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Abstract

This article contributes to a more adequate modelling of emotions encoded in speech, by

addressing four fallacies prevalent in traditional affective computing: First, studies concen-

trate on few emotions and disregard all other ones (`closedworld'). Second, studies use

clean (lab) data or real-life ones but do not compare clean and noisy data in a comparable

setting (`cleanworld'). Third, machine learning approaches need large amounts of data;

however, their performance has not yet been assessed by systematically comparing differ-

ent approaches and different sizes of databases (`smallworld'). Fourth, although human

annotations of emotion constitute the basis for automatic classification, human perception

and machine classification have not yet been compared on a strict basis (`oneworld').

Finally, we deal with the intrinsic ambiguities of emotions by interpreting the confusions

between categories (`fuzzyworld'). We use acted nonsense speech from the GEMEP cor-

pus, emotional `distractors'as categories not entailed in the test set, real-life noises that

mask the clear recordings, and different sizes of the training set for machine learning. We

show that machine learning based on state-of-the-art feature representations (����������������)

is able to mirror the main emotional categories (`pillars')present in perceptual emotional

constellations even in degradated acoustic conditions.

Introduction
An important goalof affectivecomputingis to mirror humans'perceptionof emotions± in
thewordsof R.Picard,developingmachinesthat ��������	� 
��� �������� ������ � �
�
��� ����� �
� ������ ��� [1, p.56].Yet,this isdifficult to evaluatedueto theintrinsic prob-
lemsof emotionprocessing,suchastheinherentsubjectivityof emotionsor theunrealistically
restrictednumberof emotionclassestypicallyusedin SpeechEmotionRecognition(SER).We
will discussthelimitationsof (mostof) thepresent-daystate-of-the-artapproachestowards
SERwith themetaphorof the`fiveworlds'.Wewantto gobeyondfour of theseworlds;the
first of themwehaveto livewith (cf.Fig1).
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(i) The fuzzyworld: In automaticspeechrecognition(ASR),wecanassumeasortof ground
truth: Wecantransferacousticsonto written textandreconstructtheblankswordsaresur-
roundedwith in written text.Theacousticgroundtruth canbeblurred(variants,noise,
slurredpronunciation,andalikes)but it canbedisambiguatedwith thehelpof phonotac-
tics,lexicon,andsyntax,implicitly modelledaswellwithin deeplearning(DL) approaches.
All thisdoesnot existfor emotions.Wecanaskthespeakerswhichemotionstheywanted
to produce;by that,theyassesstheir ownemotionspostfestum,andthisdistortsthe`refer-
ence'in similarwaysasanyassessmentbyothersÐevenbyexpertsÐdoes.Thereisno clear
emotionaldenotationÐemotionsperseareconstitutedbyconnotationsandcanbemixed
and/orweak.Thus,anygoldstandardcannotbedeterminedunequivocallyÐletalonea
groundtruth. Furthermore,theverynatureof emotionismulti-modal,andwithin SER,it
iswellestablishedthatarousalcanbeassessedwithin acoustics;in contrast,valenceispre-
dominantlyconstitutedby linguistics/semantics,e.g.,within sentimentanalysis[2]. In
SER,researchon emotioncategoriesconcentrateson howgoodtheyareclassified;confu-
sionsbetweencategoriesÐinpractice,theinterpretationof confusionmatrices± arenot
consideredin detail.Yet,theyarehighly relevantÐin bothhuman-humanandhuman-
machineinteraction,therecanbefatalconfusionsandirrelevantones.

