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ABSTRACT

In this paper, we addressthe problem of computationalaudi-
tory scenerecognition anddescribemethodsto classifyauditory
scenesinto predefinedclasses.By auditoryscenerecognitionwe
meanrecognitionof anenvironmentusingaudioinformationonly.
Theauditoryscenescomprisedtensof everydayoutsideandinside
environments,suchasstreets,restaurants,offices,family homes,
andcars. Two completelydifferentbut almostequallyeffective
classificationsystemswereused:band-energy ratio featureswith
1-NNclassifierandMel-frequency cepstralcoefficientswith Gaus-
sianmixturemodels.Thebestobtainedrecognitionratefor 17dif-
ferentscenesout of 26 andfor ananalysisdurationof 30 seconds
was68.4%. For comparison,therecognitionaccuracy of humans
was 70% for 25 different scenesand the averageresponsetime
wasaround20 seconds.The efficiency of differentacousticfea-
turesandtheeffect of testsequencelengthwerestudied.

1. INTR ODUCTION

This paperconcernstheproblemof computationalauditoryscene
recognition (CASR), which is closely relatedto computational
auditorysceneanalysis (CASA) [1, 2]. CASA refersto thecom-
putationalanalysisof anacousticenvironmentandtherecognition
of distinct soundeventsin it. However, in CASR, the focusis in
recognizingthecontext, or environment,insteadof analyzingand
interpretingdiscretesoundevents.

Practicalapplicationsof CASRincludewearabledevicesthat
sensetheenvironmentof their usersat a given time. Information
abouttheenvironmentenablesthedevice to providebetterservice
to users’needs,e.g.by adjustingthemodeof operationaccording
to the context. For example,a modernhearing-aidmay choose
anappropriateequalizationfilter automatically, insteadof theuser
having to switchit manually.

CASRhasbeenstudiedvery little comparedto speechrecog-
nition, for example. However, therearemany researchfields re-
latedto CASR that have beenstudiedto varying extent. The re-
lated researchcomprisesdifferent audio classificationproblems,
suchasspeech/musicdiscrimination[3], soundsourceclassifica-
tion [4], noiseclassification[5], content-basedaudioclassification
[6], andclassificationof generalaudio [7]. We managedto find
only a few classificationsystemsthathave beenproposedto rec-
ognizeauditoryscenes.Clarksonandhis colleaguesproposeda
systemin which an auditorysceneis recognizedby classifyinga
temporalsequenceof detectedandidentifiedsoundevents[8].

Thestudydescribedin this paperconcernsthreemain issues.
First, we comparethe discriminationability of several different
featuresby applying two standardclassificationprocedures,k-
nearestneighbors(k-NN) classifierandGaussianmixturemodels
(GMM). Second,therecognitionaccuracy asa functionof thetest
sequencelengthis studiedusingseveral selectedfeatures,andfi-
nally, a short experimentof recognizingmoregeneralclassesis
described.

2. DATA COLLECTION

Real-world recordingsfrom a varietyof differentauditoryscenes
weremade.In Table1, thedifferentscenesandnumberof record-
ings from eachsceneare listed. The recordingsarecategorized
into six moregeneralclassesaccordingto commoncharacteristics
of the scenes(outdoors,vehicles,public, offices, home,and re-
verberantplaces).Thecategorizationof thesceneswassomewhat
ambiguous;someof the recordingscanbe associatedwith more
thanonehigher-level class.

A total of 226 measurementswere recordedusing two dif-
ferentconfigurations.The first configurationconsistedof a bin-
aural setup(Brüel&Kjær 4128headand torsosimulator),stereo
setup(AKG C460B microphones),and B-format setup(Sound-
Field MkV microphone).Theacousticmaterialwasrecordedinto
a digital multitrack recorderin 16-bit and 48kHz samplingrate
format.55 recordingsweremadewith thissetup.

The remaining171 measurementswere madewith a stereo
setup(AKG C460B). The recordingswere storedusing a Sony
(TCD-D10)digital audiotaperecorderin 16-bit and48kHzsam-
pling rateformat. All testedscenes,exceptbusandsubway train,
includedrecordingsmadeusingthebothsetups.

