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1 Ewaywyn

To {nTouuevo NG epyaciag ivat n avantuén evog LOVTEAOU UNXAVIKNG LABnaong To onoio, ma-
pEXoVTag &va apxeio Nxou, Ba pmopel va Eexwpiloel avapeoa oTa KOUUATLA TOU XPOVOU TTOU TTEPLE-
Xouv outAia (speech) kat pouotkn (music), 6rwg mapouvaotadetatl otov dtaywviopo MIREX 2018:Music
and/or Speech Detection 1 . H epyacia emikevTpwveTal otV EVPEOT] TWV SELYUATWY TIOU TIEPLEXOUV
€lTe WV €iTE LOUOLKY) KAl OTNV Ta&lvounon Toug.

Mpokeltal yla éva duadiko mpoANua Taglvounong mmou ival onuavTiko Kabwg EXEL EQAPUOYES
0€ MAATPOPMESG KOWVWVIKWY SIKTUWV Yl TNV avayvwpLoT TIEPLEXOUEVOU UE TIVEUUATIKA SlKAlW-
MATA, OE CUCTHATA QUTOUATNG avayvwpLlong dlapnuioswy, povtépva "Eunva” BonOnTtika akong
k.a. H mpdopatm BiBAoypapia mepiéxel Ospatoloyia Omou oToxeVEL €ite oV avantuén akyo-
POUWYV Yl ypriyopn Kal (pBnvr UTTOAOYLOTIKA TA&VOUN O, €ITE TNV aAvayvweLloY) TTIOAU HEYAANS
akpifelag. Auto S1OTL AUty TN OTLYHN N AVAYVWPLOY ME TTOCOOTO EMITUXIAg YUpw oTo 98% eival
KATL oUVNBOLOEVO.

2 [MponyYoUHEVEG UAOTIOMOELG

Ynapxel mAnBwpa BiPAloypapiag oxeTikn He To B€pa. Exouv Bpedel 1161 apkeTég AUCELG, EVW
OL TTILO TIPOCPATEG TIETUXAIVOUV aflooMUEiWTA ATTOTEAECUATA TOOO OCWY APOopPd TNV TAXUTNTA TOU
Slaxwplopol 000 Kal TNV akpifela twy anoteAeopdtwy. Kamoleg amo tig SnoclEVTELS Ol OTTOIEG
apPOoPOUV TO CUYKEKPIUEVO OEUa, KABWCE KAl TA ATTOTEAEOUATA TOUG TTAPOoUaLalovTal TTapaKaTw.

Y10 [1] ol cuyYpaWEeig XpnaoLHomolovV Ta €&Ng xapaktnploTika (features):

1. Alapdppwon evépyelag ota 4Hz tou onuatog (4Hz modulation)
2. Alauop@waon eviportiag Tou onuatog (entropy modulation)

3. AplOUOG TWV OTATIKWY TUNUATWY

4, ALGPKELD TWV TUNMATWY

MapatnpnOnke MEPAUATIKA OTL TA TPWTA 3 XAPAKTNPLOTIKA ivouv EExwplota mepimou to 6o
TIOCOOTO EMITUXWV Ta&lvounaswy (mepimou 84%) evw n Mmnayleolavn pocEyyLon Yl To XapaKTn-
PLOTIKO SlapKelag TUNUATWY £8wae Aiyo XxaunAdtepo mocoaTo (76.1%).

MNa va avinBel 10 MOCOOTO TWV CUVOALKWY ETTITUXWYV TAELVOUNOEWY TIPOTAONKE €vag Lepap)l-
KOG akyoplOpog Ta&lvounong 0ToV O7Tolo Ta XapaKTNPLOTIKA SLapOpPWOoNG EVEPYELAS TOU OTLATOG
ota 4Hz kat SlapuodpPwong EVIPOTiag ToU OTUATOS CUYXWVEVOVTAL. Y€ TEPITTTWON TTou oL 2 Tafl-
VOUNTEG CUMPWVOUV armo@paci{ouv yla To av To TUNUA armoTteAel ophia 1) OxL, evw o€ meplmTwon
TI0U &€V CUUPWVOUV, 1] ATTOPAOT] OPLOTIKOTTIOLETAL ATTO TO XAPAKTINPLOTIKO TOU APLOUOU TUNUATWV.
ArodelkvUeTal OTL TA ATTOTEAECATA AUTOU Tou aiyopiBpou divouv 90.1% owaTtég Ta&lvouNoELG.

