementis « G;!�#	¥�? ¦ % , which
is the connectionfrom the A -th observation to the Q -th output.¬ #�¥�? ¦ % is the output vector of the ¥ -th block FFT and the¦ -th frequency point. Its Q -th elementis ­ G]#	¥�? ¦ % , which is
the Q -th output.

¬�® #	¥�? ¦ % and
¬°¯ #�¥�? ¦ % indicatethereal part

andthe imaginarypart.

I I I . FB-BSS FOR CONVOLUTIVE M IXTURE

A. Network Structure and Equations

Figure 2 shows an FB-BSS proposedby Juttenet all [1].
The mixing stagehasa convolutive structure.± + ! consistsof
an FIR filter.
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Fig. 2. FB-BSSwith 2 signalsourcesand2 sensors.

The observations and the output signalsare expressedas
follows: "!]#	$&%²' ³* + ,.- ´¶µ�·92 -*¸ ,&5 6 !

+ # ¦ %;: + #�$O< ¦ % (7)

F G #	$&%²'  G #	$&%¹< ³* m [N\^, !
º µ m�2 -* 4 ,&5D» !�G #	89%;F G #	$=<¼89% (8)

B. Learning Algorithm

In the FB-BS, the learningalgorithmin the time domainis
used[3]. The following learningalgorithm hasbeenderived
assumingsomeconditions[12],[14]. Thesignalsources½ - #	¾�%
and ½ ) #�¾"% locate close to the sensorsof ¿ - #	¾"% and ¿ ) #�¾"% ,
respectively. Therefore,timedelayof À ! + #	¾�%n?SÁhÂ'XA areslightly
longerthanthoseof À +Ã+ #�¾"% . Furthermore,amplituderesponses
of À ! + #	¾"%@?�ÁÄÂ'ÅA are smaller than those of À +Ã+ #�¾"% . These
conditionsarepracticallyacceptable.» !|G�#�$OTÆC�?�89%²' » !|G�#�$V?�8�%T WNÇ&#�FS!�#�$&%M%�ÈJ#	F�G]#	$=<>8�%M% (9)Ç&#�F ! #�$&%M% and È�#�F G #�$=<>89%;% areodd functions.

IV. CRITERION OF SIGNAL DISTORTION

How to evaluate signal distortion in the BSSs is one of
the problems.The learningalgorithmsusedin the BSS make
theoutputsignalsto bestatisticallyindependent.Estimationof
themixing processis not takeninto account.Especially, in the
convolutive mixtures,the outputsignalsarenot guaranteedto

approachto thesources.Therefore,thesignalsourcesobserved
at thesensorsaretakeninto accountasa criterionfor thesignal
distortion [3],[16].

In this paper, the signal distortion is evaluatedas a dis-
tance from the observed signal sources.However, in this
case,several criteria can be considered.The signal sources
includedin the observations  "!�#�$&% are given by À +Ã+ #	¾�% ½ + #�¾"%
and À ! + #�¾"% ½ + #	¾"%@?�ÁcÂ'�A . How to combinethesecomponents
will provide several criteria. The following measuresare
considered.ÉlÊ -MË ' CE"Ì�ÍXÎ2 Î

Ï À ! + #	i !SÐ % ½ + #	i !SÐ %< ­ GN#	i !SÐ % Ï )nÑ3Ò (10)É Ê -MÓ ' CE"Ì�ÍXÎ2 Î #
Ï À ! + #�i !gÐ % ½ + #�i !gÐ % Ï< Ï ­ G #�i !gÐ % Ï % )�Ñ�Ò (11)É - ' CE"Ì�ÍXÎ2 Î
Ï À ! + #	i !SÐ % ½ + #	i !SÐ % Ï )nÑ3Ò (12)½VÔ -�Õ ' C|Ö¹×ÙØ�Ú -M5 ÉlÊ -�ÕÉ - ?S O'ÆÛb?�Ü (13)É Ê ) Ë ' CE"Ì�ÍXÎ2 Î
Ï À ! + #	i !SÐ %.<¼Ý G + #	i !SÐ % Ï ) Ñ3Ò (14)É Ê ) Ó ' CE"Ì�ÍXÎ2 Î #
Ï À ! + #�i !gÐ % Ï < Ï Ý G + #	i !SÐ % Ï % )�Ñ3Ò (15)É ) ' CE"Ì�ÍXÎ2 Î
Ï À ! + #	i !SÐ % Ï ) Ñ3Ò (16)½VÔ ) Õ ' C|Ö¹×ÙØ�Ú -M5 ÉlÊ ) ÕÉ ) ?S O'ÆÛb?�Ü (17)

