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1. 2Use Cases

Ma nryes piirlalt o@ayms else screened using sound via smartop
powered hardware. Coughs, fdemnldiygmpd &l,asean be cl a:
on he swiutiuohhe &d&ddlhghs potenti al |l yi nffuercsthieohn sas assi f i €
pneumonia or tuberculosis (TB). Couemdclnascsi fier h
areas to help trackcohetea@irouws niTrdfna cAtdidornesa diniakfé vy ,
expensive medical hardware such as spirometers (uUs
be replaced with smartphones and enable daily secr
ast hnatnel p di agnose such conditbhenssedutcdh died hanlod &
studies for pedpstesdehsasi ageépompnea.
Classifyimgotsodednidst i ngui sh bet wekwntédlnndf fgeererngs i nstr
could also be revolutionaraynd ogo rmueéedagr ccToimpdussi ttriyon,
could use classification technology for copyright
for composition and sound generation.

Systems that traditionally rely on computer Vvisiorl
cars cowppdl ebmens ed oraudepl adead switmuch whassh requ
processing power and storage space, and al so can |
sound event (with multiple microphones).

1.2 Rel ated Work

Audi o classifhaat mostlireséalt tlen under the automat
category, enabl i ngdg sSisrtie nisr AAukatzaoatso Apedigaond t o r eq
speecMost of this research is focused on segment
classifyimgt woreds Somerepabth ass€apshr al processi
Me-f requency scal e caaundciboasss$ édcfadoi omr paaddl ems and
paper. There are examples of ot her classificati or
instrument s, but manyooh phemiauvuéeavedypymapeaeci fic
The Ur ban Spluhsde dDaitnha stetits sc papteeds eilreca20 Imlanaursccr i pts
have since been published on the topic of wurban so
publ i she[d2]a gpmptehe topi Eonfclbaseagf DNAt i on, whi ch |
the basel ipre i memypiaipe ne x

2 Dat aset

The Ur badnatSaosuentd cont ains 8713s ¢ athedrds soanadneéxcea @
10 <cl| ascsoensd:i taidrmeamhi Icoalreyni nigar kdogdr i lildilngn,g,engi ne
gunshot, jackdasnmeesdNtosier €¢ hegr @n wesrheo tn oetx ammapnl ye sg,u ns o
it was | atSdarnceemdwedk. recordingsoareecotdéaeatedhér
guality, vol ume and background nisneaakvagi gaéshisign
classification probl emmhenoc leadstsadwdni afrnrdotm d he me dlains tsi
t axonomy d e saccrciobnepda niyn antgth j@cal temlsiedc¢h al so includes a
descrifphadcmset andohmpwl ieatdh.dnwdod gd | ies WAV f or mat , an
t hseampltiahaeg, bit depcthha nnmenlds naurneb etrheofsame as t hose
upl oaded to Freesound (and hence may vary from fil
Exampl e opl oetasc h cllaeslspkairgeursehsohdm & aXX) plots show t
sigmaamplitude versus time,thaeadmadri speetofogffrmraengu &
(xis) changaxbseprwhéme (ke magnitude scales from
The spectrogr ams t end otho aproauv i dteh emosroeu nidn fsoirnncaet i i
frequency (pitch) content.
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Figure 1: Waveplot
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Figure 2: Spectrogram
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Fi guaredSlRow the waveform and spectrograms for

e plots above help to visualize the different at
ature extraction is necessary in order to reduc:¢
dio clip into a smaller more reasonable set
Feature Extraction
reduce the points into different feature sets,
compress and filter the data in some way such
aving only the mossspeytioentl asbsof mangohheeseoeur
ature extraction, each sound file can be repres
em much easier and efficient to compare and cl a:
ei brosa |l i brary was usedebcomwithatseveraxt uaetfiung
r representing dubhei oneit hodisf uesreaelnti nwayhd.s paper &
bl e below withThieslks medo hmadise adet ailllsrel ated to
the audio. Obhed maet hdds paffpueretkigoeoruvl ed fbeea tuusreeds t ¢
om the natur al rhythm or repetition of sounds.
st of the classesbwrratmpal ses or aperiodic



Me-frequency . . ‘
CoefficientsCoeff|C|ents usually wused for
Projects bins reprdscédnmtoimmg toHe
Chromagram O octave
Me-scal ed powUses Mel scale to provide gr eeal
spectrogram (|l ower) freqgulemnmar segrbl)ased on
Oct abvaes ed s p ¢ :
ontrast Focuses on musical octave patt:
Esti mates tonal cent fdd imk: sd D n@A!
Tonnet z space
Tabl e 1: Feature Extraction Met hods

Two separate feature sets were derifreth the dataseiThe first repesentation uses eachfofi v e

met hods oudBhidnéetdeabowvacatenat est o agieveagae sc amgdi dtl ean

feature ve
as an ense

points. This featutmanet .is referenced as the

The second setis a 128 x 128 representation of theéaétd power spectrum that can be visualized

as an image as shown below. This featwekis referenacta s t h e  6-scpledpewer. Me |
spectrograms were used in place of regular spectrograms because they tend to be more sparse and
represent the same information with less data.