Within the fuzzyworld: Wecannotovercometheintrinsic problemof fuzzinessin emo-
tion modelling.Thedefaultwayof dealingwith it is to facethisvariabilitybyemploying
`reallife', non-prompted/non-actedemotions[3±6]andmoresophisticatedlabelling
schemes[7±9].In thisarticle,wepursueanotherapproach:Westickto carefullydesigned
actedemotioncategories;thisenablesusto systematicallyextendthescopebeyondthe
restrictionsdescribedin thefollowing,keepingthemainobjectÐthe(intended)emotion
categoriesÐconstant.Notethatwedo not assignany`highervalue'Ðor eveǹ groundtruth
status'Ðtoactedemotions;theysimplyserveasreferencecategories(goldstandard)that

Fig 1. Thefive worlds.Summaryof howweinvestigatethefiveworldsin thisstudy.

https://doi.org/10.1371/journal.pone.0281079.g001
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canbecontrolledto ahigherextentthanreal-lifedata.Fuzzinessis takencareof byanalys-
ing theconfusionsbetweenthesecategories.Aswewantto excludetheinfluenceof linguis-
ticsasinterveningfactor,wewill resortto nonsensespeech.

(ii) Theclosedworld: Firststudiesin SERtypicallydealtwith datacollected��������Ðcarefully
selectedemotionalcategories[10], suchasthe`bigsix' [11], producedbyactorsand
recordedin thelab[12]. Thesewerefollowedbyattemptstowardsaddressingmorereality,
e.g.,byconsideringelicited,spontaneousspeech[3, 4], modellingmorerealisticscenarios
[13], or investigatingmixedemotions[6]. Still,mostof themachinelearning(ML) research
is typicallyhamperedbya������ ����� ����� [14]: An ML model'sperformanceobtained
with afewclassescannotbegeneralisedto areal-lifescenariowheremore,confounding
classesdo exist.Differently,in researchon humanemotionperception,attemptstowards
investigatingamorerealisticscenarioby theassessmentof `recognition'ratherthan`dis-
crimination' havebeencarriedout [15]. Thiswaspossiblebyconsidering̀ distractors',i. e.,
providingmoreemotionalclassesto theuserthanthoseincludedin theactualdata[16,17].

Beyondthe closedworld: In orderto investigateconfusionpatternsbetweenemotionsin a
morerealisticsetup,weincludeemotionaldistractorsin both theperceptualandML tasks.
Asin our pilot study[18], weuseasubsetof the����� ��������� ������� ��������
(GEMEP)database[19], i. e.,nonsensespeechproducedin four emotions(anger,fear,sad-
ness,happiness)with differentarousallevels[20].

(iii) Thecleanworld: Noisepollution hampersspeechcommunication,reducescomprehen-
sion,andcanleadto misunderstandings[21]; yet,mostof theworksin SERinvestigatedata
collectedin thelab[12]. Forassessingtheimpactof backgroundnoiseon humanunder-
standingof paralinguisticinformation [22±24],aswellasfor investigatingto whichextent
SERmight beimpairedbyadverseenvironmentalconditions[13,25],artificial noisehas
beentypicallyappliedto maskspeechrecordedin thelab.Differently,real-lifenoisehassel-
dombeenemployed[26±28].

Beyondthe cleanworld: In order to evaluatehownoisyreal-lifeconditionsaffecthumans
andML whenidentifyingemotionsin speech,wesystematicallycomparebothperception
andclassificationresultsobtainedfrom cleanandnoisifiedspeech.In contrastto our pilot
study[18] thatemployedonly artificial noise(brown,pink, andwhite),wenowassessthree
real-lifenoises(bell,rain,andtrain station).Fromnowon,wewill referto theexperiments
basedon artificial noisesasEXP-1andto thosebasedon real-lifenoisesasEXP-2.Asin the
pilot study[18], thespeechwasmaskedwith four Signal-to-NoiseRatios(SNRs):-1 dB,-0.5
dB,+1 dB,+3 dB.

(iv) Thesmall world: Dueto theproblemsof collectingdataandespeciallyannotations[29],
emotioncorporaaretypicallysmallÐfar awayfrom thesizeof corporausedfor ASR.This
canimpair theperformanceof DL systems,whichareknownto beinfluencedby the
amountof training data.SinceDL hasrevolutionisedcomputervision[30], thereismuch
interestin otherfieldson comparativelyevaluatingwhetherstate-of-the-artML methods
outperformtraditionalones[31,32],andhowmuchperformanceis impactedby thesize
of thedatabases[33]. Yet,thiskind of assessmentisstill rarein thecontextof SER[34].

