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ABSTRACT

Intelligentfarmingaspartofthegreenrevolutionisadvancingtheworldofagricultureinsuchaway
thatfarmsbecomedynamic,withtheoverallscopebeingtheoptimizationofanimalproductionin
aneco-friendlyway.Inthisdirection,thisstudyproposesexploitingtheacousticmodalityforfarm
monitoring.Suchinformationcouldbeusedinastand-aloneorcomplimentarymodetomonitor
thefarmconstantlyatagreatlevelofdetail.Tothisend,theauthorsdesignedaschemeclassifying
thevocalizationsproducedbyfarmanimals.Moreprecisely,adirectedacyclicgraphwasproposed,
whereeachnodecarriesoutabinaryclassificationtaskusinghiddenMarkovmodels.Thetopological
orderingfollowsacriterionderivedfromtheKullback-Leiblerdivergence.Inaddition,atransfer
learning-basedmoduleforhandlingconceptdriftswasproposed.Duringtheexperimentalphase,
theauthorsemployedapubliclyavailabledatasetincludingvocalizationsofsevenanimalstypically
encounteredinfarms,wherepromisingrecognitionrateswerereported.

KEywoRDS
Acoustic Farm Monitoring, Directed Acyclic Graph, Echo State Network, Hidden Markov Model, Mel-Frequency 
Cepstral Coefficients, Smart Farming

INTRoDUCTIoN

The area of Computational Bioacoustic Scene Analysis has received increasing attention by the
scientificcommunityinthelastdecades(Stowell,2018;Blumsteinetal.,2011;Towsey,Truskinger,
&Roe,2015;Dong,Towsey,Zhang,&Roe,2015;Li,Zhou,Zou,&Li,2012).Suchinterest is
motivatedbythepotentialbenefitsthatcanbeacquiredtowardsaddressingmajorenvironmental
challenges including invasive species, infectious diseases, climate and land-use change, etc.
Availability of accurate information regarding range, population size and trends is crucial for
quantifyingtheconservationstatusofthespeciesofinterest.Suchinformationcanbeobtainedvia
classicalobserver-basedsurveytechniques;however,thesearebecominginadequatesincetheyare
a)expensive,b)subjecttoweatherconditions,c)coveralimitedamountoftimeandspace,etc.To
thisend,autonomousrecordingunits(ARUs)areextensivelyemployedbybiologists(Grill&Schlter,
2017;Ntalampiras,2018a).Thisisalsomotivatedbythecostoftheinvolvedacousticsensorswhich
isconstantlydecreasingduetotheadvancementsinthefieldofelectronics.

Oneofthefirstapproachesemployedforclassifyinganimalvocalizationsisdescribedin(Mitrovic,
Zeppelzauer, & Breiteneder, 2006). The authors extracted Linear predictive coding coefficients,
cepstralcoefficientsbasedontheMelandBarkscale,alongwithtime-domainfeaturesdescribingthe
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peaksandsilencepartsofthewaveform.TheclassifierwasaSupportVectorMachine,whilethree
kernelswereconsidered,i.e.polynomial,radialbasisfunction,andsigmoid.Thesewerecompared
withnearestneighborandlinearvectorquantizationschemes.Thespecificdatasetincludedsoundsof
fouranimalclasses,i.e.birds,cats,cows,anddogs.Theliteraturefurtherincludesseveralapproaches
which concentrate on specific species, classification of Australian anurans (Han, Muniandy, &
Dayou,2011),interpretationofchickenembryosounds(Exadaktylos,Silva,&Berckmans,2014),
classificationofinsects(Noda,Travieso,Snchez-Rodrguez,Dutta,&Singh,2016),etc.However,a
systematicapproachaddressingthespecificcaseoffarmmonitoring,isnotpresentintheliterature.
Thisworkwishestocoverexactlythisgap(Figure1).

