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Abstract

Automaticvoice/musicsegmentdetectionis expectedfor vari-
ousapplications.For thegeneralapplicationsof voicerecogni-
tion anddictation,input voice for the recognition is neededto
detectandremove musicsectionautomatically.

In orderto detectvoice andmusicsegments,wheresound
data contains both voice and music, this paper proposes
weightedBlock CepstrumFlux (BCF)andoptimizestheweight
vectorusingdiscriminative trainingtechnique.

Thispaperalsodiscussestheeffectivenessof thefrequency
axis weighting in calculatingCepstrumFlux and BCF. Here,
frequency axis weightingis carriedout by the modificationof
LPCCepstrumdistancecalculation.

The experimentalresultsshows the detectionerror rateof
the original BCF is 11.56%andthe error rateof the weighted
BCF with the low-frequency weightingfor closeddatais 9.08
%, and10.48% for opendata.This rensultshows theeffective-
nessof bothtimeandfrequency axisweightingin BCFcalcula-
tion for detectionbetweenvoiceandmusic.

1. Introduction
Severalfeatureparameterswereproposed to separatevoiceand
music.This paper describestheoptimizationof featureparam-
etersbasedon a discriminative trainingtechnique.

SpectralFlux has beenproposed by [1] and showed its
potentialwith an experimentfor segmentingvoice andmusic.
CepstrumFlux andBlock CepstrumFlux hasbeenproposedby
[2, 3] asnaturalextensionsof SpectralFlux andshowed its ef-
fectiveness.Sounddatausedfor theexperiment includessound
andvoice, in alternation. The effectivenessfor sounddatain
realworld hasbeenevaluatedtheperformanceusingactualdata
[4, 5]. Now, researchis developing to detectingmusic[6] and
voice[7].

Originally, SpectralFlux parameterhasbeenproposedand
showed its potential with an experimentfor segmentingvoice
andmusicandCepstrumFlux hasbeenintroducedasanexten-
sionof SpectralFlux in thetime axis. Thefundamentalideais
to characterizesounddataby comparingthe baseframeto the
pastframesin Cepstrumvectorof sounddata.Block Cepstrum
Flux (BCF)hasbeenintroducedto improveCepstrumFlux and
the resultsof the preliminaryexperimentshowed its effective-
nessin voice/musicsegmentdetection. Block CepstrumFlux
is calculatedby averagingCepstrumFlux in the definite time
block.

This paperis organizedas follows: The next sectionsde-
scribesthepreparations.Section3 describesthediscriminative
training techniqueandoptimizationof the error rate. Sections
4 describesexperiments,andfinally section5 presentsthecon-
clusionof this paper.

2. Preparations
2.1. Cepstrum Flux & Block Cepstrum Flux

CepstrumFlux is anextensionof SpectralFlux towardthetime
axis. It is a methodto characterizesounddataby comparing
plural LPC Cepstrumvectorsto basedframein sounddataal-
ternately. CepstrumFlux is definedby Eq.(1).���������
	��� ���������� ��� � ��� � ����� (1)�

is thesizeof thetimewindow (numberof frames)and � � is a
LPC Cepstrumvectorat time � . The theoreticalpropertiesfor
CepstrumFlux is describedin [8].

Block CepstrumFlux is acquiredby averagingCepstrum
Flux atregularizedtimeblocks. Block CepstrumFlux is defined
by Eq.(2). � � � �!�"	 ��$# � �� % �'& � ��� % ����� � (2)�

is thesizeof thetimewindow (numberof frameper1 block)
and

���
is a valueof CepstrumFlux at time � . If the valueof

� �
is smallerthanthreshold,theframe � is a voice,andif the

valueof

� �
is greaterthanthreshold,theframe � is a music.

2.2. Detection error rate

The distinctionbetweenvoice andmusicis determinedby the
valueof

� �
andits threshold( , so the detectionerror rate is

calculatedasfollows:) � � �'� �!��� ( �*	,+ � � ��� �-�/. ( voice0 � � � �-�/1 ( music� (3)

Here,
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is a stepfunction.) �32'�*	 + � 254 00
otherwise� (4)

The teachingsignalthat indicatesvoice/musicat time � is de-
finedasfollows: 6 � 	,+ � � : voice0 � : music� (5)

Thedetectionerrorrate 7 (
098 7 8 � ) is calculatedby Eq.(6).7 	:�;=<�� ��� � ) � � � � �-��� ( ��� 6 � � � � (6)

Here,
;

is thenumber of frames.