Beyondthe small world: In orderto evaluateto whichextenttheperformanceof traditional
methodsin SER,e.g.,of hand-engineeredfeatures,iscomparableto theoneachievedby
representationslearntwith state-of-the-artDL procedures,wesystematicallycomparethe
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performanceof theINTERSPEECH2013���putational ��alinguistics Challeng� (�����	�

�������) featureset[35] with theoneof ���������������� [36]. Forour experiments,weconsider
standardhyperparameteroptimisation,training sampleswith varyingsizes,andtwo simple
ML models:supportvectormachine(SVM) andmultilayerperceptron(MLP). It wasneces-
saryto useasmallnumberof itemsin theinitial datasetin orderto allowfor thecomparison
`humanvsmachine';despitethepromisingresultsachievedbyDL modelsin SER[37], we
thusrefrainon their usein thepresentstudy,astheyrequireamuchlargerdataset.(Of note
wewantto mentionthat in preliminaryexperiments,weemployedmodernDL methods
that,however,yieldedunsystematicandlow performancedueto sparsedata.)Moreover,as
weareinterestedin investigatingavarietyof SNRsandtypesof noises,consideringalarge
initial setof cleansampleswouldmakethehumanannotationtaskfar too costly.

(v) Theoneworld: SincethecategoriesML triesto modelaretypicallybasedon perceptual
humanassessment,thereisanintrinsic connectionbetweenhumanperceptionandits
encodingin ML. In spiteof therareattemptsaimedto comparativelyinvestigatehuman
perceptionandML classification[38±41],to thebestof our knowledge,aone-to-oneassess-
mentguaranteeingidenticalsetups(`otherthingsbeingequal')hasneverbeenperformed
sofar. In [42], afirst attemptof comparinghumanperception(previouslyevaluatedin
[43]) andML accuracyispresented.However,neithernoisenor distractors,neededto
guaranteèrealistic'conditions,havebeentakeninto considerationin thesetwo studies.

Beyondthe oneworld: In orderto performaone-to-onecomparisonbetweenhumanand
machine,weguaranteethesamè realistic'conditionsbyemployingnoisesanddistractors
for bothperceptionandclassificationandsystematicallycomparetheir performances.

Summingup our motivationandtheapproacheschosen,thisstudyaimsto encouragea
moreadequatemodellingandclassificationof emotionsencodedin speech,whichisachieved
by investigatingfour specificfallaciesbeyondthestate-of-the-art:First,unlike previousworks
in SER,whichnormallyconcentrateon fewemotionswhiledisregardingall otherones,we
assesstheperformanceof humansandML in amorerealisticsetting,i. e.,byassessingtheir
efficiencyin handlingconfoundingfactors.For that,weintroduceso-called̀distractors',i. e.,
emotionclassesthathavenot beenseenin thetraining phase.Second,unlike traditional
research,whichnormallyconcentrateson cleandata,weassesstheimpactof real-lifenoise
pollution in humansandML systemswhileguaranteeingcomparableconditions.Third,
althoughML approachesneedalargeamountof data,in SERresearchtypicallyonly small
datasetsareavailable;wethereforesystematicallyassesshowML performancein SERis
impactedbycomparingdifferentmodels,features,anddatabasesizes.Fourth,unlikeprevious
works,wherehumanperceptionandML classificationarenot comparedon astrict basis,we
performaone-to-onecomparisonthatenablesusto assesstheefficiencyof ML in emulating
human'sperceptionin SER.In Fig2,anoverviewof thedifferentconstellationstakeninto
accountto systematicallyassessthedescribedworldsisdepicted.Methodologicaldetailson
eachof themaregivenin theSection������� �� ���
���.

Materials and methods

Data andset-up:Beyondthe closedworld
Giventhelackof agreementon theadequacyof thetwo mainemotionmodels[17], weconsid-
eredboth:thecategorical[11] andthedimensional[20]. Fromthecategoricalmodel(with
uniquediscreteclasses[11,44]),wechosethefour basicemotionsANGER, FEAR, SADNESS, and
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