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ABSTRACT

In this paper we addressthe problem of computationalaudi-
tory scenerecnition anddescribemethodsto classifyauditory
scenesnto predefinecclasses By auditoryscenerecognitionwe
meanrecognitionof anervironmentusingaudioinformationonly.
Theauditoryscenesomprisedensof everydayoutsideandinside
ervironments,suchas streets restaurantsoffices, family homes,
andcars. Two completelydifferentbut almostequally effective
classificationsystemsavere used: band-enegy ratio featureswith
1-NN classifierandMel-frequeny cepstratoeficientswith Gaus-
sianmixturemodels.Thebestobtainedecognitionratefor 17 dif-
ferentsceneut of 26 andfor ananalysisdurationof 30 seconds
was68.4%. For comparisontherecognitionaccurag of humans
was 70% for 25 different scenesand the averageresponsdime
wasaround20 seconds.The efficiency of differentacousticfea-
turesandtheeffect of testsequencéengthwerestudied.

1. INTRODUCTION

This paperconcernghe problemof computationabuditory scene
recgnition (CASR), which is closely relatedto computational
auditory sceneanalysis (CASA) [1, 2]. CASA refersto thecom-
putationalanalysisof anacousticervironmentandtherecognition
of distinct soundeventsin it. However, in CASR, the focusis in
recognizingthe context, or ervironment,insteadof analyzingand
interpretingdiscretesoundevents.

Practicalapplicationsof CASRincludewearabledevicesthat
sensehe environmentof their usersat a giventime. Information
aboutthe ervironmentenableghe device to provide betterservice
to users’needsg.g.by adjustingthe modeof operationaccording
to the context. For example,a modernhearing-aidmay choose
anappropriateequalizatiorfilter automaticallyinsteadof theuser
having to switchit manually

CASRhasbeenstudiedvery little comparedo speechrecog-
nition, for example. However, thereare mary researclfields re-
latedto CASR that have beenstudiedto varying extent. There-
lated researchcomprisesdifferent audio classificationproblems,
suchasspeech/musidiscrimination[3], soundsourceclassifica-
tion [4], noiseclassificatior{5], content-basedudioclassification
[6], andclassificationof generalaudio[7]. We managedo find
only afew classificationsystemshat have beenproposedo rec-
ognizeauditory scenes.Clarksonand his colleaguegproposeca
systemin which an auditory sceneis recognizedy classifyinga
temporalsequencef detectecandidentifiedsoundevents[8].
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The studydescribedn this paperconcernghreemainissues.
First, we comparethe discriminationability of several different
featuresby applying two standardclassificationproceduresk-
nearesneighborgk-NN) classifierand Gaussiamixture models
(GMM). Secondtherecognitionaccurag asafunctionof thetest
sequencéengthis studiedusingseveral selectedeatures andfi-
nally, a shortexperimentof recognizingmore generalclasseds
described.

2. DATA COLLECTION

Real-vorld recordingsfrom a variety of differentauditoryscenes
weremade.In Tablel, thedifferentscenesindnumberof record-
ings from eachsceneare listed. The recordingsare categorized
into six moregeneraklassesaccordingto commoncharacteristics
of the scenegoutdoors,vehicles,public, offices, home,andre-
verberanplaces).The catayorizationof the scenesvassomevhat
ambiguous;someof the recordingscanbe associatedvith more
thanonehigherlevel class.

A total of 226 measurements/ere recordedusing two dif-
ferent configurations. The first configurationconsistedof a bin-
aural setup(Bruel&Kjeer 4128 headand torso simulator), stereo
setup(AKG C460B microphones)and B-format setup(Sound-
Field MkV microphone).Theacousticmaterialwasrecordednto
a digital multitrack recorderin 16-bit and 48kHz samplingrate
format. 55 recordingsveremadewith this setup.

The remaining171 measurementsere madewith a stereo
setup(AKG C460B). The recordingswere storedusing a Sory
(TCD-D10)digital audiotaperecorderin 16-bitand48kHz sam-
pling rateformat. All testedscenesexceptbusandsubway train,
includedrecordingsmadeusingthe bothsetups.

3. FEATURES

Tenfundamentahcoustideaturesvereinvestigatedor classifica-
tion of auditoryscenes.In addition, the varianceand delta fea-

turesof the basicfeatureswere alsostudied. We provide herea

very shortdescriptionof eachfeature,moredetaileddescriptions
canbefoundin [9]. Thefeaturesaregroupednto threecategories

accordingto their processinglomain.

