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ABSTRACT

Inpreviousstudiesofsyntheticspeechdetection(SSD),themostwidelyusedfeaturesarebasedon
alinearpowerspectrum.Differentfromconventionalmethods,thisarticleproposesanewfeature
extractionmethodforSSDfromoctavepowerspectrumwhichisobtainedfromconstant-Qtransform
(CQT).BycombiningCQT,blocktransform(BT)anddiscretecosinetransform(DCT),anewfeature
isobtained,namely,constant-Qblockcoefficients(CBC).Inwhich,CQTisusedtotransformspeech
fromthetimedomainintothefrequencydomain,BTisusedtosegmentoctavepowerspectruminto
manyblocksandDCTisused toextractprincipal informationofeveryblock.Theexperimental
resultsonASVspoof2015corpusshowsthatCBCissuperiortootherfront-endsfeaturesthathave
beenbenchmarkedonASVspoof2015evaluationsetintermsofequalerrorrate(EER).
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INTRoDUCTIoN

Automaticspeakerverification(ASV)isthetasktoacceptorrejectanidentityclaimbasedona
person’sspeechsample(Kinnunen&Li,2008),whichhasreceivedwidespreadattentionoverthe
recent30years.MostASVsystemsassumenaturalhumanspeechasinput.However,ASVsystemsare
oftenattackedbysyntheticspeech(Wu,etal,2016),whichisusuallyobtainedbyspeechsynthesis(SS)
andvoiceconversation(VC)(Wu&Li,2014).InordertoprotectASVsystemssafe,itisnecessary
todetectsyntheticspeechfrominputspeech.Inaddition,inthefieldofcriminalinvestigatorsfor
forensics,SSDishelpful.

Generally speaking, there are two types of countermeasures for SSD: front-end feature and
back-endmodel.

Intermsoffeature,featuresbasedonpowerspectrum,combiningmagnitudewithphaseandsoon.
ThemostwidelyusedfeaturesbasedonpowerspectruminSSDaremel-frequencycepstralcoefficients
(MFCC) (Sahidullah, Kinnunen & Hanilci, 2015) and constant-Q cepstral coefficients (CQCC)
(Todisco,Delgado&Evans,2016).In2017,Pauletal.proposedseveraltypesoftransformation
forSSDin(Paul,Pal&Saha,2017),theyarespeech-signalfrequencycepstralcoefficients(SFCC),
mel-warped overlapped block transformation (MOBT), speech-signal-based overlapped block
transformation (SOBT), invertedspeech-signal frequencycepstralcoefficients (ISFCC), inverted
mel-warpedoverlappedblocktransformation(IMOBT).Inaddition,invertedmelfrequencycepstral
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coefficients(IMFCC)(Chakroborty,Roy&Saha,2007)isalsousedin(Sahidullah,Kinnunen&
Hanilci,2015).However,thosefeaturesareallbasedonlinearpowerspectrumthateveryfrequency
binhasthesamefrequencyregion.

PhasefeatureswereoftencombinedwithmagnitudefeaturesinSSDbecausetheperformanceof
phasefeaturesisusuallyworsethancommonlyusedfeaturesbasedonpowerspectrum.Forexample,
In2015,Xiaoetal.used logarithmmagnitudespectrum(LMS)+residual logarithmmagnitude
spectrum(RLMS)+groupdelay(GD)+modifiedgroupdelay(MGD)+instantaneousfrequency
(IF)+basebandphasedifference(BPD)+pitchsynchronousphase(PSP)in(Xiao,Tian,Du,et
al,2015),Novoselovetal.usedmodifiedgroupdelaycepstralcoefficients(MGDCC)+MFCC+
Mel-frequencyprincipalcoefficients(MFPC)in(Novoselov,Kozlov,etal,2016).