Indeed,theacousticmodalitycouldprovidecomplementaryinformationtomonitorthehealth
aswellaspopulationofanimals.Forexample,itcouldbeusedincombinationwithsolutionssuch
as(Kumar&Hancke,2015;Nagpal&Manojkumar,2016;Anu,Deepika,&Gladance,2015)which
recordphysiologicalparametersof theanimals,suchasrumination,bodytemperature,andheart
ratewithsurroundingtemperatureandhumidity.Thevaluableinformationthatcanbeobtainedvia
theacousticmodalitycouldassistanoverallassessmentofthecurrentstatusoftheanimalsaswell
asthefarmingeneral.Moreprecisely,acousticfarmenvironmentmonitoringcouldassist inthe
followingapplications:

• Trackingofsimilarbreedanimalsandparturitions
• Identificationofspecificanimal(s)forseveralreasons(vaccination,medication,diseases,diet,

etc.)
• Animalhealthmonitoring
• Populationmonitoring
• Detectanimalsmissingfromthefarm
• Intruderdetectionandidentification

Ofcourse, this isanon-exhaustivelistof thepotentialapplications,whiletheoverallaimis
tooptimizeanimalproductioninaneco-friendlyway.Thespecificareaisanemergingnewtopic
comprisinganintersectionofseveraldisciplinesstartingfromfundamentalbiologyallthewayto
thecurrenttrendsincomputerscienceincludinginternetofthings,signalprocessingovernetworks
andadvancedfaultdiagnosismethods.Towardsanintegratedsolution,theoperationofeachofthese
componentsshouldberecognizedbytherestasitdirectlyinfluencesthestabilityandefficacyof
theoverallsystem.

Figure 1. The logical flow of the proposed method encompassing a) signal windowing, b) feature extraction, c) concept drift 
detection, d) statistical affinity calculation, e) ESN-based transfer learning, and f) update of the classification scheme
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Thisworksisanextensionof(Ntalampiras,2018b)whiletheaimistoconstructacomprehensive
classificationscheme,theoperationofwhichdoesnotfollowtheblack-boxlogic,i.e.whereoneis
ableto‘open’theclassifier,andbyinspectingthemisclassifications,obtainclearinsightsonhow
itsperformancecanbeboosted.Atthesametime,theproposedsystemisdesignedkeepinginmind
thatitmayhavetooperateundernon-stationaryconditions(Ditzler,Roveri,Alippi,&Polikar,2015;
Dargie,2009),wheredistributionsfollowedbytheknownclassesmayevolveovertime(e.g.due
tonoise,reverberationeffects,etc.),newclassesmayappear(e.g.newspecies),etc.Suchobstacles
requireaschemeabletoincorporatechangesduringitsoperationandaddresstheevolvingphenomena
byappropriatelyalteringitsstructure.

Keepingtheseinmind,weemployedawell-knownfeatureset(Dargie,2009)incombinationwith
aclassificationschemeadoptingadirectedacyclicgraphstructure.There,thetopologicalordering
problemisaddressedbymeansofanapproachbasedontheKullback-Leiblerdivergencemeasured
amongthedifferentsoundclasses.Duringtheexperimentations,weusedpartofthedatasetcalled
EnvironmentalSoundClassification-10described in(Piczak,2015b)which includes theanimals
typicallyencounteredinafarmenvironment,i.e.dog,rooster,pig,cow,cat,hen,andsheep.There,a
preliminaryclassificationanalysisontheentiredatasetprovidedarecognitionrateof72.7%,while
amorerecenteffort(Piczak,2015a)basedonconvolutionalneuralnetworksachievedapproximately
80%.Moreover,weperformedacomparisonwithotherclassificationschemes(echostatenetwork,
class-specificanduniversalhiddenMarkovmodels,supportvectormachines,andrandomforest)and
featuresets(MPEG-7audiostandardandperceptualwaveletpackets),aprocesswhichdemonstrated
thesuperiorityoftheproposedapproach.