>to [2] to MPOBANUA TToU §0ONKE avTiueTwrTileTal w¢ 2 urmornpoAnUaATa: To TPORANUA EVTo-
TUOUOU SELYUATWY Kal TO TTPOPANUA KATNYOPLOTTOINOTC TouG. a Tov eVTOTIoOUO SEYUATWY UOU-
OLKNG/PWVNG EQPAPIOOTNKE 0 aAyoplOog Random Forest og 2 €kdoxeg Tou: oV MPWTN, €QAP-
pootnke padl pe evav Silence detection akyoplBuo evw otn SeUTePN Baciotnke LOVO OTIG TTAN-
pPoopieg opoloyevelag (self similarity matrix) kat otnv Aettoupyia Tou idlou Tou Tagvountn. Emi-
ong, ya Vv Tavopnon mpotddnkav 2 eVaANAKTIKEG: OTNV TPWTN XPNOLUOToMONKE €va mpo-
EKTTALOEUEVO OVTENO evw oTNnV deUTEPN N eKkmaidevon yivetal katd tnv afloAdynon tTwv Sely-
MATWV.

Xpnowornowmenkayv ta Xapakinplotika (features):

1. RMS evépyela
2. ZCR (Zero-Crossing Rate)

thttps:/www.music-ir.org/mirex/wiki/2018:Music_and/or_Speech_Detection
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Spectral rolloff (Xuxvotnta Amnokonmg)

Spectral flux (Paopatikn Pon)

Spectral flatness (Pacuatikn Enutedotmra)

Spectral flatness per Band (Dacuatiky) Emutedotnta avd cUXVOTIKEG OUASEG)
MFCCs (Mel Frequency Cepstral Coefficients)

NOo v AW

‘Eywve avaluon KUplwv cuvicTwowvV (Principal component analysis ) PCA) pe otoxo va peww-
OoUV ol SLOOTACELG TWV SLIAVUCUATWY XapaktnPloTIKwy (feature vectors). Anuoupynonkav ot i-
VOKEG OOLOTNTAG UTTOAOYI{oVTaG TNV EUKAEISEL armOoTaoT HETAED TWV SELYHATWY NXOU £TOL WOTE
Va XWPLOTOUV TA TUNUATA. 2T CUVEXELA TA TUNHATA AUTA KATNYOPLOTTOOUVTAL EVW TAUTOXpOovVd
spapuoletatl o alyopBuog Silence Detection kat ta deiypara autd nmpooTtiBevtal ota mponyou-
peva. Na to mpoBAnua TS Katnyoplomoinong xpnotoroleital o idlog akyoptOpog Random Forest
yla tnv ta€vounon os sninedo (frame) Tpnuatwy fxou. Epdoov yla kdBe apxeio nxou £xouv €&a-
XBel Ta Mapamdvw XapaKkINPLOTIKA, KAOE TUMUA 1XoU TAgLVOELTAL otV KAAOY TTou armo@aacidetal
Kal £MELTA OAOKANPO TO apxeio Tta&lvopeital otnv KAAom otnv omnoia Taglvounonkav ta TUNUATa
TOU Katd mAsloymepia.

>to [3] mpoteivetal mwg ta features WTOpEL va UNV KAAUTITOUV XAPAKTNPLOTIKA KAl TNG GV
Kal TNG MOUOIKNG, aAAd va Baoilovtal Kupiwg o XapakTInPLoTIKA evog amo Ta duo. Evélagpépov
napouactalouV Ta XapaKTNPLOTIKA TNG OMALAG, Ta omoia AOYW TwV HECWVY TTOU TNV ITapayouyV (ta
XelAn, N YAWooa Kal oL pwVNTIKES XOPSEC) £xouV 1BlaiTEPA YVwpilopata. H HeEAETN auTwy Twv Xapa-
KTNPLOTIKWY KAl 1] XPNon Toug wg features oe €vav classifier amodelkvueTal Twg WTopEl va auinaoet
™V emTuyia Tou dlaxwplouou.

EvdelkTikd, mépa anod to kablepwuévo feature Twv 4Hz modulation energy, A\doyw Tou puBuou
TwV ocUANaBwy, kartola aAAa speech specific features Baoilovtal otnv avayvwplon Tou 1)Xou 7Tou
TIAPAYETAL OTIG (PWVNTLKEG XOPOES KATA TNV EVAAAAYT] TNG TIPOPOPAG EVOG CUPWVOU O€ €vd (pw-
VIIEV 1] OTNV UEAETN TNG AUTOCUCXETNONG TOU OTATOG HETA artd @Atpaplopa (Zero Frequency
Filtered Signal) émou su@avidovtal CUYKEKPLUEVA XAPAKTNPLOTIKA LOVO GTNV OLIALA.