3. FEATURES

Tenfundamentalacousticfeatureswereinvestigatedfor classifica-
tion of auditoryscenes.In addition, the varianceanddelta fea-
turesof the basicfeatureswerealsostudied. We provide herea
very shortdescriptionof eachfeature,moredetaileddescriptions
canbefoundin [9]. Thefeaturesaregroupedinto threecategories
accordingto theirprocessingdomain.

Time-domain features� Zero-crossingrate (ZCR) is definedasthenumberof zerovolt-
agecrossingswithin a frame.� Short-timeaverage energy is theenergy of a frame.

Frequency-domainfeatures
Let �����	��
 be the �
�	� frequency sampleof the discreteFourier
transformof � �	� time frame.



Table 1. List of the recordedauditory scenes,and numberof
recordingsfrom each.Thetestsetscenesarein boldface.

Main context Scene No. of recordings
Outdoors Street 16
(53) Road 12

Nature 12
Construction site 11
Market place 1
Amusementpark 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

Subwaystation 7
Hall 3

Total 226

� Band-energy ratio is the ratio of the energy in a certain
frequency-bandto the total energy. The band-energy ratio of the
n�	� subbandis calculatedas the sum of power spectrasamples�����	��
 belongingto that subbanddivided by the total energy. In
thiswork,weused4 and10logarithmicallydividedsubbands.The
boundariesof the4 subbandswere0, 3, 6, 12, and24kHz,andof
the10 subbands0.023,0.046,0.093,0.187,0.375,0.750,1.5, 3,
6, 12,and24kHzfor samplingrateof 48kHz.� Spectral centroid representsthe balancingpoint of the spectral
power distribution. It is calculatedasthe sumof the frequencies
weightedby theamplitudes,dividedby thesumof theamplitudes,
which is the ����� momentof spectrumwith respectto frequency.� Bandwidthis definedas the width of the rangeof frequencies
thatthesignaloccupies.In this work, bandwidthis calculatedas

������� ���� �"! �	�$#&%(')
+*-, . �/�0�	�1
�. *� ��2�
! . �����	��
�. * 3 (1)

where %(' is the spectralcentroidand 4 is the index of highest
frequency sample.� Spectral roll-off point measuresthe frequency below which a
certainamountof thepower spectrumresides.It is calculatedby
summingupthepowerspectrumsamplesuntil thedesiredpercent-
age(threshold)of thetotalenergy is reached.Thethresholdin our
experimentswas0.93.� Spectral fluxmeasuresthechangein theshapeof thepowerspec-
trum by calculatingthedifferencebetweenpower spectraof suc-
cessive frames.

Linear prediction and cepstral features.Thesefeaturesareused
for estimatingtheroughshapeof thespectrumof a signal.� Linearpredictioncoefficients(LPC)wereextractedusingtheau-
tocorrelationmethod.� Cepstral coefficientswerederivedfrom theLPC.� Mel-frequencycepstral coefficients(MFCC) wereextractedap-
plying the discretecosinetransformto the log-energy outputsof
mel-scalingfilter-bank.

The analysiswindow length for all featureswas 30 ms and
the usedwindowing functionwashanning.Theoverlapbetween
successive frameswas50%of theframelength.Basedon prelim-
inary experiments,we noticedthat varying the short-timesignal
processingparametershadonly minoreffect on theperformance.

4. CLASSIFICA TION FRAMEW ORKS AND FEATURE
VECTOR FORMATION

Two differentclassificationframeworkswereexamined:onebased
onak-NN classifierandtheotheronaGMM. Thek-NN classifier
performsaclassvoteamongthek nearestneighborsto apointtobe
classified.In our implementation,thedistancebetweenthepoints
wasmeasuredusingthe Mahalanobisdistancemetric with equal
covariancematrix for all classes.The GMMs model the proba-
bility densityfunction(pdf) of thedataof eachclassasa mixture
of severalGaussianpdfs. A GMM is completelyrepresentedwith
threeparameters:meanvectors,covariancematrices,andthemix-
ture weights. The parametersareestimatedwith the well-known
ExpectationMaximization(EM) algorithm[10]. Theclassification
is doneby estimatingtheprobabilityof eachclassgiventheobser-
vation,andtheclassthatgivesthehighestprobabilityis chosenas
theclassificationresult.