Importantly, the directed acyclic graph is accompanied by the framework responsible for
handlingconceptdrifts,i.e.theappearanceofnovelaudiodataemittedfromsourcesnotexistingin
theavailabledatabase.Tothisend,weemploytheexistingHMM-basedconceptdriftdetectiontest
describedin(Ntalampiras,2016)complementedbyadataaugmentationmodulebasedontransfer
learning.Wearguethatthemainprobleminaddressingconceptdriftsistheunavailabilityofdata
comingfromthenewsource.Towardsaddressingthispoint,weproposetofindstatisticallysimilar
dataintheavailablecorpusandtransformthemtorepresentthenewsource.Thespecificmodule
wasevaluatedbykeepingoutoftheavailableset,databelongingtoaclassrepresentingthenovel
one.Thisprocedurewascarriedoutforallavailableclassesinarotationalmanner.

Therestofthisarticleisorganizedasfollows:section2formulatestheproblem,whilesection3
detailstheproposedsoundclassificationframeworkincludingtheformalizationoftheDAG-HMM
anditstopologicalordering.Section4providesinformationonthedatasetweemployed,thecontrasted
approaches,andpresentsandanalyzestheexperimentalresults.Finally,section5concludesthiswork.

PRoBLEM FoRMULATIoN

Inthispaperwesupposeasinglechannelaudiodatastream,ytthedurationofwhichisunknown.y
maybeemittedbyvarioussourceswhichareknownonlytoanextent,i.e.C={C1,...,Cm},where
misthenumberofknownsources.Itisfurtherassumedthateachsourcefollowsaconsistent,yet
unknownprobabilitydensityfunctionPiinstationaryconditions,whileataspecifictimeinstance
onesoundsourcedominates(operatingforexampleafterasourceseparationframeworke.g.(Gao,
Woo,&Dlay,2011)).

However,intheconceptdriftenvironmentseveralobstaclesmightbeencountered,e.g.change
oftherecordingconditions,reverberation,appearanceofsoundeventsproducedbysourceswhich
arenota-prioriknown,ytmightbecorruptedbynon-stationarynoise,alterationsintherealizationof
knownsoundevents,etc.Thus,ytbecomesyt’attimet*,wheret*isthestartingtimeinstanceofthe
conceptdrift.SuchobstacleschangethedatagenerationprocessPi,thuseitheranewclassification
methodshouldbedesignedorthealreadyconstructedsystemshouldbeadapted.
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WeassumethataninitialtrainingsequenceTS=yt,t∈[1,T0]isavailablecharacterizedby
stationaryconditionsandcontainingsupervisedpairs(yt,Ci),wheretisthetimeinstantandi∈[1,
m].Noassumptionsaremadewithrespecttothewaytheprobabilitydensityfunctions(pdf)Pi’s
mightalterfort > T0.

THE PRoPoSED SoUND CLASSIFICATIoN FRAMEwoRK

TheproposedframeworkreliesontheDirectedAcyclicGraphlogic(Ntalampiras,2014),i.e.the
classificationschemeisagraphdenotedasG={N,L},whereN={n1,…,nm}representsthenodesand
L={l1,…,lk}thelinksassociatingthenodes.EachnodeinNisresponsibleforabinaryclassification
taskconductedviaasetofhiddenMarkovmodels(HMM)whichfitwellthespecificationsofaudio
patternrecognitiontasks,thustheDAG-HMMnotation.

Themotivationbehindcreatingsuchagraph-basedclassificationsystemisthatinthisway,oneis
abletolimittheproblemspaceanddesignclassificationalgorithmsfortwomutuallyexclusiveclasses
thanhavingtodealwiththeentiretyofthedifferentclassesatthesametime.Essentially,theproposed
methodologybreaksanyCm-classclassificationproblemtoaseriesof2-classclassificationproblems.

DAGscanbeseenasageneralizationoftheclassofDecisionTrees,whiletheredundanciesand
repetitionsthatmayoccurindifferentbranchesofthetreecanbeobservedmoreefficientlysince
differentdecisionpathsmightbemerged.Inaddition,DAGsareabletocollectandconductaseries
oftasksinanorderedmanner,subjecttoconstraintsthatcertaintasksmustbeperformedearlierthan
others.Thesequentialexecutionoftasksisparticularlyimportantanddirectlyrelatedtotheefficacy
withwhichtheoveralltaskisaddressed(VanderWeele&Robins,2010).