Mépa amod tnv emhoyn Twv features, n LEB0SOC ekmaidbevong €xel LEYAAN EMUTTWON OTNV TE-
AIKT] QTTOTEAECUATIKOTNTA TOU aAyopiOpou. MepIKEG POPES XPTIOT CUVOETWY UEBOdWY eKaideu-
ONG WTOPOUV VA ETMIPEPOUV KAAUTEPA ATTOTEAECUATA O€ LEYAAUTEPO TTOCOOTO SLOTL ETUTPETTOUV TNV
€£060 arto torkd ehaxlota. H ouvBeteg pebBodol pmopel va unv eival GUUBATIKEG 1 Kal va davei-
{ovTal armod MapATNPNOELS TNG PUOTCS, ONMTWE 0 CUVSUATUOG VoG Support Vector Machine (SVM) ue
tov Cuckoo Algorithm [4]. Ormou, 6mw¢ To TOUAL KOUKOG TTOU YEVVAEL TA AUYA TOU O€ EEVEG PWALEG,
oTIG emavaAnyelg ekmaideuong tou SVM kartoleg AUOELG TETIOUVTAL Kal avTikaBiotavtal amd VEES
Ol OTTOIEG ITOPEL VA EMPEPOUY KAAUTEPA ATTOTEAECHLATA.

XT1o [5] ol ouyypaweig xpnoomnolovy Ta features:

1. MFCCs (Mel Frequency Cepstral Coefficients)
2. ZCR (Zero-Crossing Rate)

3. SC (Spectral Centroid)

4. SR (Spectral Rolloff)

5. SF (Specral Flux)

Ta xapakmplotikd MFCC, ZCR kat SF ta&lvopouv pe accuracy 90% 1o kaBéva. To feature SR pe
83%, evw 1o SC pe 70%. O ouvduaouog oAwv Twv features metuxaivel 93.5% ocwot tagivounon,
EVW UE XpNon evog SVM LoVTENOU TO TTOC0OTO (PTAVEL 0To 95.68%.

Mapatnpeital 6Tl N cWoT TA&VOUNON NG MOUGCLIKNG €ival apkeTd SUoKOAOTEPN (UE auTa Ta
features) og oxéom Ue autn ™G OMIAIOG. YUYKEKPLUEVA OTNV OMAia emituyyavetal (ue To SVM)
accuracy 98.25% evw ot pouatkn 93.1%.

TéNOG, CUUPWVA UE TO [6], € EPAPUOYEG KATNYOPLOTTOINoMG 61tou SV emIBANAETAL 1) AslToUpYia

3
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O€ TIPAYMATIKO XPpOVO, 1 Xpr)on energy features gival emBuuntr) AOYo TG LEYAANG aKpiBelag Toug.
YUYKeKpEva 1 avadimon ¢ Minimum Energy Density deixvel va urtepéxel armo aAAeg LeOOSouUg
energy features kal oTNV AMOTEAECUATIKOTNTA TNG, KAL OTNV WIAOTNTA TOU UTTOAOYLOMOU TNG. X€
OUVOUAOUO LE TO XAPAKINPLOTIKO TNG SLApopdg EVEPYELAG OTA SLAPOPA KAVAALA ULAG TTOAUKAVAANG
€l0odov, ato [6] métuxav akpifeia 100% oTa KOUUATIA ELCOSOU OTTOU TIEPLEIXAV LOVO HIOUGCLKY 1
PWVN Kal OxL Tov ouvduaopo Toug (MG oTIC PASIOPWVIKESG SLATIUNOELS).

3 Epyaleia mou xpnoponomonkav

H uvlormoinon avantuxOnke oe yYA\wooa Python kat xpnoyornomenkav mAnbwpa BIPALOONKWY
OMWG 1 essentia yla v efaywyr] XapakmmpeLloTikwy, N sklearn ywa mv npoeneiepyacia dedope-
VWV EVW OTNV EKNTABEUOT TWV HOVTEAWY XPNOLUOTIOMONKE | nUuMpy. XpNnoomnomenke emiong
N seaborn yla v gfaywyn SlaypauUATwy Kal TNV OTTTIKOTOINoN TWV XapaKINPLOTIKWYV. [Napdai-
ANAQ, o€ oUVOUAOHO E OAEG AUTEG XPNOLUOTIOMONKaAY Kat AAAEG BBALOBTKEG OTTWCE N pandas, N
matplotlib, n multiprocessing, n os, n pyaudio ka. la v eknaidguor, SOKILACTNKAV TA MOVTEAA
svm, decision trees, multilayer perceptron, Naive bayes kat random forest, Ta omoia 6a avamntu-
X0oUv ota emopeva Ke@alaia. To dataset mou xpNoOMOIONKE yla TNV EKNAISEVOT TOU LOVTEAOU
elval To mpotvépevo GTZAN dataset 2, 1o omoio armoteAeitat aro 120 apxeia Stapketag 30 Ssute-
pOAEMTWYV. KaBe kAaom (Louatkr)/pwvn) aroteAeital and 60 apyeia evw Sev UTTAPXOUV ApPXELA TTOU
va TIEPLEXOLV Kal TIG SUo kKAaoelg. OAa Ta deiyparta eivat ota 22050 Hz, Mono 16-bit kat o apyeia

HOPPNG .wav.