Time-domainfeatures

e Zem-crossingrate (ZCR) is definedasthe numberof zerovolt-
agecrossingswithin aframe.

e Short-timeaverage enegy is theenepgy of aframe.

Frequency-domainfeatures
Let X;(n) be the n** frequeng sampleof the discreteFourier
transformof i" time frame.



Table 1. List of the recordedauditory scenesand numberof

recordingfrom each.Thetestsetscenesrein boldface.

Main context Scene No. of recordings
Outdoors Street 16
(53) Road 12
Nature 12
Construction site 11
Market place 1
Amusemenpark 1
Vehicles Car 27
(54) Bus 11
Train 10
Subwaytrain 6
Public/ Restaurant, Café 23
Socialplaces Pub 1
(40) Supermarket 13
Lecturepause 1
Crowd/indoors 2
Offices/ Office 12
meetingrooms/ Lecture, Meeting 16
quietplaces(39) Library 11
Home Living room 2
(14) Kitchen 4
Bathroom 6
Music 2
Reverberant Church 5
(26) Railway station 11
Subway station 7
Hall 3
Total 226

e Band-enegy ratio is the ratio of the enegy in a certain
frequeng-bandto the total enegy. The band-enegy ratio of the
nt* subbandis calculatedas the sum of power spectrasamples
Xi(n) belongingto that subbanddivided by the total enegy. In

thiswork, we used4 and10logarithmicallydividedsubbandsThe
boundarie®f the 4 subbandsvere0, 3, 6, 12, and24kHz, andof

the 10 subband®.023,0.046,0.093,0.187,0.375,0.750,1.5, 3,

6, 12,and24kHzfor samplingrateof 48kHz.

e Spectal centoid representshe balancingpoint of the spectral
power distribution. It is calculatedasthe sumof the frequencies
weightedby theamplitudesdividedby the sumof theamplitudes,
whichis the 1t momentof spectrunwith respecto frequeng.

e Bandwidthis definedasthe width of the rangeof frequencies
thatthe signaloccupiesin this work, bandwidthis calculatedas

BW = \/ Lacgln SOP X g
INNEAIE

where SC is the spectralcentroidand IV is the index of highest
frequeng sample.

e Spectal roll-off point measureshe frequeng belov which a
certainamountof the power spectrunresides.lt is calculatedby
summingupthepower spectrunsamplesuntil thedesiredoercent-
age(threshold)of thetotal enegy is reachedThethresholdn our
experimentsvas0.93.

o Spectal fluxmeasurethechangen theshapeof thepower spec-
trum by calculatingthe differencebetweenpower spectraof suc-
cessve frames.

Linear prediction and cepstralfeatures. Thesefeaturesareused
for estimatingthe roughshapeof the spectrunof a signal.

e Linearpredictioncoeficients(LPC) wereextractedusingtheau-
tocorrelatiormethod.

e Cepstal coeficientswerederived from the LPC.

e Mel-frequencycepstal coeficients(MFCC) wereextractedap-
plying the discretecosinetransformto the log-enegy outputsof
mel-scalindfilter-bank.

The analysiswindow lengthfor all featureswas 30 ms and
the usedwindowing function washanning. The overlap between
successie frameswas50% of theframelength.Basedon prelim-
inary experiments,we noticedthat varying the short-timesignal
processingarameterfiadonly minor effect on the performance.

4. CLASSIFICATION FRAMEW ORKS AND FEATURE
VECTOR FORMATION

Two differentclassificatiorframevorkswereexamined:onebased
onak-NN classifierandtheotherona GMM. Thek-NN classifier
performsaclassvoteamonghek nearesheighborgo apointto be

classified.In ourimplementationthe distancebetweerthe points
was measuredising the Mahalanobisdistancemetric with equal
covariancematrix for all classes. The GMMs modelthe proba-
bility densityfunction (pdf) of the dataof eachclassasa mixture

of several Gaussiarpdfs. A GMM is completelyrepresentedvith

threeparametersmeanvectors,covariancematricesandthe mix-

ture weights. The parametersire estimatedwith the well-known

ExpectatiorMaximization(EM) algorithm[10]. Theclassification
is doneby estimatingheprobability of eachclassgiventhe obser

vation,andthe classthatgivesthe highestprobabilityis choseras
the classificatiorresult.