Mel-Scaled Power Sectrogram for Dog Bark

k| Illillﬁ E o 'mm
o (SEERN e
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Time Time

Mel- Scaled Power Sectrogram for Siren
N0 o e
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Figures8al Mdl power spectrogram

ctor opraé8ssatdibedéofebivpr §sf can be
mbl e ofsaltl heeitmfoadrsmativenfasewetbae r epr ese
i

Derivinghlkeeehfefat ure s omnd atpdek & so nonvaenkcseaat homr but
only needs to be done once and then stored as a
4 Cl asssi fier

4. 1 Cl assifier Overview

There is a broad range of alnguolctiinbmsct hasi fiteras
Sciearn | ibrary was used for aDNljasridt ynoafel she
were implemented using Keras with a Tensorfl ow
del i mited by the |ibrary for clarity.
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https://en.wikipedia.org/wiki/Mel-frequency_cepstrum
https://en.wikipedia.org/wiki/Mel-frequency_cepstrum
http://labrosa.ee.columbia.edu/matlab/chroma-ansyn/
https://en.wikipedia.org/wiki/Mel_scale
https://en.wikipedia.org/wiki/Mel_scale
file:///C:/Users/garrisma/AppData/Local/Microsoft/Windows/Temporary%20Internet%20Files/Content.Outlook/5CLBQKGZ/(http:/ieeexplore.ieee.org/document/1035731/
file:///C:/Users/garrisma/AppData/Local/Microsoft/Windows/Temporary%20Internet%20Files/Content.Outlook/5CLBQKGZ/(http:/ieeexplore.ieee.org/document/1035731/
https://sites.google.com/site/tonalintervalspace/
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Training and Tuning
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loss

oM ~—>S 0=

True label

cnnl model loss cnn2 model loss

= train = train
- val - val

epoch epoch

Fi gubD&N4Loss plots

ealhley validation |ine tracks wel/l with the train
crease. CNN2 | ooks Il ike it may have &n overfitt]
ack very well to the trainsegmd ime.weNhli |l e t he FI
rrelated with the training |ine, it stops after
arning sooner than FFN1, which goes to nearly 4f
del overall This obsepaatngnCNdlabhsd gNe&ent wl

Resul t s

1 Cl assifier Perfor mance

e resul ts d i @ bped OIwi. s hTehde irnesul t s of each mo d e |
nfusion matrix with the model name and accuracy
di catleawheas t he modelNodter udeelred atre |dde‘n°teirfey1.t a m
ass, s 0 a @naerckeesrs ghuoaxi §d cteos nb et tma rs serde ir etdii crt .i oise
|l ement s not on d inad agwad\f Jutlcar ei & thael oimzses totfh et hhei mi t a
dAbk. st at ediesarlait@rs,egtu nhsehdoatme t ¢ sf awd so it was re
cl ade context of this paper.
ffn1 (accuracy: 0.59) ffn2 (accuracy: 0.47)
[ | - |
children p;ymg children, p;ying [ ]
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AdaBoost (accuracy: 0.21) Decision Tree (accuracy: 0.30)
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Random Forest (accuracy: 0.54)
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I't should be clear that the specs features were |
training, the classbdomerchpassiofimansessohfase@DA,
bad as randdmlty dbeadsigg@ids emits diomgti Bi nce the spe
t housands of points, gradient boosting takes a ve
never fully evaluated.
Posi f Model Featu Accur Tr(aslerélorr']'

1 CNN1 spec:¢ 0. 77 111

2 CNN2 spec:¢ 0. 76 191

3 Gradient B me ans 0.65 82

4 Random Fol me ans 0.62 5

5 Logistic R me ans 0.59 511

6 FFN1 me ans 0.58 12

7 SVN me ans 0.55 14

8 Random Fol specs 0.54 39

TablTeo@gl:assi fiers

6 2 Di scussi on
As expectedertfloe mENNbest by a | arge margin and b
resul ts. CNN1, however has a more ideal l oss plo
overfitting as a result and also trains faster, me
randomest s, generally regarded as the best deci si
i st Al s o, note that random forests trained extr
FFN1 model was further down iinnalhley, iesven btuhe al &mc
forests cl|l a&gyidfcsat unesngorhginally made for the CN
other classifiertneadheatusesthe superior
6. 3Conclusion
Given the noisiness in thectiasaeantdotié@obaet ft bamt
accurguitmpsy essi ve The paper a@utbhMNs aloX]s efhebl i s he
achidéeveé2 accuracy, i ndi dast ipragd etiphred v@N1Nesn eulssiesd i n t h
howegsemeg variabil i tsyloittrs GQNN1l aacncda nGINNI2Zv e PAgi Ng Seve.
versions of the same CNN may bring down the accur :
The CNN1 is the best classifier and it takes spect
on the ftliymd oal asexilfi datienit h@he iarmdvisrseésg uiw etso at r a
hiemd G&GBMpared to the FFN, gradwbnthboaostfingeand
a CPUThe decision tree based met hods, gradient b