4 XapaKinploTika

Ma mv eaywyn Twv XapaKINPLoTIKWY TTOU (paivovTal 0To amo Ta apxeia )xouv Tou ot dedo-
MEVWY, apXIKA TUNUATACAME KABe onua apxeiou oe frames pe péyebog 6144 deiypara, To ormnoio
TIPOEKUYPE PETA amo enmavalauBavoueveg dokipeg. Emetra, Ta frames avtd, mapabupormomnkav
pe mmapdBupo tumou Hamming, ioou PeYEBOUG. 2T CUVEXELQ, £YLVE 1 EEAYWYT) TWV XAPAKTINPLOTL-
Kwv aTo ntedio Tou xpovou, kKabwg kat ato nedio ™G ouxvotntac.MNMapdA\AnAa, £ywve kat n e€aywyn
TwV ouvtedeotwv MFCC £tol woTte va sival EPLKTOG 0 UTTOAOYLOMOG NG SLIApOp@waong tTng evep-
YElOG onpatog ota 4 Hz. Ta xapaktnploTikda mou Enyxonkayv, TEAIKA, Eival Ta apakatw 27 kat a
avaluBoUv oTn CUVEXELA.

4.1 Zero Crossing Rate - ZCR

Eivalt o puBuog ™ allayng TPOoTUoU KATA TN SLAPKELA TOU onuatog, dSnAadn o pubuog pe
TOV 071010 TO onua aAAAdeL arto BETIKO Kal aApvnTIKO KAl avTioTPo@a. Y€ KArolo Babuo, deixvel Tnv
MEOT oUXVOTNTA TOU OUATOG WG ENG:

ZCR — Z%Zl |sgn x(n) — sgn z(n — 1)| (1)
2N
omnou sgn() N ouvapTNon MPooYHou Kat X(m) To SLakPLTd oYjua HXOoU. TN YEVIKY MEPTTWOoN, TO
ZCR yla v Houaoikn eival apketd UPINOTEPO aTTO OTL TNV PWVN.

4.2 Spectral Centroid - SC

To spectral cendroid i} AAWE PACUATIKO KEVTPO, OTIWG AVAPEPETAL OTO 3,gival pLia LETPLKT| TTOU

XPNOLOTIOLEITAL WOTE VA XAPAKTNPLOEL Eva pacpa. YTodelkvUeL TTOU BploKeTAL TO KEVTIPO TOU (PA-
opatog. Exel toxupr) olvdeom pe TNV "pwTelvotnTa ” evog 1xou dnAadr He TV Xpold. Zuvnbwg, To

2http://opihi.cs.uvic.ca/sound/music_speech.tar.gz
3 Speech and Music Classification and Separation: A Review Abdullah 1. Al-Shoshan Department of Computer Science,
College of Computer, Qassim University, Saudi Arabia
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KEVTPO TOU (PACHATOG TG PWVNG OUYKEVTPWVETAL O XAUNAEG OUXVOTNTEG KAl ETTELTA CUUITTUOOE-
TaL 7ToAL ynpyopa oTig UWPIAOTEPEG ouxvotTNnTeS evw dev undapxel DC ouviotwoa. AvtiBeta, otnv
MOUOLKY) eV €xel TapatnpnOEel KATTOLO CUYKEKPLUEVO OXYLA TOU (PACLATOG,.

4.3 Roll Off

To CUYKIKPILEVO XAPAKTNPLOTIKO AvamaploTd TV T TG ouxvotnTag, KATW amod TNV onoia
Bpioketal To 95% NG evépyelag Tou onuatog. Onweg mpoavamEPONKE, 1 EVEPYELA TOU LOUGCLKOU
ONUATOG CUYKEVTPWVETAL O UPNAOTEPEG CUXVOTNTEG OE OXEON E TO PWVYNTIKO onua. H pabnua-

TIKY) TOU €k@paon Sivetal wg:
> X(k)=095-> X(k) (2)
k

k<v

orou 1o X(k) eivat o Slakpttog petaoxnuatinog Fourier (DFT) tou x(t),to aplotepo pEpog g mapa-
navw eflowong eival To aBpolopa TG EVEPYELAG KATW armod TNV cuxvotnta v, evw to Skl eival 95%
NG CUVOAIKNG EVEPYELAG TOU OTLATOG OTO GUYKEKPLILEVO XPOVIKO frame.

4.4 Spectral Flux

To xapaktnplotikd Spectral Flux 1 aAAMWG TN PACUATIKNG PONG, OTIWE AVAPEPETAL OTO cite to
oparapanw footnote petpdel v paopatikn diagopd avapeoa ota frames. H Houoikr) €xelL peya-
AUTEPO PUBUO Blaopdg evw €XEL TTLO SPACTIKEG al\ayEG avdpeoa ota frames amd OtL | pwvn.
ITNMEWWVETAL OTL 1] LOUCLKT) EVAAANACCETAL AVALETA OF TIEPLOSOUG UETAPRAONG KAl OTATIKEG TTIEPLO-
d0UG VW 1N PWVT), YEVIKOTEPQ, EXEL EvaV TTlo oTaBepd pubuod evallaywv. Q¢ armoTEAECUA, N TN
™G PACHATIKNG PONG Eival UPNAOTEPN VLA TNV HLOUCLKY) OE OXEOT UE TNV PWVN.