TheDAG-HMMarchitectureusedinthispaperincludesm(m−1)/2nodes,eachoneassociated
withatwo-classclassificationproblem.TheconnectionsbetweenthedifferentnodesinGhaveonly
oneorientationwithoutanykindofloop(s).Asaresult,eachnodeofasuchaso-calledrootedDAG
haseither0or2leavingarcs.

ThefollowingsubsectionsprovideadetailedanalysisofthewaytheDAG-HMMisconstructed
and subsequently operates. The principal issue associated with the design of every DAG is the
topologicalordering,i.e.orderingthenodesinawaythatthestartingendpointsofeveryedgeoccur
earlierthanthecorrespondingendingendpoints.Inthefollowing,wedescribehowsuchatopological
orderingisdiscoveredbasedontheKullback-Leiblerdivergence.

Figure 2. The determination of the topological ordering (for simplicity, only four classes are considered)
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Determining the Topological ordering of the DAG-HMM
Naturally,onewouldexpectthattheperformanceoftheDAG-HMMdependsontheorderinwhich
thedifferentclassificationtasksareconducted.Thiswasalsoevidentfromearlyexperimentations.
ThisobservationmotivatedtheconstructionoftheDAG-HMMsothat“simple”tasksareexecuted
earlierinthegraph.Inotherwords,theseareplacedinthetopnodesoftheDAG-HMM,inaway
that classes responsible forahighnumberofmisclassificationsarediscardedearly in thegraph
operation.Inordertogetanearlyindicationofthedegreeofdifficultyofaclassificationtask,we
employedthemetricrepresentingthedistanceoftheinvolvedclassesintheprobabilisticspace,i.e.
theKullback-LeiblerDivergence(KLD).ThebasicmotivationistoplaceearlyintheDAG-HMM
tasksconcerningtheclassificationofclasseswithlargeKLD,astheycouldbecompletedwithhigh
accuracy.TheschemedeterminingthetopologicalorderingisillustratedinFigure2.TheKLDbetween
twoJ-dimensionalprobabilitydistributionsAandBisdefinedasin(Taylor,2006).

ItshouldbenotedtheKLDbetweenHMMswasnotusedsincecomputingdistancesbetween
HMMsofunequallengths,whichmightbecommoninthisworkasHMMsrepresentingdifferent
classesmighthavedifferentnumberofstates,canbesignificantlymorecomputationallydemanding
withoutacorrespondinggaininmodelingaccuracy(Zhao,Zhang,Soong,Chu,&Xiao,2007;Liu,
Soong,&Zhou,2007).

AftercomputingtheKLDforthedifferentpairsofclasses,i.e.reachthesecondstagedepicted
inFigure2,theKLDdistancesaresortedinadecreasingmanner.Thiswaythetopologicalordering
oftheDAG-HMMisrevealedplacingtheclassificationtasksoflowdifficultyonitstop.Eachnode
removesaclassfromthecandidatelistuntilthereisonlyoneclassleft,whichcomprisestheDAG-
HMMprediction.Theelementsofthedistancematrixcouldbeseenasearlyperformanceindicators
ofthetaskcarriedoutbythecorrespondingnode.Theproposedtopologicalorderingplacestasks
likelytoproducemisclassificationsatthebottomofthegraph.Thisprocessoutputsauniquesolution
forthetopologicalsortingproblem,asitisusuallymetinthegraphtheoryliterature(Cook,1985).

The DAG-HMM operation
TheoperationoftheproposedDAG-HMMschemeisthefollowing:afterextractingthefeaturesof
theunknownaudiosignal,thefirst/rootnodeisactivated.Moreprecisely,thefeaturesequenceisfed
totheHMMs,whichproducetwolog-likelihoodsshowingthedegreeofresemblancebetweenthe
trainingdataofeachHMMandtheunknownone.Thesearecomparedandthegraphflowcontinues
onthelargerlog-likelihoodpath.ItshouldbestressedoutthattheHMMsareoptimized(interms
ofnumberofstatesandGaussiancomponents)sothattheyaddressthetaskofeachnodeoptimally.