In thek-NN classificationmethod,weestimatedthemeanand
standarddeviation (std)of the featuresover onesecondwindows
with anintentionto modeltheslow-changingattributesof theau-
ditory scenessuchasfinite-lengthacousticevents. Thesevalues
wereusedasnew featurevectorsandeachone-secondframewas
classifiedusinga 1-NN classifier. For clips longerthanonesec-
ond,thefinal resultwaschosenby themajority rule. Wetriedsev-
eralwindow lengthsfor estimatingthemeanandstd(0.05,0.125,
0.25, 0.5, 1, 2, 4, and8 seconds).The bestresultwasobtained
usinga onesecondwindow, althoughtherewasno greatdiffer-
enceto window lengthsof 0.25 and0.5 seconds.Increasingthe
numberof neighborshadonly a minor effect on theperformance;
themeandifferenceof the recognitionratebetween1-NN and5-
NN was -0.39%(variance2.35%),between1-NN and11-NN it
was-0.69%(5.30%),andbetween1-NN and25-NN it was1.75%
(4.88%). The meandifferencewascalculatedusingband-energy
ratio featuresanda testsequencelengthof 160seconds.

The secondclassificationapproachwas basedon the GMM
classifier. In this case,we usedthe featurevectorsin eachtime
frameassuchwithoutany manipulation.WetestedtheGMM with
varyingnumberof Gaussians,andfoundthattheoptimalorderfor
thegivenamountof datawasfive. Thenumberof iterationsof the
EM algorithmwasfixedto 40.

5. EXPERIMENT AL SETUP

Thetrainingsetincludedall therecordedaudiomaterial(26differ-
entscenes,226samples),amongwhich17 sceneswereclassified.
The subsetof the scenesincludedin the testsetis highlightedin
Table1. The classifiedsceneswerechosenaccordingto the cri-
terion that eachof them had to have at leastfive samplesfrom
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Fig. 1. Recognitionratesobtainedwith differentfeaturesfor test
sequencelength of 30 secondsusing the 1-NN and GMM. The
dashline indicatestherandomguessrate.

differentrecordingsessions.We did not allow multiple classla-
belsfor onerecording.For example,a recordingfrom arestaurant
carof a train waslabeledastrain, although,it couldbelabeledas
well asrestaurant.

Theclassificationperformancewasevaluatedusingleave-one-
out cross-validation,wherea classifieris trainedwith all instances
except the one that is left out for classification. In this way, the
trainingdatais maximallyutilized,but thesystemhasnever heard
thatparticularrecordingbefore.Theoverall recognitionrateswere
calculatedasthesamplemeanof therecognitionratesof theindi-
vidualscenes.

6. PERFORMANCE EVALUATION

6.1. Comparisonof differ ent features

The recognitionratesobtainedfor the17 scenesusingindividual
featureswith thetwo classificationmethods(1-NN andGMM) are
shown in Figure 1. The test sequencedurationwas 30 seconds
andthedurationof eachtraininginstancewas160secondsfor all
the cases.The numberof trainedsceneswas26, which givesan
approximaterandomguessrateof 4% (indicatedwith dashline in
thefigure). FromFigure1, we noticethat1-NN (mean+std)clas-
sificationmethodperformson the averagebetterthanthe GMM.
Wealsoseethatthetemporalandspectralfeatureshaving only one
coefficient do notperformvery well. With 12 MFCC features,we
obtaineda recognitionaccuracy of 63.4%using the GMM clas-
sifier, andwith 10 band-energy featuresthe recognitionaccuracy
was61.5%usingthe1-NN classifier.

The basicdifferencebetweenthe band-energy ratio and the
MFCC featuresis that eachMFCC featureencodesthe shape
of the overall spectrum,thus beingsuitablefor modelingsingle
soundsources,whereasband-energy ratio featuresrepresentsep-
aratesubbands,andareto represent,to someaccuracy, different
soundeventsoccurringondifferentfrequency ranges.