Inaddition, therearesomeotherfeaturesusedinSSD.Forexample,Zhangetal.employed
Teagerenergyoperatorcriticalbandautocorrelationenvelopeplusperceptualminimumvariance
distortionlessresponse(TCAEP)andspectrograminSSD(Zhang,Ranjan,Nandwana,etal,2016,
Zhang,Yu,&Hansen,2017).Sriskandaraja et al. proposed scatteringcepstal coefficients (SCC)
(Sriskandaraja, Sethu, Ambikairajah & Li, 2017) in SSD, respectively. Patel and Patil proposed
touse fundamental frequency, strengthofexcitationandcochlear filtercepatralcoefficientsand
instantaneousfrequency(CFCC-IF)(Patel&Patil,2015,Patel&Patil,2016)inSSD.In(Sahidullah,
Kinnunen&Hanilci,2015),aseriesof featureswerecompared inSSDbyMdSahidullahetal.
Theyarerectangularfiltercepstralcoefficients(RFCC)(Hasen,Sadjadi,Liu,Shokouhi,Boril,&
Hansen,2013),linearfrequencycepstralcoefficients(LFCC)(Alegre,Amehraye,&Evans,2013),
linearpredictioncepstralcoefficients(LPCC)(Furui,1981),perceptionlinearpredictioncepstral
coefficients (PLPCC) (Hermansky,1990), subbandspectral fuxcoefficients (SSFC) (Scheirer&
Slaney,1997),spectralcentroidmagnitudecoefficients(SCMC)(Kua,Thiruvaran,Nosratighods,
Ambikairajah, Epps, 2010), subband centroid frequency coefficients (SCFC) (Kua, Thiruvaran,
Nosratighods,Ambikairajah,Epps,2010).

Gaussianmixturemodel(GMM),supportvirtualmachine(SVM)anddeeplearningbasedare
oftenusedasclassifierinSSD.Inthepreviousstudy,GMMisthemostwidelyusedmodelinSSD.
Forexample,CQCCisfollowedbyGMMin(Todisco,Delgado&Evans,2016),in(Sriskandaraja,
Sethu,Ambikairajah&Li,2017),theauthorsalsousedGMMtomodelSCC.Inaddition,(Hasen,
Sadjadi,Liu,Shokouhi,Boril,&Hansen,2013,Todisco,Delgado&Evans,2016,Patel&Patil,
2016)allusedGMMasclassifier.SomeclassifiersbasedondeeplearningwereemployedinSSD,for
example,multilayerperceptronneuralnetwork(MLPNN)wasusedin(Xiao,Tian,Du,etal,2015).
Inaddition,convolutionalneuralnetwork(CNN)plusrecurrentneuralnetwork(RNN)wereusedin
(Zhang,Yu,&Hansen,2017),inwhichCNNwasusedtolearnfeatureandRNNwasusedasclassifier.

Sincetheworkin(Todisco,Delgado&Evans,2016)hasshownthatmoregainscanbeobtained
fromfeatureratherthanmodel.Soweonlyfocusfeaturelevelinthiswork.

Asmentionedabove,thereisnoreportabouthowtoextractdiscriminativeinformationfrom
octave power spectrum in previous SSD study, in which full frequency-band is segmented into
severaloctavesanddifferentfrequencybinshavedifferentfrequencyregioninthesameordifferent
octaves.Wewanttoexploreanewfeaturefromoctavepowerspectruminthisstudy.Inaddition,in
ordertocapturemorediscriminativeinformationfromoctavepowerspectrum,blocktransform(BT)
isfirstlyusedtosegmentlogarithmoctavepowerspectrum(LOPS)intomanyblocksanddiscrete
cosinetransform(DCT)isappliedtoextractprincipalinformationofeveryblock,whichismain
contributionofthework.

Inaddition,becauseconstant-Qtransform(CQT)(Youngberg&Boll,1978)hashighfrequency
resolutionanditcancapturemoredetailoffrequency,soCQTiscombinedwithBTandDCTtoextract
adiscriminativefeatureforSSD.Wenamethenewfeatureasconstant-Qblockcoefficients(CBC).

BecauseDNNnotonlyhasclassifierfunctionbutalsohasfeaturelearningability(Seide,Li,etal,
2011),inordertomakeCBCdetectsyntheticspeechbetter,DNNisutilizedasclassifierinthiswork.
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Theremainderofthepaperisorganizedasfollows.CBCextractionisintroducedinSection2.
Section3givestheexperimentalresultsandanalysisofASVspoof2015usingCBC.Section4gives
theconclusion.

CBC eXTRACTIoN

In thissection,howtoextractCBCis introduced.Anillustrativeblockdiagramof theproposed
featureisshowninFigure1.FromFigure1,wecanseethattherearefivemodulesinCBCextraction:
CQT,powerspectrum,Log,BTandDCT.Inwhich,themoduleofCQTisusedtotransformspeech
fromthetimedomainintothefrequencydomain,powerspectrumisusedtoobtainedoctavepower
spectrum,logisusedtoobtainLOPS,BTisusedtosegmentLOPSintomanyblocksandDCTisused
toextractprincipalinformationofeveryblock.Adetaileddescriptionofeachmoduleisasfollowing.