V. SOURCE SEPARATION AND SIGNAL DISTORTION IN

FF-BSS

A. Learning in Frequency Domain

For simplicity, the FF-BSSwith 2-sourcesand 2-sensors,
shown in Fig.1, is used.Furthermore,½ + #�¾"% is assumedto be
separatedat the output ­ + #�¾"% . This doesnot lose generality.
Taking the signal distortioncriterion into account,the condi-
tion on distortion-freesourceseparationcan be expressedas
follows: « -S- #�¾"% À -S- #�¾"%.T « - ) #	¾�% À ) - #�¾"%r' À -S- #�¾"% (18)« -S- #�¾"% À - ) #�¾"%.T « - ) #	¾�% À )S) #�¾"%r'UÖ (19)« ) - #�¾"% À -S- #�¾"%.T « )S) #	¾�% À ) - #�¾"%r'UÖ (20)« ) - #�¾"% À - ) #�¾"%.T « )S) #	¾�% À )S) #�¾"%r' À )S) #�¾"% (21)

The above equationsinclude two kinds of conditions.One
of them is the completesourceseparation,that is the non-
diagonalelementsarezeroasshown in Eqs.(19)and(20).The
otheris thesignaldistortionfree,that is thediagonalelements
are À +Ã+ #�¾"% as shown in Eqs.(18)and (21). Theseconditions
are further modified.

From the relations of Eqs.(19)and (20), À ! + #�¾"% are ex-



pressedas follows:À - ) #�¾"%(' < « - ) #�¾"%« -S- #�¾"% À )S) #	¾"% (22)À ) - #�¾"%(' < « ) - #�¾"%« )S) #�¾"% À -S- #	¾"% (23)

By substituting the above equations into the relations of
Eqs.(18)and(21), À ! + #	¾�% canbecancelled,andthe following
equationsfor only « G;! #	¾"% areobtained.« -�- #	¾"% « )S) #	¾�%.< « - ) #	¾�% « ) - #�¾"%(' « )S) #�¾"% (24)« -�- #	¾"% « )S) #	¾�%.< « - ) #	¾�% « ) - #�¾"%(' « -S- #�¾"% (25)

From theseequations,« -S- #	¾�%�' « )S) #	¾�% is derived. There-
fore, the above equationsresult in« )!M! #�¾"%V< « !;! #	¾"%¹< « !|G #�¾"% « G;! #	¾�%r'ÞÖ (26)AB'DC�?�EJ?�Q¶'LC"?SE�?�AßÂ'ÆQ
This 2nd-orderequationexpressesthe condition on complete
sourceseparationwithout signal distortion. This equationis
solved for « -S- #	¾"% and « )S) #	¾�% as follows:« !M!�#	¾�%r' Crà7á CrT¼â « - ) #	¾�% « ) - #�¾"%E ?�A©'LC"?SE (27)

This constraintcan be included in the learningprocessesof
the FF-BSSin the time domainandin the frequency domain.

B. Learning Algorithm with Constraint in Time Domain

The conventional learning algorithm given by Eqs.(3),(4)
doesnot satisfy the conditiongiven by Eq.(27).Usually, only
Eqs.(19)and(20) areapproximatelysatisfyed.Equations(18)
and (21) are not guaranteed.Therefore, in general,signal
distortioncannotbe supressed.