In thek-NN classificatiormethod we estimatedhe meanand
standarddeviation (std) of the featuresover onesecondwindows
with anintentionto modelthe slow-changingattributesof the au-
ditory scenessuchasfinite-lengthacousticevents. Thesevalues
wereusedasnew featurevectorsandeachone-secondramewas
classifiedusinga 1-NN classifier For clips longerthanone sec-
ond,thefinal resultwaschoserby the majority rule. We tried sev-
eralwindow lengthsfor estimatingthe meanandstd (0.05,0.125,
0.25,0.5,1, 2, 4, and 8 seconds).The bestresultwas obtained
using a one secondwindow, althoughtherewas no greatdiffer-
enceto window lengthsof 0.25and 0.5 seconds.Increasingthe
numberof neighborshadonly a minor effect on the performance;
the meandifferenceof the recognitionrate betweenl-NN and5-
NN was-0.39% (variance2.35%), betweenl-NN and 11-NN it
was-0.69%(5.30%),andbetweenl-NN and25-NN it was1.75%
(4.88%). The meandifferencewas calculatedusing band-eneagy
ratio featuresandatestsequencéengthof 160seconds.

The secondclassificationapproachwas basedon the GMM
classifier In this case,we usedthe featurevectorsin eachtime
frameassuchwithoutarny manipulation We testedhe GMM with
varyingnumberof Gaussiansandfoundthatthe optimalorderfor
thegivenamountof datawasfive. The numberof iterationsof the
EM algorithmwasfixedto 40.

5. EXPERIMENT AL SETUP

Thetrainingsetincludedall therecordechudiomaterial(26 differ-
entscenes226 samples)amongwhich 17 scenewereclassified.
The subsetof the scenesncludedin the testsetis highlightedin
Table 1. The classifiedscenesvere chosenaccordingto the cri-
terion that eachof themhad to have at leastfive samplesfrom
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Fig. 1. Recognitionratesobtainedwith differentfeaturesfor test
sequencdength of 30 secondsusing the 1-NN and GMM. The
dashline indicatestherandomguesgate.

differentrecordingsessions.We did not allow multiple classla-
belsfor onerecording.For example arecordingfrom arestaurant
carof atrain waslabeledastrain, although,it couldbe labeledas
well asrestaurant.

Theclassificatiorperformancevasevaluatedusingleave-one-
outcross-alidation,wherea classifiers trainedwith all instances
exceptthe onethatis left out for classification. In this way, the
trainingdatais maximally utilized, but the systemhasnever heard
thatparticularrecordingbefore. Theoverallrecognitiornrateswere
calculatedasthe samplemeanof the recognitionratesof theindi-
vidual scenes.

6. PERFORMANCE EVALUATION

6.1. Comparison of differ ent features

The recognitionratesobtainedfor the 17 scenesusingindividual
featureswith thetwo classificatiormethodg1-NN andGMM) are
shawvn in Figure 1. The testsequencealurationwas 30 seconds
andthe durationof eachtraining instancevas 160 secondgor all
the cases.The numberof trainedscenesvas 26, which givesan
approximateandomguesgateof 4% (indicatedwith dashline in
thefigure). FromFigure 1, we noticethat 1-NN (mean+stdklas-
sificationmethodperformson the averagebetterthanthe GMM.
We alsoseethatthetemporalandspectrafeatureshaving only one
coeficientdo notperformvery well. With 12 MFCC featureswe
obtaineda recognitionaccurag of 63.4% usingthe GMM clas-
sifier, andwith 10 band-enagy featuresthe recognitionaccurag
was61.5%usingthe 1-NN classifier

The basicdifferencebetweenthe band-eneagy ratio and the
MFCC featuresis that eachMFCC feature encodesthe shape
of the overall spectrum,thus being suitablefor modelingsingle
soundsourceswhereasand-endgy ratio featuresepresensep-
aratesubbandsandareto representfo someaccuray, different
soundeventsoccurringon differentfrequeng ranges.

We examinedonly a few combinationsof the presentedea-
tures,anddid not fully explore the optimal subsebf the features
dueto the requiredcomputationtime. A recognitionaccurag of
68.4%wasobtainedor atestsequencéengthof 30secondby us-
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Fig. 2. Recognitionratesasa function of testsequencéengthfor
the following features:band-enegy ratio, LP-cepstraand band-
width classifiedusing1-NN andMFCC classifiedusingGMM.

ing a featurevectorconsistingof band-eneagy (10), flux, roll-off,
centroid,andZCR classifiedusingthe 1-NN (mean+stdmethod.
Basedon preliminary experiments the deltafeaturesdid not
performvery well. For example,the accurag rate obtainedfor
the deltaof the band-enagy (10) was48% andthe accurag rate
obtainedfor theband-enagy combinedwith its deltawas59.5%.

