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Abstract

Music is a carrier of many and strong emotions. With the development of technology and
the Internet, access to a huge amount of music content is instantaneous from almost
anywhere. Despite the availability, choosing music based on the listener's emotion state is
quite a difficult task.

This work investigates the ability of well-known CNN architectures (VGG, AlexNet,
DenseNet, Inception, ResNeXt, SqueezeNet) to recognize musical emotion when data is
limited, with training sets of different distributions and not always balanced. We used
Deep Learning techniques such as Transfer Learning and Data Augmentation with
Generative Adversarial Networks (GANSs).

Using “classic” machine learning, handcrafted features of all audio samples were extracted
and classifiers were trained (SVM, K-NN, Random Forest, Extra Trees) in order to have a
reference point for the results.

Then, the samples were converted to Mel-spectrograms as inputs to CNNs which were
trained running two Transfer Learning scenarios and gave models that were tested in
emotion classification experiments. Finally, using StyleGAN2-ADA, we did data
augmentation and a new artificial set was created, and also tested in classification tasks.
As ground truth for the experiments, we used the 360-set of Eerola & Vuoskoski's research
fully labeled by music experts, which makes it a quite rare set. It consists of 360
soundtrack excerpts from 15" to 30" duration, classified into Energy (high, medium, low),
Valence (positive, neutral, negative), Tension (high, medium, low) and Emotions (anger,
fear, happy, sad, tender). As far as we know, this is the first work that carries out such
extensive experiments in this set.
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IlepiAnyn

H povown eival gopeag moAMmv kal 10xvpnv cuvaloOnuatwv. Me v avamtudn tng
TeXvoAoyiag kal Tov S1adikTvov 1) mpocPact oe TEPACTIOV OYKOV LOVOIKO TIEPIEXOUEVO
elvar apeon oxedov anmo omovdrnmote. [Hapdin tn Srabeopudtta, 1n emAoyn HOVOIKNG
Baoel ouvaleHNUATIKIG KATACGTAOTG TOV AKPOATH) Elval apKeTd SVOKOAN vVITOOEOT).

H mapovoa epyaoia Siepevva pEow texvikmv Badiag unyavikng uabnong my Kavotnta
yvwotov apyttektovikov CNNs (VGG, AlexNet, DenseNet, Inception, ResNeXt,
SqueezeNet) omnv avayvmpion HOLOIKOU ovvaloOnuatog oe ovvOnkeg eAlenyng
Sedouevmy, e 0T S1aPOPETIKNG TTPOEAEVOTG KA1 OX1 TTAVTOTE 100PPOTNUEVROV. O1 TEXVIKEG
7OV Ypnolpomolovvtal eivar 1 Metagopd Mabnong kat 1 emavénon Sedouevov peow
[Mapaywykov Aviayoviotikov Aiktowv (GANS).

I[Tptv amd autd Ouwg, HE KAAOIKI) UNYXAVIK) uabnomn mpaygpatosoleital eEaymyn
XEIPOTOINT®WY XAPAKTNPIOTIKOV OAWV TV NYNTIKOV Setypatov kat tallvounon e
yvwotovg tafivounteg (SVM, K-NN, Random Forest, Extra Trees) mpoxeuévov va
VITAPXEL ONUELD avVAPOPAC V1A TA CUYKEVTPWTIKA ATTOTEAECUATA.

'Etol, ta Seiypata petatpemoviar oe Mel-spectrograms ywa va yivouvv gicodot ota
ovvellkTiKA Siktva Ta omoia ekmaidevovtal pe dSvo oevapia Metagpopag Mabnong kat
Sivouv povteda mov Soxpadovial og mepapata tagivounong cvvaoOnuatwv. TeAog, e
xpnon tov StyleGAN2-ADA yivetal emavénon Sedopévov kal dnuovpyeital €va veo
TEXVNTO OET JTOVL KAl AVTO LE TN 0€1pA Tov dokipaletal oe Talvounoeis.