In this section,a new learningalgorithm for the FF-BSS,
trainedin the time domain,is proposed.The constraintgiven
by Eq.(27) is taken into account in the learning process.
Equation(27) is rewritten as follows:#�E « !M!�#	¾�%V<XC|% ) 'LCrTãâ « - ) #	¾�% « ) - #	¾�% (28)

This constraint is used in the learning processas follows:
Given « - ) #	¾"% and « ) - #	¾"% , the coefficients of « !M! #	¾�% are
obtainedso as to approximatethe relationof Eq.(28).

The condition for the distortion free sourceseparationis
derivedbasedon thecompleteseparationandsignaldistortion
free.However, thelearningof theseparationblock beginsfrom
someinitial guess.Therefore,in theearlystageof thelearning
process,thesignalsourcesarenotwell separated.Takingthese
situationsinto account,the constraintof Eq.(28) is gradually
imposedasthelearningprocessmakesprogress.Thefollowing
learningalgorithmis proposed.K GM!3#	$OT7C"?S89%V' K G;!�#	$&%&TXWJY K G;!�#	$&%< /IH�2 -* ä ,&5 )*a ,.-lå #	F G #�$&%M%;F a #	$c<jæhT�çl% K GMa #�$V?�æ�%gf (29)

K !M! #	èéT7C"?S89%V'ê#SCh<jëV% K !M! #�$�TUC�?�89%T¶ë�ìK !M!�#	$RTÆC�% (30)

ìK !M!�#�$©TãC|% is determinedso asto approximatethe relationof
Eq.(28). ë is usuallyset to a small positive number.

C. Signal Distortion in FF-BSS Trained in Frequency Domain

The constraint given by Eq.(27) can be applied to the
learning processin the frequency domain. Given « - ) #	i !SÐ %
and « ) - #�i !gÐ % , « !;! #�i !gÐ % are calculatedby Eq.(27) exactly.
In this case,the constraintshould be gradually imposedas
describedin Sec.V-B.

On the otherhand,in the frequency domain,thereis some
weightingeffect. FromEq.(5),thecorrectionof theweightsis
highly dependenton

¬
, that is the frequency responseof the

outputs.If the initial guessof
ª #	¥3? ¦ % is set to the identity

matrix, that is
ª #	Ö�? ¦ %�'Åí , then

¬ #�Ö�? ¦ %�'Åîê#�Ö�? ¦ % ,
where îU#	¥�? ¦ %�'ðïòñó#�¥�? ¦ % . Therefore,the correctionofª #	¥�? ¦ % is proportionalto ïòñó#�¥�? ¦ % . If the signal sources
are all speech,their spectraare similar to each other. In
this case,the spectraof ¿ + , which are the compositesignals
of the signal sources,are also similar to thoseof speeches.
This meansthe correctionof

ª #	¥�? ¦ % is weighted by the
spectraof the observed signal sources.Furthermore,as the
learning makesprogress,since ­ G gradually approachesto
the ½ + , which is modified throughthe mixing andseparation
processes,theweightingeffectsstill maintain.As discussedin
Sec.IV,thesignaldistortionis evaluatedbasedon thedistance
from À ! + ½ + . Therefore,when the signal sourcespectraare
similar to eachother, the above weightingcansuppresssignal
distortion. If the signal sourcesexist in different frequency
e.g.as is in music, their spectraarenot similar and it canbe
expectedthe maskingwill causesignaldistortion.

VI . SOURCE SEPARATION AND SIGNAL DISTORTION IN

FB-BSS
Therearetwo cases,in which possiblesolutionsfor perfect

separationexist, asshown below.u�zg~�ô.õMö�ux÷�~�� ø õMönux÷�~ø ö�önux÷�~ ôVö�õ�ux÷�~&�êø ö�õ�ux÷�~ø õ�õ�ux÷�~ (31)uxù|~�ô õMö ux÷�~�� ø õ�õ|ux÷�~ø ö�õ ux÷�~ ô ö�õ ux÷�~&� ø ö�ö@ux÷�~ø õMö ux÷�~ (32)

It is assumedthatdelaytimeof À -S- #	¾"% and À )S) #	¾�% areshorter
thanthatof À ) - #�¾"% and À - ) #	¾"% . This meansthat in Fig.2, the
sensorof ¿ - is locatedcloseto ½ - , andthesensorof ¿ ) close
to ½ ) . From this assumption,the solutionsin case(1) become
causalsystems.On the other hand,the solutionsin case(2)
arenoncausal.