Figure 3. An example of a DAG-HMM addressing a problem with four classes along with operation carried out by each node
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Thatsaid,itispossiblethataspecificclassisrepresentedbyHMMswithdifferentparameterswhen
itcomestodifferentnodesoftheDAG-HMM.

AnexampleofaDAG-HMMaddressingaproblemwithfourclassesisillustratedinFigure3.
Theremainingclassesfortestingarementionedbesideeachnode.Digginginsideeachnode,Figure
3showstheHMM-basedsoundclassifierresponsibleforactivatingthepathofthemaximumlog-
likelihood.

TheoperationoftheDAG-HMMmaybeparallelizedwiththatofinvestigatingalistofclasses,
whereeachleveleliminatesoneclassfromthelist.Moreindetail,inthebeginningthelistincludes
allthepotentialaudioclasses.Ateachnodethefeaturesequenceismatchedagainsttherespective
HMMsandthemodelwiththelowestlog-likelihoodiserasedfromthelist,whiletheDAG-HMM
proceedstothepartofthetopologywithoutthediscardedclass.Thisprocessterminateswhenonly
oneclassremainsinthelist,whichcomprisesthesystem’sprediction.Hence,incasetheproblem
dealswithmdifferentclasses,theDAG’sdecisionwillbemadeaftertheevaluationofm-1nodes.

1. Input:NovelsoundSuafterconceptdriftdetection(Ntalampiras,2016),parameterk;
2. PartitionthedatasetintoTSandVS;
3. BuildGMMGuandfindthekclosestmodelsinTS;
4. MajorityvotinginkanddiscovertheclasscclosesttoSu;
5. EmployTSofclassctolearnandoptimizethetransformationT:TSc−> Subasedontheminimum

reconstructionerroronVS;
6. ApplyTonVScandaugmentTSu;

Algorithm 1:ThealgorithmfordatasetaugmentationbasedonTransferLearning.

The Feature Set
ThisfeaturesetiscomposedofthefirstthirteenMelfrequencycepstralcoefficientsincludingthe
0-thcoefficientwhichreflectsupontheenergyofeachframe.ForMFCC’sderivationwecompute
thepoweroftheshorttimeFouriertransformwithrespecttoeveryframeandpassthemthrougha
triangularMelscalefilterbank.Subsequently,thelogoperatorisappliedandtheenergycompaction
propertiesofdiscretecosinetransformareexploitedinordertodecorrelateandrepresentthemajority
ofeachenergybandwithjustafewcoefficients.Lastly,athirteen-dimensionvectorisformedby
themost importantcoefficients.Threederivativesof the initialvectorareappended resulting to
52dimensions.TheprocessingstagewasbasedontheopenSMILEfeatureextractiontool(Eyben,
Weninger,Gross,&Schuller,2013).

Data Augmentation Based on Transfer Learning
Unlikedeformation-basedefforts,e.g.timestretching,pitchshifting,etc.(Salamon&Bello,2017),
weproposetotransferknowledgeexistingintheavailabledatasettoaugmentthedataofthenovel
soundsource.Theproposedalgorithmfirstfindsstatisticallycloserecordingsincludedintheassumed
tobeknowndataset,andsubsequentlyselectstheclosestclass.

Letthenovelsoundsource,afterconceptdriftdetectionasdescribedin(Ntalampiras,2016),be
Su(line1,Algorithm1).AfterportioningthedatasetintotrainingTSandvalidationVSsets(line2,
Algorithm1),thealgorithmcreatesGuandfindsthekclosetmodelsinTSusingEquation3(line3,
Algorithm1).Subsequently,wediscovertheclasscclosesttoSubasedonmajorityvoting(line4,
Algorithm1).Finally,thealgorithmlearnsthetransformationTbyemployingTSc(line5,Algorithm
1),andaugmentsTSubyapplyingTonVSc(line6,Algorithm1).
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The Proposed ESN Transfer Learning Module
Inthiswork,thetransferlearningtransformationTisamultiple-inputmultiple-outputEchoState
Network.ESNmodeling,andinparticularReservoirNetwork(RN),wasemployedatthisstageas
itisabletocapturethenon-linearrelationshipsexistinginthedata(Lukosevicius&Jaeger,2009;
Verstraeten,Schrauwen,&Stroobandt,2006;Jalalvand,Triefenbach,Verstraeten,&Martens,2011).