Ynueio ava@opdg TV TEPARATHOV elval To 360-set tng epevvag twv Eerola & Vuoskoski
TN PWG ETIKETOTOUUEVO AITTO E101KOVC OTOV TOUEA TNG LOVOTKNG, YEYOVOC IOV TO KAOoTd
APKETA OTAVIO. Afoteleital amtd 360 QIOCTACUATA KIVIUATOYPAPIKNG HOVOIKNG
Sapkelag 157-307, Swaywpopéva oe Energy (high, medium, low), Valence (positive,
neutral, negative), Tension (high, medium, low) kat Emotions (anger, fear, happy, sad,
tender). Antd 000 pmopovpe va yvwpilovge n mapovoda e€ival 1) TPAOTNH epyacia JTov
TPAYUATOTIOIEL TOOO EKTETAUEVA TIEIPAUATA OTO CUYKEKPIUEVO OET.

Agéeic — kAetbia: Metagopa_Mabnong, Emavénon_Aedouevav, StyleGAN2-ADA,

Yvvehdiktikd_Nevpwvika_Aiktva, Ta&ivounon_SvvaioOnuatog
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Evyaplotieg

H mtapooa AUTAwUATIKT) £pyaoia eival TO EMOTEYACUA TNG POITNONG nov oto AIIMX
«Teyxvnt Nonuoovvi» katd Tn Sidpkela g omoiag npba oe emagrn TOOO Ue TA
avtikeipeva tov IIpoypaupatog 0600 kot pe moAd eviagepovieg avlpwmoug,

A1Baokovteg Kat TuvadeApoug.

Evyapoto oAb 6Aovg Toug A8AoKovTEg Yid TO VYNAO eminedo TV SlaléEemv Toug
A 1raatepwg Toug Kabnynteg kk. I'ewpylo Bovpo, HAia MaykAoytavvn yia Tny Tiun

IOV pov ekavav va eivar ta MeAn tng E€etaotikng Emrtponrc.

O k. ®e00wpog IavvakomovAog, VIO TNV APOTN EMPAEYT TOVL OMOIOL EPYATTNKA,
datnpnoe €va avolKTO KAVaAl aueong emkowvwviag kaBoAn tn Sidpkela g
EKTTOVNONG NG AUTAWUATIKNG HEOA QIO TO O7oi0 emAvaue spofAnuaTa KAL...
Snuovpyovoaue veéa! Me tov Tpomo tov, PorBnoe va Sievplive TIG YVOOELG LoV KAt
KUPLOC VA YVWPIow evepynTIKA TNV epevvnTikn pebodoloyia. Ot evyaplotieg mpog 10

TPOOWITO TOV eV UTTOPOVV VA EKPPACTTOVV O AYEC YPAUUEC.

O1 amowerg mov ekppalovtal ed® , TA EVPTUATA KAl TA CUUMEPACUATA  €lval AUTA
TOV OULYYPAPENS Kal Sev ekppalovy Tig amowelg tov [Tavemotnuiov Ileipaiwg 1 Tov

Ivot. ITAnpogopikng kat TnAemkovoviov tov EKE®E «Anuokpitog».

-i-






Y1oug yoveig pov, Katepiva & I'epaoipo

-i-






IIlepreyoueva

MEPIEXOMENA....cctiiititircatetescstesescecescssssescscssessssssessssssesssssssssssssesssse 1
AIZTA EIKONQN/ LIST OF FIGURES. .....cccoctttttitcacacacacacesaceseceseseseseseseses 4
AIZTA MINAKQN/ LIST OF TABLES ....cccctttiiiitincrcncecscscecescasecescscesescncs 7
I = 20 L Y I 1 N o N 8
1.1 TIEPITPA®H TOY MPOBAHMATO ..cceeeuurreerearureeeeesennnreesessssneeeessssnseeessssnneeees 9

1.2 ZKEAETOZ AINAQMATIKHE EPTAZIAT ....ettiiiieitteeeeeieteeeeeneeeeseeenreeeesenanne 10
1.3 ZXETIKEE EPTATIET .o iitieeeeeieteeeeseiteeeeeeesrreeeeseareeessssasreeessssnnaeesessnnnens 11
1.3.1 Avayvwpion ouvaioOnuarog (360-Set) ......cccuueeeeeeeeeeeieeeeeeeeinne 11