When ± + ! #	¾�% satisfytheseparationconditionsEqs.(31),the
outputsignalsare given by­ - #	¾�%(' À -S- #�¾"% ½ - #�¾"% (33)­ ) #	¾�%(' À )S) #�¾"% ½ ) #�¾"% (34)

They areexactly thesameasthecriteriaof thesignaldistortion
discussedin Sec.IV. Therefore, the FB-BSS has a unique
solution, which satisfiesboth the sourceseparationand the
signaldistortion free simultaneously. Thus,in the FB-BSS,if
completesignal separationis achieved, then signal distortion
free is automaticallysatisfied.



VII . SIMULATION AND DISCUSSION

A. Simulation Conditions

The transferfunction of the crosspathsare relatedto the
direct pathsas follows:À ) - #	¾�%(' ëV¾ 2 - À -S- #�¾"% (35)À - ) #	¾�%(' ëV¾ 2 - À )S) #�¾"% (36)

Tow casesincluding ëú'ûÖ�üþý (Mixture-1) and ëú'ûÖ�üþÿ
(Mixture-2) are taken into account.Mixture-1 is a difficult
problemcomparedto Mixture-2.Speechesandcoloredsignals,
createdby 2nd-orderAR models,areusedassources.FFT size
is 256pointsin thefrequency domaintraining.FIR filters with
256 tapsare usedin the FF-BSS,trainedin the time domain
andthe FB-BSS.The initial guessof the separationblock are« -S- #�¾"%r' « )S) #	¾�%¢'LC and « + ! #	¾�%r'ÞÖJ?�ÁhÂ'sA , in theFF-BSS,
and ± - ) #�¾"%r' ± ) - #	¾�%r'DC in the FB-BSS.

Sourceseparationis evaluatedby the following two kinds
of signal-to-interferenceratios ½���� - and ½���� ) . Ý G + #�¾"% is a
transferfunctionfrom the Á -th sourceto the Q -th output.In this
case, ½ - #�¾"% and ½ ) #	¾�% are assumedto be separatedin ­ - #	¾�%
and ­ ) #�¾"% , respectively. However, it doesnot lose generarity.É�� - ' CE"Ì�ÍXÎ2 Î #

Ï Ý -S- #�i !gÐ % Ï ) T Ï Ý )S) #	i !SÐ % Ï ) % Ñ3Ò (37)É + - ' CE"Ì�ÍXÎ2 Î #
Ï Ý - ) #�i !gÐ % Ï ) T Ï Ý ) - #	i !SÐ % Ï ) % Ñ3Ò (38)½���� - ' C|ÖV×ÃØ�Ú -�5 É�� -É + - (39)É � ) ' CE"Ì�ÍXÎ2 Î #
Ï Ý -S- #�i !gÐ % ½ - #�i !gÐ % Ï )T Ï Ý )S) #	i !SÐ % ½ ) #	i !SÐ % Ï ) % Ñ3Ò (40)É + ) ' CE"Ì�ÍXÎ2 Î #
Ï Ý - ) #�i !gÐ % ½ ) #�i !gÐ % Ï )T Ï Ý ) - #	i !SÐ % ½ - #	i !SÐ % Ï ) % Ñ3Ò (41)½���� ) ' C|ÖV×ÃØ�Ú -�5 É�� )É + ) (42)

B. Speech Signals

1) Source Separation: The learning curves of ½���� - are
shown in Figs.3,4 and 5. Regardingconvergencespeed,the
FF-BSSsare slightly faster than the FB-BSS. On the other
hand,for separationperformance,that is the value of ½���� - ,
the FB-BSS is superiorto the others.Among the FF-BSSs,
the frequency domainlearningcanprovide betterresult.