4.5 Envelope

To envelope gival oucLaoTIKA (i OUAAY] KALITTUAT TTOU KAAUTTTEL TO TTEPLYPAULA EVOG TAAAVTOU-
MEVOU OMMaToG.Ekppadel, ouolaoTikd, TIG XPOVIKEG AAAAYEG OTO TTAATO TOU ONUatoq.Ot alayeg
QUTEG elval UTTELOUVEG YLa TIOAAEG TTITUXEG TNG AKOUOTIKNG avTiAnyNng, CUMITEPINAUBAVOUEVOU TNG
€VTaomg, TNG XPOLAG, TNG 0EUTNTAG KAl TIG XWPLKNG AKOUOTOTNTAS.

4.6 Flatness

To flatness 1 aA\MWG EMUTESOTNTA TOU TIXOU, €ival pia HETPIKA N orola XpPnolormoleiTal otnyv
avaluon Yn@lakwy onuatwy Y va XapaKTnpIioel To @AcHa EVOG NXNTIKOU OTUATOG. XUV Owg
petplétal os decibels (DB), kat amtoteAel £évav TpOmo va TTOCOTIKOTIOWOEL TO TTOC0 KOVTA £ival €vag
NXog o€ BAPUPRO KA TTOCO O€ TOVIKOTNTA. 4 H avagopd oTtnv ToVIKATNTA YIVETAL LE TNV £vvold Tou
apiBuol TWV KOPUPWV OE €va PACUA CUXVOTNHTWY TIOU Ba urmnpxav AOYw TwV TTOAAATTAWY NL-
TOVWY o€ avtiBeson ue to eninmedo pdaopa tou AsukoU Bopufou. Ta HOUCIKA onuata, Teivouv va
artoteAolvTal artd TOAAATTAOUG TOVOUG, 0 KABEVAG UE TNV SLKY] TOU KATAVOLY] APHUOVIKWY EVW OTNV
Pwvn 6ev eupavidetal auto.

4.7 Perceptual attack time

AUTO TO XAPAKTNPLOTIKO AVAPEPETAL OTNV XPOVIKN SLAPKELA AVAUETA OTN XPOVIKY] OTLYN TTOU
TO OT|UA YIVETAL AKOUOTIKA AVTIANTITO UEXPL TN XPOVIKT] OTLYUT) TTOU (PTAVEL TNV UEYLOTN €VTAOT] TOU.

“https:/en.wikipedia.org/wiki/Spectral_flatness
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4.8 Sound Decay

H mpoodeutikn peiwomn Tou MAATOUG EVOC OTJUATOG HE TNV TTAP0od0o Tou Xpovou. Autr N paonm
Eekvael LOALG To perceptual attack time pTdoel 0To HEYLOTO TOU. X € AUTNV TNV PACT] TO TTAATOG TOU
OTUATOG UELWVETAL HEXPL VA (PTAOEL OE €VA OUYKEKPLUEVO TTAATOG OTO OTTolo Slatnpeitat PEXpL va
apxloel va oprvel.

4.9 Spectral Complexity

To spectral complexity 1 aAAMwWg N QATUATIKY) TTOAUTTAOKOTNTA, BacileTal oTov aplOuod Twv Ko-
PUPWV TOU (PACTHUATOC TOU OY)UATOG.

4.10 Mel Frequency Cepstral Coefficient - MFCC

>tnv ene€epyaoia xou, To cepstrum ocuxvottwy Mel (Mel frequency cepstrum - MFC) sivat pua
avartapdoTaon Tou BPaxunpobeoiou PAoTUATOS EVTaonG VOGS NXOU, BaCIoUEVOU O Evav YPAU-
MIKO LETAOXNUATIONO OUVIUITOVOU TOU AOYAPLOULOUEVOU (PACHATOC EVTAONG OE LA L] YPOAUIKN
KAlaka ™ ouxvottag (Un Ypauukng kKAinakag Mel). Ot cuVTEAECTEG TOU cepstrum ouxvoTNnTag
MeX (MFCCs - Mel Frequency Cepstrum Coefficients) gival ot cUVTEAEOTEG eKeivol TTOU ATTOTEAOUV
010 oUVOAO Toug To paopa MFC.