2.3. Optimization using a gradient method

Stepfunction
) �32'�

describedat Eq.(6)is discontinuousat
2>	0

, so it is replacedwith following monotonousincreasingsig-
moid functionto give differentiability.)@? �32'�*	 ��/ACB � ?�D �3EF. 0 � �
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0 1 ) N? �32@� 8 E JUT . The error ratecan
bereplacedin thefollowing Eq.(7)usingthesigmoidfunction.
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arethevariablesof thecriterionfunction 7 ?
arecalculatedfor
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The weight parametersare updatedby the following Eq.(10)
whenthenumberof iterationsis

6
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Here,thefollowing equationsareintroduced.k 7 ? 	!� e 7 ?e cfd �l�nm9	 0 Go�LG ���o� G �!� �
3. Optimization of Block Cepstrum Flux
using discriminative training technique

Block CepstrumFlux is calculatedabout frequency axis and
time axis, so it canbe weightedaboutthe frequency andtime
axis.As methodsto givetheweightparametersabouttimeaxis,
thefirst oneis to give a weightparameterfor CepstrumFlux of
Eq.(1),andsecondoneis for Block CepstrumFlux of Eq.(2).
On theotherhand,themethodto give weightingon frequency
axisis to weighton LPCCepstrumdistance.

In this paper, the first methodto weight about time axis is
calledBlock WeightedCepstrumFlux (BWCF),andsecondone
is calledWeightedBlock CepstrumFlux (WBCF).

3.1. Weight parameters on time axis

Block WeightedCepstrumFlux (BWCF)

CepstrumFlux in Eq.(1)is weightedasshown in Eq.(11).� � �����*	 �� ����"� c � ��� � � � ��� � � � � (11)c � is a weightparameterthat is given to p � � 	 ��� � � � �M� � � �calculatingCepstrumFlux at time � . Therefore,7 is a
� Aq�

variable function that hasa variable
V:	r� c � Gos�sosYG c  G ( �

.
Thus,Eq.(8)is calculatedasfollows:
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WeightedBlock CepstrumFlux (WBCF)
Block CepstrumFlux in Eq.(2) is weightedas shown in

Eq.(14). � �Y� �-�
	 �� # � �� % �'& c % ����� % ����� � (14)

c %
is a weight parametergiven to

�a��� % �����
calculatingBlock

CepstrumFlux at time � . Therefore,7 is a
� A,� variable
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. Thus,
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3.2. Weight parameters on frequency axis

Themethodto addweightparameteraboutLPC Cepstrumdis-
tancehasbeenproposedandshowedits effectivenessby [10].

TheLPC Cepstrumdistanceof CepstrumFlux in Eq.(1)is
weightedabout time axis. For convenience,1storderdifferen-
tial filter

� � �5�"� � � �
is usedasweightparameterfunction.The

LPCCepstrumdistancein Eq.(1)becomesasfollows:p ����a���M� � � GR� �*	 K�� b� � ��� p �� A c ���B � � K � c � p � � ��� (17)
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Here,theweightparameterisc � 	!� ��/A � � �
When

�¡1 0
, it meansto addweight parametersto low fre-

quency, andwhen
��. 0

, it meansto addweightparametersto
high frequency. ¢ is thetrancationorderandis equal to ��£ .



3.3. Reduction of computation complexity

Theterm
| # � �% �'& p d��� %

atBWCFin Eq.(12)is independentwith
weight parametersandis usedat repeatedby sumcalculation.
Thereforep d� G¥¤ d� is calculatedin advancefor efficiency andre-
currencerelation is calculatedfor reducingsumcalculationat
iterative calculationshown in Eq.(18). For this reduction,the
amountof calculationreducefrom ¦L�'c to

� K ¦ A c � K � � . The
resultof thiseffectivenessis describedat4.5.tuuuuuuv uuuuuuw

¤ d� 	 # � �� % �'& p d��� %
¤ d� 	 ¤ d��� � A � p d� � p d��� # �l�nmy	 �HG¥KMG �o��� G ���� � � �!�"	 ��x� ����"� c � ¤ � � � (18)

4. Evaluation experiments to detect
voice/music section

4.1. Database for evaluation and sound analysis conditions

TheexperimentsuseCampusWavedatabase[9] which includes
voice andmusic. CampasWave databaseconsistsof 15 setsof
FM radioprogram(15 weeks)andthelengthof eachdatasetis
onehour. They arecomposedof requestedmusics,conversation
betweentwo femalepersonalities,andcommercials.They were
recordedatastudioandconvertedinto acomputerthroughDAT
link at itssamplingfrequency of 44.1kHz.Thechosensampling
frequency of thedatabasewas16kHzbecauseit includesmusic.
Thequantizationmethodis 16bitPCM.They aremadein stereo
sincemusicis usuallyrecordedin stereo,but mixedto createa
singlechannelfor analysis.Table1 shows the ratio of music,
voice,etc.Eachsetof datahasasoundlabel(e.g.,music,voice,
silence,...). Theteachingsignal

6 �
in Eq.(5)is generatedbased

on this label information. The experimentsusefirst 10 setsof
data(CW01-CW10).Thevoicesectionandmusicsectionhave
almostthesameratio: 40%of data.The“others” in Table1 are
BGM andCM.