1.3.2 AvayvwpIiOn OUVAIGONUATOC .....uuuurrereeeeeeeeeeeeeeersreeeeeeseeessssssnnnnns 11

1.3.3 MEeTAQOPA MAONGTIC cuveeeeeiiieeeeiiieieteeeeeeeeeeeeecerereeeee e e e s sssssanees 12

1.3.4 Emaivénon dedouévwV (UEOW GANS) ...ccoceeciirieeeeeeeeeeeececes 13

2 AIO TON HXO, ZTH MHXANIKH MAOHZH....cccccctttecercncecrcacecescacens 15
2.1 E=ZArQrH HXHTIKON XAPAKTHPIZTIKON ..cceeretrteereernrreeeeesrreeeeeessneeeessssneees 15
2.1.1 Karnyopiec NXNTIKWV XAPAKTNPIOTIKWV ....ceeeeevneeveeeeeeeeesssasessnnnns 16

2.1.2 XapaktnpIioTIKA XAUNAOU ETTITTEOOU .......ceeeeveeeeeeeeveervernenensnnnnnnnnns 16

2.2 MHXANIKH IMAOHIH ....oiieeeeietriieeeeeeeeeetnnneeeeeeeeeessnnneeeesessssssnnseeesesssssnnnnneens 17
2.2.1 Babia n «kAQaikn» Mnxavikng MGONGOT™; .....ccceecueveveeeeeeiiieeeceeans 19

3 ZYNEAIKTIKA NEYPQNIKA AIKTYA (ZNA)..ccceceiercrcecescrcecscscecessscens 21
3.1 HAPXITEKTONIKH TON ZNA...ciiiiiiiiiertteeeeereeeeeeeeneeeeeeesnreeeesssnneeeens 21
3.1.1 2uveliktiko emitredo (Convolutional Iayer)............eeeeeeeeeeeeecennnnes 21

3.1.2 Emimedo ouykévipwong n cuoowpeuong (Pooling Layer)........ 25

3.1.3 TAnpwg ouvdedeuévo etriredo (fully connected layer) ............. 26

3.1.4 Emiedo ATTOouponS (Dropout Layer)..........cccececeveeeeeeeeeeeeenne. 27

3.2 XYNAPTHZEIZ ENEPrOMoIHzHE (ACTIVATION FUNCTIONS, NONLINEARITIES) 28
3.2.1 2iyuoc€idn¢ n AoyioTikh ouvaprnon (sigmoid function)............... 29

3.2.2 Kavovikotroinuévn EKBeTIKN ouvaptnon (softmax function) ...... 30



3.2.3 2Zuvdprnon ummepPBoAikng eparrrouévng (hyperbolic tangent
FUNCEION, TANR) ..eevveeeeiiiiieeeiteeeeeeeee et e et e e e s aaraeeee e e e e eeses 31