4.11 4Hz Energy Modulation

Ta WVNTIKA OY)UATA €X0UV XAPAKTNPLOTIKO LEYLOTO 0T SIAUOP@PWON EVEPYELAG YUPW oTa 4Hz
Tou pubpov culhafwv. lNa va povtelomoinBel autn N WBLOTNTA akoAouBeital N mapakatw Stadt-
kaoia:® To onpa TUNUatomnoleital og frames kat e€dyovtat ot Mel Frequency Spectrum Coefficients
6 kot urtohoyiletat N evépyela o 40 kavdla avtiAndne. AuTr N eVEPYELX £MELTA PIATPAPETAL ME
éva (wvodlapato @iktpo, kevipaplopévo ota 4Hz. H evépyela abpoiletal yia oAa ta Kavaila, Kat
KavoVIKoTtoleital pe Baon 1o Héoo tou kabe frame. H Siapoppwon Sivetal and tov UTTOAOYIOUO
™G METAPANTOTNTAG TNG PINTPAPLOUEVNG evEPYelag o dB oe éva deutepolemnto Tou onuarog. H
PWVN TIEPLEXEL TIEPLOCOTEPT SLALOPPWOT] ATTO TNV LOUCIKN.

Mapakdtw @aivovtal EVOELKTIKA KATTOLA artd TA TTAPATTAVW XAPAKTNPLOTIKA Kl TO TTOC0 aJTo-
TEAECUATIKA Elval OTOV SLAXWPLOUO:

Shttps:/www.irit.fr/recherches/SAMOVA/FeaturesExtraction.htm#me4hz
Shttps:/en.wikipedia.org/wiki/Mel-frequency_cepstrum
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5 Mposne€epyaoia Sedopevwy

MNa v npoenefepyacia Twv 6e80UEVWY, SOKILATTNKAV SLAPOPES TEXVIKEG ETAL WOTE va Ppedel
0 BéATIoTOG oLUVOUAOHOG LEBOSWYV. OL TPOTTOL TTOU SOKIUAOTNKAV €ival Ol KALLAKOTTOINOT), KAVOVIKO-
moinom, VarianceThreshold, PercentileSelection kat o0 cuvduaopog toug padi e TNV aAAayT) KAToLwyV
napapeTpwy. Ta amoteAéoparta napouaotalovtal otov mivaka 1 Yy KAyakormoinon oAa ta xapa-
KTNPLOTIKA £Xxouv HEoo O Kal amokALon ion He 1 evw oTnV KAvoVvIKOTToin o, LETATPENMOVTAL Ol TIUEG
TOUG WOTE va avnkouv oto eupog [0,1]. Xto VarianceThreshold kat PercentileSelection, mou sivait
ouvaptoelg TG BBAL0ONKNG feature_selection g sklearn, yiveTtal peiwon xapakTnploTIKWY. XTO
VarianceThreshold, n peiwon yivetal pe 6poug dlakupavong, dSnAadn agaipel OAA Ta XapakInpL-
OTIKA TWV OTtolwV 1 dlakupavon dev Eemepvd Kamolo KatwgAl, evw 1 PercentileSelection katapyet
OAd TA TTOGOOTA TWV XAPAKTINPLOTIKWY, EKTOC ATTO AUTA HE KAOOPLOUEVO ATTO TO XPT)OTN KAAUTEPN
mooooTlaia Katataén .

Mé£6080og Tpornog npoenegepyaoiag Akpipela
Xwpig mpoenetepyaaia 0.49
KAlpakormoinon 0.89
Kavovikomoinon 0.49
KAlpakoroinon + HETA KAVOVIKOTOoIN o 0.78

SVM VarianceThreshold + kAlpakoroinon 0.88
PercentileSelection + kAtpakormoinon 0.81

VarianceThreshold, kAlpakormoinon + gamma=scale | 0.88
VarianceThreshold, kAiuakomoinon + sigmoid kernel | 0.58
VarianceThreshold, kAtpakormoinon + poly kernel dgr | 0.84

Decision Tree VarianceThreshold + kAlpakormoinon 0.75
Multi-Layer Perceptron | VarianceThreshold, kAlpakormoinon + rndState = 2 0.86
Naive Bayes VarianceThreshold + kAlpakoroinon 0.65

Mivakag 1: Tpormol npoemnetepyaoiag ya dlagopa HOVTEAA

Ev TéAel, amopaaoiotnke va Xpnotpornom el pévo n KAYakomoinomn Kabwg to kEpdog ae Tayu-
NTA TWV TTAPATTAVW TPOTIWY HEIWoNG LETABANTWY SEV ITAV APKETO CUYKPLTIKA E TNV HEIWAT TNG
aKpPiBelag wWoTe va MapapEivouv atnyv UAomoinon. BorOnoav map’oAa autd otov Tpoadloploud
TWV XAPAKTINPLOTIKWY TTOU Eival KAwE KaAUTEpA armd ta aAAa.