Constant-Q Transform
CQTwasproposedin(Youngberg&Boll,1978)and(Brown,1991).Inwhich,Qisdefinedasthe
ratioofcenterfrequencytobandwidth,whichisasfollowing:
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f
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Figure 1. Schematic diagram of CBC extraction
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wherek K= 1 2, ,..., isthefrequencybinindex,N
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arethevariablewindowlengths,a n
k
*( ) denotes

thecomplexconjugateofa n
k
( ) ,and •  denotesroundingtowardsnegativeinfinity.Thebasicfunctions

a n
k
( ) arecomplex-valuedtime-frequencyatomsandaredefinedby:

a n
n

N
i n

f

fk
k

k

s
k

( ) ( )exp ( )=
C

1
2ω π φ+















 (5)

where f
k

isthecenterfrequencyofthebink , f
s

isthesamplingrate,andω( )t isawindowfunction
(e.g.Hannwindow).φ

k
isaphaseoffset.Cisascalingfactorand:

C=
-

ω
n N

N
k

kn N

N

k

k

1

2

2 2

1

+








= 









∑
/

/

/

 (6)

FromFormula(2)and(3),wecanseethatthemorek ,themore f
k

and δf .

Power Spectrum and Log
Themoduleofpowerspectrumisusedtoobtainedoctavepowerspectrum.Nowweintroducehow
tocalculateoctavepowerspectrum:

M ms ms ms ms
Y K K
= −{ , ,..., , }

1 2 1
 (7)

whereM
Y

representsformagnitudespectrumofY k n( , ) ,ms
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whereO
Y

representsforoctavepowerspectrumofY k n( , ) ,os
k

representsfork th- frequencybin
andk isfrom1toK .Inaddition:
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ThemoduleofLogisusedtoobtainoctavepowerspectruminlog-scale,whichisasfollowing:

LO os os os os
Y K K
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whereLO
Y

representsforO
Y

inlog-scaleand log( )⋅ isusedtocalculatevalueinlog-scale.
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Block Transform and Discrete Cosine Transform
InordertoextractmorediscriminativeinformationfromLOPS,BTisusedheretosegmentLOPS,
thenLOPS is segmented intomanyblocksbyBT. Inorder tomakeblocks continuous, there is
overlappingfrequencybinsbetweenneighboringblocks.

After LOPS is segmented into blocks, DCT is applied on every block to extract principal
informationofeveryblock,thentheformerRcoefficientsobtainedfromDCTareselectedasthe
featureforeveryblock,finally,theRcoefficientsobtainedfromeveryDCTisconcatenatedtoform
finalfeature.Figure2showsthedetailofback-stepfeatureextractionbyusingBTforLOPS,DCT
forblocksandconcatenation.

FromFigure2,wecanseethatLOPSissegmentedintomanyblocksusingBT,whichisas
following:

LOPS Block Block Block Block
N N

=
1 2 1
, ,..., ,−





  (11)

Inaddition,thereisoverlappingfrequencybins(redpartinFigure2)betweenneighboringblocks.
DCT is supplied on every block, final feature can be obtained by concatenating the former R 
coefficientsobtainedfromeveryDCT.

SupposingthedimensionnumberofeveryblockisM ,CBCcanbecalculatedasfollowing:
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Figure 2. BT for LOPS, DCT for every block and concatenation
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where r  represents r th-  DCT coefficients, and r  is from 1 to R-1 , R  represents principal
coefficientsofDCTand:
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Inaddition,inordertostudytheroleofthemoduleofBTinfeatureextraction,wecansuppose
themoduleofBT is removed fromFigure1 and theobtained feature cannamedas constant-Q
coefficients(CQC).

eXPeRIMeNTS AND ANALSIS

experimental Data
ASVspoof2015corpusisconstitutedbythreesubsets:trainingdata,developmentdataandevaluation
data,everypartconsistsofhumanandspoofedspeechthatspoofedspeechisgeneratedfromoriginal
genuinespeechwithdifferentVCandSSalgorithms.Table1givessomedetailofeverysubset.In
addition,allthedatainASVspoof2015issampledat16KHzandsavedasmonochannelwavformats.
Totally,therearetotaltenspoofing-attacktypesspeech(nameasS1toS10)inASVspoof2015(Wu,
etal.,2016).Inaddition,allthethreesubsetscontainspoofingtypeS1-S5,whicharedenotedas
knownattackwhileS6-S10onlyappearintheevaluationsubsetanddenotedasunknownattack.

experiment
InCQT,thereareseveralimportantparameters,whichwillaffectthefinalperformance.TheyareB
whichisnumberofbinsinanoctave,octavenumber,samplingperiod,gamma,respectively.Inour
experiments,thesameas(Todisco,Delgado&Evans,2016),Bissetas96,octavenumberissetas
9,samplingperiodissetas16andgammaissetas3.3026.