3.2.4 Zuvaprnon diopbwuévne ypauuikns uovadac (Rectified Linear

UnNit FUNCEION, RELU)......uuueeeeiiiiiiieiiiiitieeeeteeeeeeeccceveeeee e e e e s e s sssaanees 32
3.2.5 Zuvdprnon diappéouvoac 610pOBwLEVNS YPAUUIKAS Hovadas
(LeaKy RELU, LRELU).......ccccoueeeeeeiiiiiieeeeiiieeeeeeciiveeeeeeeeeesessssssanenes 33
3.2.6 ZUVAPTNOT SWISH...uuueeiieiieeiiiieeeeecttitteeeee e e eeeeecaneeee e e e s e e s e 34
3.3 ZYNAPTHZEIZ KOZTOYZ (COST FUNCTIONS, LOSS FUNCTIONS)..ccceverreernnnnne 35
3.4 AATOPIOMOZ EKMAIAEYZHE TNA. . .oiiiiiiieieiieeesiieeeeireeeseeeessreeeseneessveeas 37
3.5 AAroPIOMOI BEATIZTOMOIHZHE (OPTIMIZING ALGORITHMS) ....eueveeereennnneee. 40
3.5.1 AAyopiBuoc kaBdédou kAiong (Gradient Descent Algorithm) ..... 40
3.5.2 TMaparAayéc Tou aAyopiBuou KABOOOU KAIONG.......eueeeeeeeereeannnne. 42
3.6 APXITEKTONIKEZ BAGION ZNA ....ouuiiiiiiiieiriieeeiteeereeeesireeeseeeeesaeesenneas 47
B.6.T AIBXINEL ...ttt eeeeert e e e e e eeseaas e e e e e eesssssnnnnnns 47
3.6.2 VGG16 (batch normalization) ...............eeeeeeeeeeeeccevvcnneeeeeeeeeeeeennn. 48
3.6.3 INCEPLION V3.t e s s s s s s s s e e e e as 49
3.6.4 ReSNeXt 101_32X8d.....ccccvuiiiriiuiiieiieieiiieeeeieeenieeesereesseee s 51
3.6.5 SQUEEZENETL 1.0 ...ttt nas 53
3.6.6 DENSEINEL 12T et e eeeervrr e e e e e e esassanes 54
NMAPATQIKA ANTAMQNIZTIKA AIKTYA (GANS) . cccctiriecercncecescncecens 56
4.1 BAZIKH IAEA KAI EKMAIAEYZH TON TTAA ..otiiieeeteeeteeeeeeeeee e 56
4.2 STYLEGANZ-ADA (SG2A) c.uueiiieiieeieeeeeciieeteeeeeeeeeessessssneeeeeeesaesssnnns 58
4.2.1 YTePTTPOTAPUOYE OTA TTAA...coeeeeeeeeeeeeeceeeeeeeeeeeeeeeeeeeeeens 58
4.2.2 MEOOBOG ADA ...ttt s e s e e e s e e e e s 59
MEIPAMATIKH AIAAIKAZIA ....cccetiiiriiiictcncacrcacasasaceseseseseseseseseseseses 61
5.1 TTPOEAEYZH KAI MPOEPTAZIA TON SET AEAOMENQN.....uuuvrrrreeeeeerresarrrnnnennee 61
5.2 TTPOEMEZEPTAZIA TON SET AEAOMENQON ..cecruvrerrrireernereessneeessseseessseessnnes 63
5.3 TAZINOMHzH ME BAGIA NEYPQNIKA AIKTYA KAl META®OPA MAGHZHE ....... 67
5.3.1 ETIOKOTTNGN TTEIDAUATUWV ......cceeeeeeeeeeereeereeeerreeesssssssssssnnnnnnnnnnnnnnnns 67
5.3.2 MEB0OOC ETTIAOYNC TTOOEKTTAIOEUMEVWVY [UIOVTEAWV ....eveeeevveenanen. 69
5.3.3 PuUBuion Kai ETIAOYN UTTEQTTAPRAUETOWV ...ceeeeneneerrrrrreeeeeesaeaeanns 70
5.3.4 MEeTPIKES EKTIUNONGS ATTOO0CNC TAEIVOUNTWV a.vvevvvvveveeneeennnnnnnnnnns 72



5.3.5 Merapopd Mabnong (Transfer Learning) .............eeeeeeeeeeeecennnnns 74

5.4 TIEIPAMA A .ottt eeeeettteeeeeeeeeeatasaeeeeeeeesssssannssessssssssnnnnseeesssssnes 76
5.4.1 Merapopd Mabnong e 10 AIEXNEL..............veeveeeeeeieeeeeeeeecnans 77
5.4.2 Merapopd Mabnong e 10 ReSNEXt...........ueeveeeeeeiiiiieeeieiinnnns 81
5.4.3 Merapopd MaBnong e TO VGGi........ueeeeieeeceeeeeieeieeeeeeecreeeeenns 84
5.4.4 Merapopd Mabnong e 10 SQUeezeNet ...........uueeeeeeeeeeeeeeiennnnns 88
5.4.5 Merapopd Mabnong ue 10 DenseNet .............uueeeeeeeeeeiiieeeeceecnnns 91
5.4.6 Merapopd Mabnong e 10 INCEPLION...........ueueeeeeeeeeeiiieeeeeeinnnans 94
5.4.7 2UYKEVTPWTIKA ATTOTEAEOUATA TTEIPAUATOC A ..ceeeevevivererererneenenns 99

5.5 TIEIPAMA B ...ttt ettt e e s s e e s s ane e e s e 101
5.5.1 AmoreAéouara MNeIpAUATOC B......cooeeeeeiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeeees 101