ThetypicaltopologyofanRNisdemonstratedinFigure4.Iniscomposedofneuronsincluding
non-linearactivationfunctionswithtwopossibilities:a)connectionwiththeinputdata(so-called
inputconnections),andb)connectiontoeachother(so-calledrecurrentconnections).Bothofthem
areassignedrandomlygeneratedweightsduringthelearningstageandremainconstantduringthe
operationoftheRN.Lastly,eachoutputnodeholdsaconnectiontoalinearfunction.

Thebasicmotivationbehindreservoircomputingliesbehindthecomputationalcomplexityof
theback-propagationalgorithm.Duringitsapplication,theinternallayersarenotalteredsignificantly,
thusitisnotincludedinRNlearning.Ontheotherhand,theoutputlayerisassociatedwithalinear
problemandassuch,ofrelativelylowdegreeofperplexity.Nonetheless,thestabilityofthenetwork
isensuredbyconstrainingtheweightsoftheinternallayers.Linearregressionisemployedtolearn
outputweights,so-calledread-outsintheliterature.Adetailedanalysisofthisprocessisoutofthe
scopeofthiswork,whiletheinterestedreaderisdirectedat(Lukosevicius&Jaeger,2009;Jaeger&
Haas,2004)formoreinformation.

EXPERIMENTAL EVALUATIoN

In this section, we analyze the: a) dataset used to acoustically simulate a farm environment, b)
parametrizationofbothDAG-HMMandfeatureextractionmodule,c)contrastedapproaches,and
d)wepresentandcommenttheachievedresults.

Figure 4. The Echo State Network used for feature space transformation
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Dataset
Wecollecteddataassociatedwiththefollowingtypicalfarmanimals:dog,rooster,pig,cow,cat,hen,
andsheep.ThesearetakenfromtheEnvironmentalSoundClassification-10describedin(Piczak,
2015b),whiletheyaresampledat44.1KHz.Eachclassincludes40recordings,eachonewitha
durationof5seconds.

System Parametrization
Following theMPEG-7standardrecommendation, the low-level featureextractionwindowis30
mswith10msoverlap,sothatthesystemisrobustagainstpossiblemisalignments.Thesampled
dataarehammingwindowedtosmoothpotentialdiscontinuitieswhiletheFFTsizeis512.Standard
normalizationtechniques,i.e.meanremovalandvariancescaling,wereapplied.

TheHMMsofeachnodeareoptimizedintermsofnumberofstatesandnodesfollowingthe
Expectation-MaximizationandBaumWelchalgorithms(Rabiner,1989).Astheconsideredsound
eventsarecharacterizedbyadistincttimeevolution,weemployedHMMswithleft-righttopology,
i.e. only left to right states transitions are permitted. Moreover, the distribution of each state is
approximatedbyaGaussianmixturemodelofdiagonalcovariance,whichmaybeequallyeffective
toafulloneatamuchlowercomputationalcost(Reynolds&Rose,1995).

Themaximumnumberofk-meansiterationsforclusterinitializationwassetto50whilethe
Baum-Welchalgorithmusedtoestimatethetransitionmatrixwasboundedto25iterationswitha
thresholdof0.001betweensubsequentiterations.Thenumberofexploredstatesrangesfrom3to7
whilethenumberofGaussiancomponentsusedtobuildtheGMMbelongstothe{2,4,8,16,32,
64,128,256,and512}set.Thefinalparameterswereselectedbasedonthemaximumrecognition
ratecriterion.ThemachinelearningpackageTorch(freelyavailableathttp://torch.ch/)wasusedto
constructandevaluateGMMsandHMMs.