Table1: Database structure (sec.)
dataID music voice silence others

CW01 1187 1612 70 667
CW02 1400 1474 72 713
CW03 1442 1603 124 523
CW04 1322 1704 94 524
CW05 1596 1294 96 645
CW06 1435 1603 116 515
CW07 1357 1696 94 508
CW08 1310 1611 125 616
CW09 1467 1450 93 609
CW10 1555 1386 100 537

average 1407 1543 98 585
(38.7%) (42.5%) (2.7%) (16.1%)

Table2 shows soundanalysisconditions.Theinitial value
of threshold( is setthat 7 is the original error rateof Block
CepstrumFlux. The number of all frames is 229,215 and
voice/musicframesis

;§	 �o¨ 0 G 0 �L� .
4.2. Evaluation of weighting on time axis

Theerrorrate 7 ?
(Eq.(7))decreasesmonotony. Figure1 shows

decreaseof error rate 7 (Eq.(6)). Experimentconditionsis as

Table2: Sound analysis conditions
SamplingRate 16kHz

Window function hammingwindow
Window Length 256points(16ms)

analysisupdatecycle 256points(16ms)
LPCanalysis 14 dimensions

Cepstrumanalysis 16 dimensions
soundfeaturevalue LPCCepstrum

vector
Window of CepstrumFlux

�5	�© G�� 0 G�� ©
Window of Block CepstrumFlux

�ª	 £L«�G¬T 0L0
sigmoidparameter

E�	 � 0
iterationparameter  	 0 � � � 0 � Tnumber of iterations 100

follows:
�®	¯© Go� 0 G�� © ,

�°	 T 0L0 G Eq	 � 0 G  	 0 � � . The
threshold( doesnot changebecausechangingof weight pa-
rametershassameeffects.

By the comparison of BWCF and WBCF, BWCF gives
lower error ratethanWBCF when

�±	 � 0 Go� © , but BWCF de-
creasesmonotony andtakesthe lowesterror ratewhen

�±	�©
.

Therefore,thefollowing experimentsuseBWCF.
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Figure1: Comparison of decreasing error rates for BWCF and
WBCF

Table3 shows initial errorratesof 10 datasetsandaverage
oneaftertraining.Theerrorratecanbereducedby thediscrim-
inative training technique. Figure2 shows envelope of weight
parameters.

Table3: Average of error rates for 10 data sets(%)
with training

initial errorrate BWCF WBCF
11.56 10.78 11.04�>	�© G �r	 T 0L0 , numberof iteration:100

4.3. Evaluation using open data

Table 4 shows a result of experimentusing time axis weight
parametersgiven in 4.2. For opendata,the resultshows it can
not belessthaninitial errorrate �H� � © £L² .
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Figure2: Shapes of weight parameters

Table4: Error rates using various weight parameters(%)
weightparameter closedata opendata
initial errorrate 11.56 11.56

after20 iterations 10.74 11.47
after100iterations 10.78 12.18
give minimum 7 10.48 11.87

give minimum 7 -5 10.50 11.83�>	�© G �ª	 T 0H0 G numberof iterationsis � 0L0
4.4. Evaluation of weighting on frequency axis

Figure3 shows change of error rateswhenparameterof linear
filter

�
is changed, andTable5 shows experiment resultwith

frequency axisweighting.Numberof iterationis 100.
For this result, when

�³	z� 0 � ¨ , the error rate becomes
smallest. The error rate reducesby about1.1% andbecomes
9.16%. This meansthat to addweight parametersto low fre-
quency is effective.

9

10

11

12

13

14

15

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

E
rr

or
 R

at
e 

(%
)

Weight Parameter

Figure 3: Relation between frequency weight parameter and
error rate

4.5. Effectiveness for reduction of computation complexity

Table6 showstheresultof experimentsfor reductionof compu-
tation complexity by 3.3. The experimentusesCW02 andthe

Table5: Error rate using frequency axis weighting(%)
weightparameter closedata opendata
initial errorrate 11.49 11.49

after100iterations 9.16 10.58
give minimum 7 9.08 10.48�>	q© G �ª	 T 0H0 G �´	-� 0 � ¨

numberof iterationis 100.Thetimeto calculateduringiteration
becomesshorter.

Table6: Effectiveness for reduction of computation complexity

without with ratio
amountof calc.

��;>� � � AµK �n;³� � � � �numberof calc. 360,022,000 1,801,990 199.80
timf of calc. 552.00(s) 93.14(s) 5.92

CPU ¶ Pentium1GHz�>	�© G �·	 T 0L0 G ;§	 �o¨ 0 G 0 �L�
5. Conclusion

This paperproposesto decreasedetectingerror rate between
voiceandmusicusingCepstrumFlux andBlock CepstrumFlux
by usingdiscriminative trainingtechnique.As a result,this pa-
per indicateseffectivenessof frequency axis weighting in cal-
culatingLPC Cepstrumdistance,anddecreaseerror ratefrom
11.56%to 10.48%.
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