2) Signal Distortion: The criteria for the signal distor-
tion, that is the amplitude responseof À -�- #	¾"% ½ - #�¾"% andÀ )�) #	¾"% ½ ) #�¾"% are shown in Fig.6. The spectraof the output
signalsareshown in Figs.7,8, 9 and10. The mixing process
is Mixture-2.

In the FF-BSS, trained in the time domain, the spectra
are not similar to the criteria shown in Fig.6. Especially, the
spectrain the high frequency bandare amplified. Since,the
FF-BSShas a degreeof freedom,the output spectracan be
changedin a way to make the output signals to be more
statisticallyindependent.On theotherhand,asshown in Fig.8,
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Fig. 3. Learningcurveof 	�

� ö in caseof FF-BSStrainedin time domain
for speechsignals.
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Fig. 4. Learning curve of 	�

� ö in caseof FF-BSStrained in frequency
domainfor speechsignals.
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Fig. 5. Learningcurveof 	�

� ö in caseof FB-BSStrainedin time domain
for speechsignals.
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Fig. 6. Spectrumof � ö�ö������ 	 ö������ and � õ�õ������ 	 õ������ for speechsignals.
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Fig. 7. Spectrumof output signals � ö������ and � õ������ in FF-BSStrainedin
time domainfor speechsignals
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Fig. 8. Spectrumof output signals � ö������ and � õ������ in FF-BSStrainedin
time domainfor speechsignals.
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Fig. 9. Spectrumof output signals � ö������ and � õ������ in FF-BSStrainedin
frequencydomainfor speechsignals.

the spectraof the FF-BSS, trained with the distortion free
constraint,aredrasticallyimproved comparedto the previous
ones,andare similar to the criteria.

The FF-BSS,trainedin the frequency domain,hasa good
result. Its output spectraare very similar to the criteria. As
discussedin Sec.V-C, the separationblock

ª #	¾�% are trained
using the output spectraas the mask.Furthermore,by using
the identity matrix as the initial guess,the output spectra
are similar to the observation in early stageof the learning
process.Thismaskingeffectcansuppressthesignaldistortion.
Finally, the FB-BSSshown in Fig.10 also hasa good result.
As discussedin Sec.VI,theFB-BSScansatisfytheconditions
of sourceseparationand distortion free simultaneously. As
sourcesareseparated,signaldistortion is also suppressed.

The other evaluation measuresare summarizedin TableI.
Regarding ½���� ) , the FF-BSSin frequency and the FB-BSS

TABLE I

COMPARISON OF FOUR KINDS OF BSSS FOR SPEECH SIGNALS. M IX -1AND

2 MEANS M IXTURE-1 AND 2, RESPECTIVELY. FF-BSS TIME(1), TIME(2)

AND FREQ. ARE TRAINED FOLLOWING EQS.(3)-(4), EQS.(29)-(30) AND

EQS.(5)-(6), RESPECTIVELY.

Methods Mix 	�

� õ 	�� ö�� 	 � ö�! 	�� õ"� 	�� õ"!
FF-BSS 1 12.2 -0.49 -2.71 9.67 8.36

time(1) 2 19.3 -0.52 -2.82 10.4 9.22

FF-BSS 1 8.33 -6.20 -10.0 -11.1 -15.9

time(2) 2 15.6 -13.8 -16.8 -19.2 -22.8

FF-BSS 1 7.02 -3.15 -8.22 -9.20 -11.3

freq. 2 22.6 -16.5 -20.8 -20.3 -23.6

FB-BSS 1 14.1 -11.1 -14.3 -14.1 -16.3

2 22.9 -23.3 -26.4 -22.8 -23.8

arethe best.The signaldistortionin the FF-BSSin time with
distortionfreeconstraintcanbedrasticallyimprovedcompared
to theFF-BSSin timewithout theconstraint.Regarding½VÔ -MË ,
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Fig. 10. Spectrumof outputsignals � ö������ and � õ������ in FB-BSStrainedin
time domainfor speechsignals.