5.6 TTEIPAMA [ oottt e eeeeetteeeeeeeeeerrsa e eeeeeesasssneeeeeesssssssnnnseeessssnnns 105
5.6.1 Merapopd uabnong ue 1o StyleGANZ2-ADA..........oeeeeeeeeeeennnns 105
5.6.2 Taivounon Twv TEXVNTWY QACUATOYPAPNUATWY ..cceveeeeeennnnnnne 110

5.7 ZYNOWH KAI ZYTKENTPQTIKA AMTOTEAEIMATA ....uvveerureeeninreeennreessnneessnnns 113
5.7.1 ZUUTTEDACQT . ...uuueeeeeeeeeeeeeeeeeeeeeeeeeeeeeaeeeaeeeeeeeeeeseeseeseesesesssssenes 116

BIBAIOTPADIA .....ccoiiiiiiiiinincetecatecetetecesesesesesessssssssssssssssssssssssssssses 121



Alota Ewovwv/ List of
Figures

EikOva 1: ATTO TO GO, OTO CEPSIIUM ..ottt sttt sttt be s ebeseebe s 17
Eikéva 2: Short-term windowing kai e§aywyr XapaktnpioTikwy pe Tnv pyAudioAnalysis [27].....17
EIKOVa 3: AIGYPOUHA VENN TNG TN Lottt ettt sre st ste e st et sae st essesesaenean 18
Eikéva 4: XaunAou, péoou, uynAou eTTITTESOU XOPAKTNPIOTIKA aTn BaBid Maénon..........cc.eee.e... 19
EIKOVA 5: TEVIKA APXITEKTOVIKI) ZNA ... .ooiiiiiciieiereees ettt re st te e te e s ae st e tesae st e sesesenean 22
Eikdva 6: ATTOTEAEGUO GUVENIENG E PIATPO AVAYVWPIONG OKHWIV ..oveveevreveereereseeseessesseseessessessessenes 22
EIKOVA 7: H TTPAEN TNG GUVEAIENG ..vvetieiietieeite ettt ettt eta e rastesbestestesbesae st e besaestenbessesaensan 23
Eikéva 8: MLP pe éva Kpu@o (TTARPWG GUVOEDEUEVO) ETTITTEDOD .. .cveveriieririeeerieiesieieeieeeeeseeeeseeeesaenens 26
Eikéva 9: Texvikr TNG ATTOCUPONG KOUPBWV-VEUPUIVIIV ...vevrenrereneerenierereeressesesseessesessensesessesessesessesens 27
EIKOVA 10: H OIYHOEIOAG CUVAPTIOT «evitiiitiitiienieseeee e ste sttt et eateaeesesaesbesbesaesbesbesaesbesbeseeseesenseneenean 29
EIKOVa 11: H GUVAPTAON SOMAX ..cuviceiiiececeeeeee ettt s s 30
EIKOVA 12: H GUVAPRTNON 8NN ...ttt sttt st be e nean 31
EIKOVA 13: H GUVAPTNGN RELU ..ottt sttt sae s 32
Eikéva 14: H ouvdpTnon LeaKy RELU ..ottt seene 33
Eikéva 15: H ouvdpTnon swish yia SIGQOPEG TIHEG TNG Bruerreirierirreriererieierieiesieesieestesesteseeieseereseenens 35
Eikéva 16: ZXnuaTikr) avammapdoTach eKTTAIOEUONG EVOG TNA ..o 37
(1170010 St IR (o (T Yo To Tl ;X (o 1 o b SRRSSSROR 41
Eikdva 18: 10aVIKOG PUBUOG EKTTAIDEUGNG ...vivireierieieieieseeteietesseseeseesessessessessessessessessessessessessessenses 42
Eikéva 19: Emitrrwon g opurg otn ZTOXAOTIKA KABOOO KAIGNG ....ecvvevvreveeieeseveceese e 43
EIKOVO 200 AIEXNEL ...ttt s st r et n e ene e 47
Eikéva 21: VGG16_bn, étrou petd atmd kdBe Conv akoAouBei BatchNorm............cccevevvecveiennnne. 48
Eikéva 22: To TpwToTUTTO inception module, Tou Inceplion-v1 ... 49
Eikdva 23: Inception-v3 modules A,B,C........oieeeeeeeteteee ettt s 50
Eikova 24: H apXITEKTOVIKA TOU INCEPLION-V3 .......coviiiieeceeeee et 51
Eikéva 25: Residual bottleneck (ResNet) (ap), ResNeXt block (B€) ......coovvererinineneneniniereienes 51
Eikova 26: APXITEKTOVIK-] RESNEXE-T0T ..ottt 53
Eikéva 27: Fire module ToU SIKTUOU SQUEEZENET.........c.cooueiiiiiriiiiecee e 53
Eikéva 28: H apXITEKTOVIKN TOU SQUEEZENET 1.0.....c.oiiiiiiiriiirieeee e 54