Contrasted Approaches
Theproposedapproachwascontrastedtothefollowingones:class-specificHMM(Kim&Sikora,
2004),universalHMMwithaKLDbaseddataselectionscheme(Ntalampiras,2013),supportvector
machine(SVM)withradialbasisfunctionkernel(Chen,Gunduz,&Ozsu,2006),randomforest
(Al-Maathidi&Li,2015),andechostatenetwork(Scardapane&Uncini,2017).Theparameters
oftheseclassificationschemeswereoptimizedonTS.Asforthefeatureset,weexperimentedwith
thedescriptorsfromtheMPEG-7audioprotocol(Casey,2001)andthePerceptualWaveletPackets
(Ntalampiras, Potamitis, & Fakotakis, 2009), which have shown encouraging performance in
generalizedsoundrecognitiontasks.TheESNimplementationisbasedontheEchoStateNetwork

Table 1. The recognition rates achieved by the proposed and contrasted approaches. The approach providing the highest rate 
is emboldened.

Classifier Average recognition rate (%)

DAG-HMM 93.1

DAG-HMM(conceptdrift) 90.8

Class-specificHMMs 77.1

UniversalHMM 68.6

SVM 52.3

ESN 60

RF 54.3
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toolbox (freely available at https://sourceforge.net/projects/esnbox/) and the SVM on the libsvm
library(Chang&Lin,2011).

Asfarasthetransferlearningmoduleisconcerned,weperformedacomparisonwithStacked
AutoEncoders(SAE)whichhavebeenusedforanalyzingemotionmanifestationsacrossmusicand
speechsignals(Coutinho,Deng,&Schuller,2014).Theexperimentwasconductedasdescribedin
Algorithms1and2whilethelog-likelihoodistheevaluationmetric.

1. Input:AugmentedTSu
t fromAlgorithm1

2. LearnHMMsH,wherestatess∈{3,4,5,6}andcomponentsg∈{2,4,8,16,32,64,128,256}
3. Computethelog-likelihoodsL=P(VSu|H)
4. Findthemaximumlog-likelihoodinL
5. IdentifytheHMMprovidingthehighestmodelingaccuracyofSu

Algorithm 2:Thealgorithmforevaluatingtheaugmentedfeaturesetandselectingtheoptimum
HMMtorepresentthenovelclass.

Experimental Results
Algorithm2isdesignedtoassesstheperformanceofthetransferlearning-baseddatasetaugmentation
explainedinAlgorithm1.ThedistributionoftheaugmentedfeaturesetTSu

t (line1,Algorithm2)
islearntbymeansofHMMHconstructedusingstatess∈{3,4,5,6}andcomponentsg∈{2,4,8,
16,32,64,128,256}(line2,Algorithm2).Inassessingtheconstructedmodelswecomputethe
log-likelihoodsonVSu(line3,Algorithm2)anddiscoveringthehighestone(line4,Algorithm2).
TherespectiveHMMisidentifiedandstored,whiletheassociatedlog-likelihoodconstitutesameasure
ofcompatibilitybetweentheaugmentedfeaturesetTSu

t andtheactualdataofthenovelclassVSu.
Figure5demonstratesthecomparativeresultsw.r.tthetransferlearningcapabilitiesofESNand

SAE.Aswecansee,theproposedESN-basedschemeoutperformstheSAEoneacrossallcategories
asitprovidesmoreaccuratemodelingasevaluatedbythelog-likelihoodsproducedontheVS(see
Algorithm1).Asthelog-likelihoodsdemonstratesignificantlylargervalues,wearguethattheESN
showsrelevantabilityincapturingthenon-linearrelationshipexistinginassociatingthefeatures
extractedfromsoundSuandthefeaturesinTS.

Then,Table1includestheresultsachievedbytheproposedDAG-HMMaswellasthecontrasted
approaches.Thedatadivisionprotocolistheten-foldcrossvalidationone.Identicallyselectedfolds
wereusedduringthetrainingandtestingprocessesofallapproaches,enablingareliablecomparison.
Afirstobservationisonthedifficultyofthetaskwhichisrelativelyhighsincemanyclassifications

Table 2. The confusion matrix (in %) with respect to the DAG-HMM. The average classification rate is 93.1%.