which is the moststrict evaluation,the FB-BSSis superiorto
theothers.In ½VÔ -MÓ , which compareonly amplituderesponses,
their differencesbecomesmall,still theFB-BSSis superiorto
the others. In ½¢Ô ) Ë and ½VÔ ) Ó evaluations,which compare
only transferfunctions,they are almost the same.Therefore,
it can be concludedthat regarding the signal distortion, the
FB-BSSis the bestaccordingto any evaluationmeasuresand
any mixing models.

C. Colored Signals with Different Frequency Bands

As discussedin Sec.V-C, there is the weighting effect in
the FF-BSStrainedin the frequency domain.This weighting
effect suppressesthe signaldistortionwhenthe spectraof the
sourcesare similar to eachother, as a result, the spectraof
the observed signalsare also similar to thoseof the souces.
However, it canbeexpectedthat theweightingis not effective
for the sources,which have differentenvelop of thespectrum,
andsignaldistortionwill occur. In orderto confirm this point,
another example is shown here. Figs.11 and 12 show the
spectraof theobservedsignalsandthespectraof À +Ù+ #	¾"% ½ + #	¾�% ,
respectively. They are not similar to eachother, becausethe
frequency bands,wherethespectraaredominant,aredifferent.
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Fig. 11. Spectrumof observedsignalsfor coloredsignals.
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Fig. 12. Spectrumof � ö�ö������ 	 ö����#� and � õ�õ������ 	 õ������ for coloredsignals.

The spectraof the output signalsare shown in Figs. 13,
14, 15 and 16. The outputs of the FF-BSS trained in the
frequency domain are not similar to the criteria, but are



similar to observedsignals.This resultsupportsour theoretical
analysis.The othermethodsobtainedsimilar resultsas in the
simulationsfor speechsignals.
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Fig. 13. Spectrumof outputsignals � ö������ and � õ$����� in FF-BSStrainedin
time domainfor coloredsignals.
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Fig. 14. Spectrumof outputsignals � ö������ and � õ$����� in FF-BSStrainedin
time domainfor coloredsignals.
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Fig. 15. Spectrumof outputsignals � ö������ and � õ$����� in FF-BSStrainedin
frequencydomainfor coloredsignals.
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Fig. 16. Spectrumof outputsignals � ö������ and � õ������ in FB-BSStrainedin
time domainfor coloredsignals.

VII I . CONCLUSIONS

In this paper, sourceseparationandsignaldistortion in the
FF-BSSandtheFB-BSShave beenanalyzed.Thenew distor-
tion free constrainthasbeenproposedfor the FF-BSStrained
in the time domain. The FF-BSS, trained in the frequency
domain,has the weighting effect, which can suppresssignal
distortionwhenthe spectraof the sourcesaresimilar to each
other. However, if the spectraof the sourcesdiffer from the
others, the weighting is not effective, and signal distortion

TABLE II

COMPARISON OF FOUR KINDS OF BSSS FOR COLORED SIGNALS. THE

MIXING PROCESS IS M IXTURE-1.

Methods % ¯S® \ % ¯S®'& %�(
\
) %�(

\
* %�( & ) %�( & *

FF-BSStime(1) 4.95 9.49 -0.08 -2.76 -0.69 -4.99

FF-BSStime(2) 7.07 10.2 -6.45 -9.58 -10.8 -13.6

FF-BSSfreq. 2.62 5.12 -6.28 -8.74 -8.23 -10.1

FB-BSS 7.19 16.5 -12.4 -15.0 -10.4 -13.6

occurs.TheFB-BSS,trainedin thetime domain,hasa unique
solution, which satisfiesboth the sourceseparationand the
distortion free conditions simultaneously. Simulation results
supportthe theoreticalanalysis.
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