2 TN OUVEXELQ, Yld VA YIVEL KaTavoNnTo €AV TA XAPAKTNPLOTIKA TTOU Elval KAAUTEPQ, lvatl lkava va
SWOOUV HEYAND TTOOOOTO AKPIBELOG OTO HOVTEAOD, ATTOHOVWONKAY OAa Kal eEAEXONKav £va £va. Ta
artoteAéopata €6€l€av OTL, TEAIKA, KAVEVA XAPAKTNPLOTIKO art0 LOVO Tou SV eival IKavo va dwaoel
LKAVOTTOINTIKO TT0o0OoTO aKpiBelag0. AKOpA Kal av TTAPOUKE TO KAAUTEPO O OPOUC aKpiBelag Kat
TO SOKIACOUUE O GUVOUACUO UE TA EMTOUEVA KAAUTEPQA, paiveTal otL | akpifela avgavetal Aiyo
aAAG OXL apKeTd. TENOG, av emavaingOel akopa pia gopd 1 dadikaoia, paivetal 6Tl £XOUUE Kal
TIAAL LA JUKPY) aUEnon otnv akpifela, n omoia 0w gival ApKETA AKPUA armo TNV akpifela mou
ETUTUYXAVETAL €V TEAEL
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Accuracy | Individually | with best 1 | with best 2
4Hz Mod | 0.58 0.66 0.73
Flat 0.63 0.71 0.75
HFC 0.58 0.65 0.72
LAtt 0.62 0.71 0.75
SC 0.59 0.66 0.73
Scomp 0.57 0.66 0.73
SDec 0.63 0.65 0.72
SEFlat 0.51 0.65 0.72
SF 0.55 0.69 0.75
SFlat 0.57 0.66 0.72
SLAtt 0.63 0.71 0.74
SR 0.60 0.66 0.72
SSDec 0.65 - -
ZCR 0.58 0.65 0.72
mfccO 0.61 0.66 0.73
mfccl 0.58 0.67 0.73
mfcc2 0.52 0.66 0.73
mfcc3 0.56 0.69 0.76
mfcc4 0.54 0.67 0.74
mfcc5 0.57 0.70 0.75
mfccé 0.61 0.72 -
mfcc?7 0.57 0.68 0.75
mfcc8 0.55 0.67 0.74
mfcc9 0.54 0.67 0.73
mfcc10 0.54 0.65 0.73
mfccll 0.51 0.66 0.73
mfcc12 0.54 0.67 0.73

Mivakag 2: AKpiBela LELOVWUEVWY XAPAKTNPLOTIKWY KAl GUVOUACUWY TOUG

Apa, eival mpo@aveg OtL dev gival KATIOLO CUYKEKPLUEVO XAPAKTNPLOTIKO TO o7toio euBuveTal yla
TO UEYAAUTEPO TTOCOOTO TNG AKPIBELAG TOU MOVTEAOU AAAA 0 cUVEUATUOS TOUG.

6 Machine Learning Model

2T OUVEXELA AVAPEPETAL CUVOTTTIKA 1 AELTOUPYIA TWV HOVTEAWY TTOU XPNOLLOTTomOnKay yia
™V skmnaidsvon twv dedopgvwy (Ot oplopol eival olppwva Pe v otooshida g analytics vidhya
7) evw oTo TENOG mapatiBeTal £vag mivakag oTo omoio gaivovtat ot Stipopeg EBoSoL Kal oL akpi-
Beleg mou emiteLXONOAV.

6.1 Support Vector Machine - SVM

Ta SVMs avikouv otd LOVTEAA ETTRAETTIOMEVNG LABNOMG, KAl O OKOTTOG TOUG ELVAL 1) EUPEDT EVOG
YPAUULKOU UTTEPETITTIESOU (CUVOpPO amd@aaong) To ormoio Oa Slaxwpioel Ta dsdopéva. Y& AUTOV ToV
aAyoplOuo, oxedlaloupe KaBe Sedouevo we €va onueio o evav v-dlaotato Xwpo (6rmou v gival o
aplOUog TwV features) pe Tnv TN KABe feature va sivat n TR ¢ EKAOTOTE ouvteTayuevng. Emetra,
KatnyoplomoloUpe Bplokovtag éva urmepeninedo to ormoio dtaxwpidel TI¢ 2 KAAOELG KAAUTEPQ.

’https:/www.analyticsvidhya.com/
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6.2 Decision Trees

Ta 6£vépa amopaong 1 decision trees avrkouv ota LOVTEAA ETIBAETTOMEVNG LABNONG KAl Epap-
podovtal TOOO OE KATNYOPLIKA 000 Kal cuvexn 6edouéva. € autov Tov akyoplopo, xwpllovue ta
Selyuara oe 1o opoloyeveig urtoopadeg Baot{OEVOL OTO XAPAKTNPLOTIKO TToU Ta Staxwpilel Kalv-
Tepa KABe popa.