AfterDCToneveryblock,theformer12-dimensioncoefficientsareusedasfeatureandtheother
dimensioncoefficientsarediscarded,inotherwords,Rissetas12intheexperiments.Accordingto
ASVspoof2015challengerule,16,375utterancesintrainingsetisusedtotrainmodel,whichcan
beusedtoevaluatetheperformanceoftheproposedfeatureonASVspoof2015developmentand
evaluationset.
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Atypeofclassifierwithsix-layerDNNistrained,whichhasfourhiddenlayerswith512nodes
ateverylayerandoutputlayerwith2nodes.

InBT,overlappinglengthofblockissetasahalfofblocklength.Inaddition,equalerrorrate
(EER)andaverageequalerrorrate(AEER)areusedasevaluationmetrics.

Since thework in (Todisco,Delgado&Evans,2016)has shownstatic featuresdegrade the
performance,CBC-DAisusedasfeaturetoevaluateCBCperformanceonASVspoof2015corpus.
InwhichDandAstandsfordeltaandacceleration,respectively.

experimental Results on ASVspoof 2015 Development Set Using CBC and CQC
Table2givestheexperimentalresultsonASVspoof2015developmentsetusingCBC-DAandCQC-
DAunderdifferentblocklengthandCQC.

FromTable2,severalconclusionscanbeobtained:

1. ForCBC-DA,whenblocklengthis144,itsperformanceisverybad,thereasonmaybethat
thereisonlyalittlediscriminativeinformationisextracted;

2. ForCBC-DA,whenblocklengthislessthan144,itsperformanceissatisfied,however,when
blocklengthis84,itsperformancewilldegrade;

3. ComparedwiththeperformanceofCQC-DAandCBC-DAonASVspoof2015development
set,itcanbeshownthatCBC-DAperformsmuchbetterthanCQC-DAatmostsituationsexcept
whenblocklengthis144,whichmeansthatmorediscriminativeinformationisobtainedbyusing
BTforCBC-DAextraction.

experiment Result on ASVspoof 2015 evaluation Set Using CBC-DA and CQC-DA
InASVspoof2015evaluationset,therearefiveknownattacks(S1-S5)andfiveunknownattacks
(S6-S10),AEERofthetenattackscanbeusedasevaluationmetric.Figure3givestherelationship
betweenblocklengthandaverageequalerrorrate(AEER)onASVspoof2015evaluationsetusing
CBC-DA.

FromFigure3,itcanbeseenthat:AEERincreasescontinuouslywhenblocklengthdecreased
from132to84,especiallywhenblocklengthdecreasesfrom96to84,thetrendisveryvast,AEER
reachitsminimalwhenblocklengthequals132,whichmeansthatdiscriminativeinformationobtained
islesswhenblocklengthdeclinesfrom132to84.

Figure4showsAEERcomparisonbetweenCBC-DAandCQC-DAonASVspoof2015evaluation
set.

FromFigure4,itcanbeseenthattheperformanceofCBC-DAismuchbetterthanCQC-DA
onASVspoof2015evaluationset,thereasonmaybethatthereismorediscriminativeinformation
extractedbyusingBTinCBCextraction.Itconfirmsthatourideaiscorrect.

Table 1. The detail of ASVspoof 2015 corpus

Subset Number

Male Female Genuine Spoofed

Training 10 15 3,750 12,625

Development 15 20 3,497 48,875

Evaluation 20 26 9,404 184,000
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Comparison with Some other Systems
Table3givesthecomparisonwithsomeotherknownsystemsonASVspoof2015evaluationsetin
termsofEER.

FromTable3,twoconclusionscanbeobtained:(1)IntermsofaverageEER,forknownspoofing
type,IFCC-IFperformstheworst,thenMFCCandSSFC;forunknownspoofingtype,magnitude+
phasefeaturesgivetheworstperformance,thenSOBT,MOBTandISOBT.(2)Thesystembasedon
CBC-DA,outperformedallpreviouslyreportedsystemsnotonlyonknownattackbutalsoonunknown
attacktype.ThereasonmaybethatCQTcansupplymorefrequencydetail,BTcansupplythebaseto
obtainmorediscriminativeinformationandDCTisusedtoextractinformationtoformfinalfeature.

Table 2. Experimental result (EER(%)) on ASVspoof 2015 development set using CBC-DA under different block length and 
CQC-DA

Feature Block 
Length

Overlapping 
Length

EER

S1 S2 S3 S4 S5 Ave.