We examinedonly a few combinationsof the presentedfea-
tures,anddid not fully explore theoptimal subsetof the features
dueto the requiredcomputationtime. A recognitionaccuracy of
68.4%wasobtainedfor atestsequencelengthof 30secondsby us-
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Fig. 2. Recognitionratesasa functionof testsequencelengthfor
the following features:band-energy ratio, LP-cepstra,andband-
width classifiedusing1-NN andMFCCclassifiedusingGMM.

ing a featurevectorconsistingof band-energy (10), flux, roll-off,
centroid,andZCR classifiedusingthe1-NN (mean+std)method.

Basedon preliminaryexperiments,the deltafeaturesdid not
perform very well. For example,the accuracy rateobtainedfor
the deltaof theband-energy (10) was48% andthe accuracy rate
obtainedfor theband-energy combinedwith its deltawas59.5%.

6.2. Recognitionrate asa function of testsequencelength

In Figure2, therecognitionratesof several featuresarepresented
asa functionof testsequencelength. We calculatedthe recogni-
tion ratesfor three features(band-energy ratio (10), LP-cepstra
(12), and bandwidth)using the 1-NN (mean+std)classification
methodandfor theMFCCsusingtheGMM classifier. Themaxi-
mumlengthof testsequencewas160seconds.

As expected,increasingthe lengthof testsequenceimproves
the overall recognitionrate. The trendof all curvesis ascending
on average.An interestingobservationis thatthecurvesresemble
thehumanresponsetimeasdescribedin [11].

6.3. Overall recognitionaccuracyand confusions

Theconfusionmatrix for 17 classifiedscenesusingMFCC of or-
der 12 andGMM with 5 Gaussiansis presentedin Table2. The
averagerecognitionratewas63.4% andtheanalysisdurationwas
30 seconds.Therectangularboxesenclosethemoregeneralcon-
texts aspresentedin Table1. The recognitionaccuracy of indi-
vidual scenesrangedfrom 43%(subway station)to 100% (road).
Restaurantwasthemostcommontargetfor misclassifications.

6.4. Recognitionof metaclasses

We did an experimentof recognizingmoregeneralclassesusing
the described1-NN classificationmethod.The testsequencedu-
rationwas30 secondsandthefeaturevectorusedconsistedof 10
band-energy features.All therecordingswereincludedbothin the
testand training sets. The evaluationwasdoneusing the leave-
one-outtestingmethod.Thefirst partitionof thescenesconsisted
of the six main contexts shown in Table1. The recognitionrate



Table2. Confusionmatrix for 17scenesclassifiedusingMFCC (order12)andtheGMM (5 Gaussians).Theaveragerecognitionratewas
63.4% for analysisdurationof 30 s. Theentiresarepercentagesandtheboxesenclosemoregeneralclasses(seeTable1).
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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(5) 20 80
Railway station(11) 9 9 9 64 9
Subway station(7) 29 14 14 43

for thispartitionwas68.6%.Therecognitionaccuracy for the 5 �76
partition, vehicles(only carsandbuses)vs. others,was 94.7%,
andfor the 829 6 partition,indoorsvs. outdoors,it was86.3%.

6.5. Comparison to human performance

In [11], a listeningteststudyingthehumanabilitiesin recognizing
auditorysceneswasdescribed.Althoughthesetof 25scenesused
in thelisteningtestis not identicalto thatof our experiment,they
arevery similar. Theaveragerecognitionratefor 19 subjectswas
70%andtheaverageresponsetimewas20 seconds.

Theseresultsprovide a baselinefor evaluating the perfor-
manceof anautomaticrecognitionsystem.However, a list of pos-
sibleanswers(thetrainedscenesin our case)wasnot providedto
thesubjects,whichmayhaveintroducedanegativebiasto theper-
formanceandwe supposethat the true base-lineis considerably
higher.

7. CONCLUSIONS

In this paper, we have addressedthe problemof computational
auditoryscenerecognitionanddescribeda classificationsystem
which is able to classify 17 scenesout of 26 with the accuracy
of 68.4 % usinga featurevectorconsistingof multiple features.
The recognitionaccuracy is approximately18 times better than
therandomguessrate.

Therearemany interestingdirectionsin which to continuethe
research.The listeningtestdescribedin [11] suggestsus that the
focus in the recognitionprocessshouldbe put on modelingdis-
tinct soundevents.More researchis neededalsoonunderstanding
how humanssolve thesesort of classificationproblems,andhow
to implementthemin CASRsystems.
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