Responded 
Presented

Dog Rooster Pig Cow Cat Hen Sheep

Dog 99.4 - - - - - 0.6

Rooster - 99.7 - - - 0.3 -

Pig 14.4 - 85.6 - - -

Cow - - - 99.8 0.2 - -

Cat 13.9 - - - 86.1 - -

Hen - 0.9 - - - 99.1 -

Sheep - - - - - 17.7 82.3
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schemesfailtoprovideasatisfactoryrecognitionrate.Then,aswecansee,theproposedDAG-HMM
outperformstherestoftheapproaches.ThesecondoneisbasedonclassspecificHMMs,whilethe
ESNachievedthethirdbestrecognitionrate.TheUBMlogicprovideslowerratethattheclass-specific
oneshowingthehighdegreeofdiversitycharacterizingthecommonfeaturespace.Sameconclusions
canbederivedfortheSVM,whichcannotfindreliableboundariesbetweentheclassesandtheRF,the
rulesofwhichdonotclassifythefeaturespaceinareliablemanner.Itisworthtonotethesatisfactory
recognitionrateachievedbytheDAG-HMM(90.8%)intheconceptdriftenvironment,i.e.whenone
classwasunknowntotheclassifier.Inthespecificsetofexperimentsonly5softhenovelclasswere
presentedtothesystem,whilethecorrespondingfeaturespacewasaugmentedviatheESN-based
transferlearningmodule.ThisexperimentwasperformedforallrecordingsandclassesinTS,and
wereporttheaveragedrecognitionrate.

WeconcludethatlimitingtheproblemspaceusingaDAG-HMMisparticularlybeneficialin
thespecificapplicationscenarioprovidingencouragingrecognitionrates.Inasubsequentstep,we
experimentedwiththeMPEG-7andPWPfeaturesets:theDAG-HMMprovidesrecognitionrates
of75.7%and68.9%respectively.Asin(Kim&Sikora,2004),thesuperiorityoftheMFCCsina
generalizedsoundrecognitiontask,wasconfirmed.

TheconfusionmatrixachievedbytheDAG-HMMistabulatedinTable2.Weobservethatthe
classrecognizedwiththehighestaccuracyiscowone(99.8%),whiletheonepresentingtheworst
rateisthesheepone(82.3%).Themisclassifications’sourceisthegreatvariabilityamongsound
samplesofthesameclassasitisassessedbyahumanlistener.Severalsoundclipsareacoustically
similareventhoughtheybelongtodifferentcategories.Thisisparticularlyevidentinthecasesof
sheep-hen,cat-dog,andpig-dogpairs.WeconcludethattheDAG-HMMclassificationapproach
providespromisingperformance;eventhoughtheassociatedcomputationalcostofthetrainingphase
isratherhigh,itistobeconductedonlyonceandoffline.Atthesametime,thetestingphaseincludes
simplelog-likelihoodcomparisonsandestimationscarriedoutusingtheViterbialgorithm,whichis
computationallyinexpensiveasitisbasedonrecursivedynamicprogramming.

Figure 5. The comparative results of the transfer learning module when using ESN and SAE
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CoNCLUSIoN

Thispaperpresentedaclassificationschemeaddressingthenovelscientificareaofacousticfarm
monitoring.WeoutlinedaclassificationschemebasedonaDAGcomposedofHMMstrainedonand
MFCCsfeatureset.Thesuperiorityoftheproposedschemeoverstate-of-the-artclassifierswasproven
onapubliclyavailabledatasetencompassingvocalizationsofsevenfarmanimals.Importantly,the
presentframeworkisabletooperateinaconceptdriftenvironment,i.e.beingabletoonlineevolve
itselfandincreasethedictionaryofanimalvocalizations.

Inthefuturework,weplantoenhancetheproposedsystemsothatitisabletooperateunder
noisyconditions,andespeciallynon-stationarynoise,andevaluateitusingreal-worldrecordings.
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