6.2. Recognitionrate asa function of testsequencdength

In Figure2, therecognitionratesof several featuresarepresented
asa function of testsequencdength. We calculatedthe recogni-
tion ratesfor threefeatures(band-enagy ratio (10), LP-cepstra
(12), and bandwidth)using the 1-NN (mean+std)classification
methodandfor the MFCCsusingthe GMM classifier The maxi-
mumlengthof testsequencevas160seconds.

As expected,increasingthe length of testsequencémproves
the overall recognitionrate. The trendof all curvesis ascending
on average.An interestingobserationis thatthe curvesresemble
thehumanresponsdime asdescribedn [11].

6.3. Overall recognitionaccuracyand confusions

The confusionmatrix for 17 classifiedscenesisingMFCC of or-
der12 andGMM with 5 Gaussianss presentedn Table2. The
averagerecognitionratewas63.4% andthe analysisdurationwas
30 secondsTherectangulaboxesenclosethe moregeneralcon-
texts aspresentedn Tablel. The recognitionaccurag of indi-
vidual scenesangedfrom 43% (subway station)to 100% (road).
Restaurantvasthe mostcommontargetfor misclassifications.

6.4. Recognitionof metaclasses

We did an experimentof recognizingmore generalclassesising
the describedL-NN classificationmethod. The testsequencealu-
rationwas 30 secondsndthe featurevectorusedconsistecf 10
band-enagy features All therecordingsvereincludedbothin the
testandtraining sets. The evaluationwas done using the leave-
one-outtestingmethod. Thefirst partition of the scenesonsisted
of the six main contets shavn in Table1. Therecognitionrate



Table 2. Confusionmatrixfor 17 scenelassifiedusingMFCC (order12) andthe GMM (5 Gaussians)Theaveragerecognitionratewas
63.4% for analysisdurationof 30 s. Theentiresarepercentageandthe boxesenclosemoregeneraklassegseeTablel).
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Car(27) 89 11
Bus(11) 82 9 9
Train (10) 60 10 10 10 10
Subway train (6) 50 33 17
Streef(16) 17 | 65 12 6
Road(12) 100
Nature(12) 58 9 17 8 8
Construction(11) 27 9 36 19 9
Restauran23) 4 5 5 52 4 9 9] 4 4 4
Supermart (13) 8 8 46 8 | 15 8 7
Office (12) 67 8 8 17
Library (11) 9 8 9 9 56 9
Lecture(16) 6 13 81
Bathroom 16 17 17 50
Church(b) 20 80
Railwvay station(11) 9 9 9 64 9
Subway station(7) 29 14 14 43

for this partitionwas68.6%. Therecognitionaccurag for the 2”4
partition, vehicles(only carsandbuses)vs. others,was 94.7%,
andfor the3"¢ partition,indoorsvs. outdoorsjt was86.3%.

6.5. Comparisonto human performance

In [11], alisteningteststudyingthe humanabilitiesin recognizing
auditoryscenesvasdescribed Althoughthe setof 25 scenesised
in thelisteningtestis notidenticalto thatof our experiment,they
arevery similar. The averagerecognitionratefor 19 subjectsvas
70%andthe averageresponséime was20 seconds.

Theseresults provide a baselinefor evaluating the perfor
manceof anautomatiaecognitionsystem However, alist of pos-
sible answergthetrainedscenesn our case)wasnot providedto
thesubjectswhichmayhave introduceda negative biasto the per
formanceand we supposehat the true base-lineis considerably
higher

7. CONCLUSIONS

In this paper we have addressedhe problemof computational
auditory scenerecognitionand describeda classificationsystem
which is able to classify 17 scenesout of 26 with the accurag
of 68.4% usinga featurevector consistingof multiple features.
The recognitionaccurag is approximately18 times betterthan
therandomguesgate.

Therearemary interestingdirectionsin whichto continuethe
research.Thelisteningtestdescribedn [11] suggestusthatthe
focusin the recognitionprocessshouldbe put on modelingdis-
tinct soundevents.More researchs neededalsoon understanding
hov humanssolwe thesesort of classificationproblems,andhow
to implementthemin CASR systems.
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