CQC-DA 0.0090 0.0197 0 0.0148 0.2898 0.0667

CBC-DA 144 72 13.5548 29.5388 2.1397 1.9013 37.6657 16.9813

132 66 0 0.0148 0 0 0.0474 0.0125

120 60 0 0.0085 0 0 0.0539 0.0125

108 54 0 0 0 0 0.0217 0.0043

96 48 0 0 0 0 0.0236 0.0047

84 42 0 0.0147 0 0 0.1580 0.0345

Figure 3. The relationship between AEER and block length on ASVspoof 2015 evaluation set using CBC-DA
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CoNCLUSIoN

Inpursuitofcapturingdiscriminativeinformationfromoctavepowerspectrumandseekinganeffective
featuretodetectsyntheticspeech,CBC,anewfeatureisproposedinthispaper,whichisbasedon
CQT,BTandDCT.InwhichCQTisusedtogenerateoctavepowerspectrum,BTisusedtosupply
thebasetoobtainmorediscriminativeinformationandDCTisusedtoextractinformationtoform
finalfeature.ThentheproposedfeatureisevaluatedwithASVspoof2015corpus.

Figure 4. AEER (%) comparison between CBC-DA and CQC-DA on ASVspoof2015 evaluation set

Table 3. Comparison with some other systems on ASVspoof 2015 evaluation set in terms of EER (%)

System Known Unknown Ave.

CFCC-IF(Patel&Patil,2015) 0.41 2.01 1.21

MGDCC+MFC+MFPC(Novoselov,Kozlov,etal,2016) 0.00 3.92 1.97

Magnitude+phasefeatures(Xiao,Tian,Du,etal,2015) 0.00 5.22 2.61

RFCC(Sahidullah,Kinnunen&Hanilci,2015) 0.12 1.92 1.02

LFCC(Sahidullah,Kinnunen&Hanilci,2015) 0.11 1.67 0.89

MFCC(Sahidullah,Kinnunen&Hanilci,2015) 0.39 3.84 2.12

IMFCC(Sahidullah,Kinnunen&Hanilci,2015) 0.15 1.86 1.01

LPCC(Sahidullah,Kinnunen&Hanilci,2015) 0.11 2.31 1.21

SSFC(Sahidullah,Kinnunen&Hanilci,2015) 0.30 1.96 1.13

SCFC(Sahidullah,Kinnunen&Hanilci,2015) 0.07 8.84 4.46

SCMC(Sahidullah,Kinnunen&Hanilci,2015) 0.17 1.71 0.94

APGDF(Sahidullah,Kinnunen&Hanilci,2015) 0.16 2.34 1.25

TCAEP(Zhang,Yu,&Hansen,2017). 0.27 2.66 1.47

SFCC(Paul,Pal&Saha,2017) 0.15 1.83 1.05

MOBT(Paul,Pal&Saha,2017) 0.08 3.72 1.85

SOBT(Paul,Pal&Saha,2017) 0.28 4.48 2.49

ISFCC(Paul,Pal&Saha,2017) 0.05 1.63 0.86

IMOBT(Paul,Pal&Saha,2017) 0.01 2.87 1.46

CQCC(Todisco,Delgado&Evans,2016) 0.05 0.46 0.26

SCC(Sriskandaraja,Sethu,Ambikairajah&Li,2017) 0.02 0.33 0.18

CBC-DA 0.01 0.22 0.11
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Experimentalresultsshowedthattheproposedapproachcanachieveencouragingresult.EERcan
reach0.11%,whichindicatesthatCBC-DAperformsmuchbetterthansomecommonlyusedfeatures
andoutperformsallpreviouslyreportedsystemsnotonlyonknownattackbutalsoonunknownattack
typeonASVspoof2015evaluationsetintermsofEER.

Thoughtheresultisencouraged,thereisstillroomtoimprove.Forexample,1)CBCisobtained
fromoctavepowerspectrumobtained fromCQT, thereare toomore frequencybins todescribe
lowfrequencybinsandtoofewerfrequencybinstodescribehighfrequencybinsinoctavepower
spectrum.Ifwecanseekamethodtotransformoctavepowerspectrumintolinearpowerspectrum,
thereisgainthatcanbeobtainedbecausethereareenoughfrequencybinstodescribehighfrequency
information.2)AfterDCToneveryblock,onlytheformer12-dimensioncoefficientsareselectedas
featureinourexperiments,ifmuchorlessdimensionscoefficientsareselectedasfinalfeatures,how
willaffectthefinalperformance.Thesecanbeourstudydirectionsinthenearfuture.
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