6.3 Multilayer Perceptron

‘Eva perceptron, ptopel va katavonOei wg oTidnrote SEXETAL TTOAAATTIALG EL0OSOUG Kal TTAPAYEL
pia €£060. O TpoMmog OUWG e ToV omoio cuoxetidetal n eilcodog tnv €€0d0 eupavilel evolapEpov.
Apxka og kKGBe elcodo npooTiBetal £va BApog, To 0moio onuaivel OUCLAOTIKA TO TTOCO onuacia va
500¢il ot KAOe pia evw otV ££060 £va KATWPALTENOC, TpoaTiBeTal Kal pia ToAwaoN 1 oroia mopet
va BewnBel wg To 000 gueAlag Tou perceptron.lia Adyoug anmodoong, XpPnoyortolouvTal TOAAA
perceptrons ot layers, Ta omola eivat mMANpwg cuvdedeuéva PeTagl Toug.

6.4 Naive Bayes

Eivat pia texvikn tafvéunong n onoia Baciletal oto Bswpnpa tou Bayesdpe tnv undBeom ave-
Eaptnoiag avaueoa otoug npoPAENTEG. Me armhd Adya, o ta&ivountng Naive Bayes, urtoBétel otin
UTTaPE&n VoG oUYKeEKPLUEVOU feature o€ pLa KAAON €ival ACUCKETIOTN UE TNV UTTAPEN OTTOLOUdYTTOTE
AaAAovu.

6.5 Random Forest

O Random Forest sival évag akyoplOuog tumou Bootstrap, pe 8évépa amogaong. Autd mou
moponaBel va kavel, sivat va @Tiagel dlapopa SEvopa e SlaPOPETIKA SelypaTa Kal SLAPOPETIKES
OPXIKES TIEG. EmavalapBavel Tnv dladikaoia Kat KAVEL hia TEALKN TIPOBAEYN Yia KABE tapatnpnon,
1 ortoia gival cuvapTNOT OAWV TWV TIPOBAEPEWV.

7 A&oAOYynomn HovTEAWV

Ma Vv a&loAoynon tTwv HoVTEAWY, SOKIUATTNKAY TTOAAOL TPOTOL Yia TIG Slapopeg LeBOdoug
Taglvounong LEXpL va Bpedei o BEATIOTOC. XToV Tivaka 3 paivovTtal EVOEIKTIKA Yl KArtoloug Tagl-
VOUNTEG OL TPOTTOL A§loAOYNONG TTOU SOKIACTNKAV KAl Ol AVTIOTOXEG aKpiBELEG TOUG.

Mé£60d0o¢ Tpomog a§loAdynong AkpiBela
KAwwakormoinon + tuxalio split 0.94

SUM KAtpakoroinon + k-fold cross validation 0.96 (best fold)
KAwwakormoinon + PCA + tuxaio split 0.92
KApakomoinon + PCA + k-fold cross validation | 0.93 (best fold)
KAwpakomoinon + k-fold cross validation 0.95 (best fold)

Random Forest KAlpakomoinon + PCA + k-fold cross validation | 0.94 (best fold)

Mivakag 3: Tpomot aflohdynong yia Siagopd HovVTEAA

Eival gpavepo ot n kaAutepn akpifela mou ertvyxavetal sivat 0.96 pe kAlpakomnoinon kat k-
fold cross validation. Zuvenwg, erAéxOnKav yia v TEAIKT UAOTTOINON EVW XPNOLLOTIONONKE yia
to k-fold cross validation, k=4.

8https:/en.wikipedia.org/wiki/Bayes%27_theorem
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8 Xuunepaocpata

MapatiBetal oTn CUVEXELA O TTiVAKAG OTOV OTT0I0 (paivovTal ol AKPIBELEG TWV LOVTEAWYV Yid TNV
Tagvounon.

Method Accuracy
SVM 96.06
Decision Tree 86.51
MultiLayer Perceptron | 90.34
Naive Bayes 70.25
Random Forest 95.49
SVM (PCA(10)) 90.02

Mivakag 4: Akpifela tavountwy

‘Onwcg paivetat, n Ka\utepeg pEBodol sival ta Support Vector Machines kat o aAyoptOpog Random
Forest pe 96% kat 95% akpifela avtiotolxa, evw Kovtd Bpioketal kat o akyoplBuog tou Multilayer
perceptron. MNMapaAAnAa, BAEmoupe OTL 0 XelPOTEPOG eival o Naive Bayes pe mepimov 70% akpi-
Bela.TENog, n epappoyn tou PCA sival gpavepod OTL HEIWOE ApPKETA TNV aKPIBEL TOU LOVTEAOU Kal
YlO QUTOV TOV AOYO GUVICTATAL LOVO OTNV TEPITTTWOT) TTOU UTTAPXEL KATTOLOG XPOVIKOG TIEPLOPLOUOG
KaBwg, AOYW NG HEIWONG TWV XAPAKINPLOTIKWY arto 27 oe 10, n vloroinon Ba ekteleital Lo

ypnyopa.
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