Eikéva 29: Dense block (A), conv block (B), transition layer (C), 6Aa douikd oToIXEia TOU

DIENSENEBL ... ettt e et e e et e e e ettt e e eab e e s eaaeeesteeessabeesaaaeeesbeeessaeesaraeeessraeesnns 55

Eikéva 30: H apXITEKTOVIKN TOU DeNSENet 121 ...t 55

Eikéva 31: ZuvoTrTikA artreikévion ekmraideuang AieukpivioTn (ap), MevviTopa (8¢€) evog MAA ....57

Eikéva 32: Aidypappa ektraideuong NAA o€ o€t dla@opwv peyebwyv, ouvaptioel FID. .............. 58

_4_



Eikéva 33: Aiaypappa porg TG ADA kai 8€€1a n TOavoTNTA ETTAUENTNG (P).evvervevereereeerrerreereens 59

EIKOVA 34: MEBODOG ADA ... ..ottt te ettt sttt st e st et e s e s esbesse st esaesseseessesaaseeseasenss 60
Eikéva 35: BabuoAoyia rou pouaikou armoarmrdouaro¢ No 153 aro meipaua twv Eerola &
VUOSKOSKI ...ttt ettt et 63
Eikéva 36: @aouaroypd@nua KAUAKAG MEI............cecvivvinieinieinieinietseesie et saenes 64
Eikéva 37: Merarporr) oe Mel-spectrogram uéow 1ng BIBAIOBAKNS librosa ...........cceevevevevenvannnne. 64
Eikéva 38: Tuxaiog d1axwpioudc tou O€T O¢ train=0.8, val=0.2.........c.cccccoevesveevesveesiescresesiresennens 66
Eikéva 39: 20vown épywv Taéivounonc yia 1o 360-set, e UETAPOPE UAONTNS ....cveeveeveevenrerrarnne. 68
Eikéva 40: 20vown épywyv Taéivounong yia 1o big-set, ue HeTa@opd UABNONGC . ......ccoveceeevceneneenne. 68
Eikéva 41: Kardraén mpoekmaideupévwy povréAwy tou torchvision kard ra top-1 & top-5 error
FALEES ...ttt a ettt et sre s 70
Eikéva 42: To learning rate finder edw mporteivel puBud ekmaideuons 6.58E-01..........cccevveeeuenne. 71
Eikbva 43: Suvaptnon RedUCELRONPIAIEAU............ccccveeeieieieieesieeee et 72
Eikéva 44: MNapddeiypa TTivaka olyxuong TpIwV KAAoewv o€ G€T 150 BEIVUATWV ....covveevnvnrnnenee. 73
Eikéva 45: lNivakag olyxuong yia 1o Energy o1o 360-set, AIeXNet .............coovvvivvcinecnccneenne, 79
Eikéva 46: lNivakag ouyxuong yia 1o Valence o1o 360-set, AlexXNet ............ccccoovevvcinecnecnecenene, 79
Eikéva 47: lNivakag olyxuong yia 1o Tension ato 360-set, AlexNet (freeze)...........ccccveeveennnne. 80
Eikéva 48: lNivakag olyxuong yia 1o Emotions oto 360-set, AlexNet (freeze) .............cccvueuenne. 80
Eixova 49: lNivakeg ouyxuong yia Energy & Valence, big-set, AlexNet..............ccveeeveevecvncvnvennnne. 81
Eixéva 50: lNivakeg ouyxuonc yia Energy & Valence, 360-set, ResNeXt-101_32x8d.................. 83
Eikéva 51: lNivakeg ouyxuong yia Tension & Emotions, 360-set, ResNeXt-101_32x8d .............. 84
Eikéva 52: lNivakeg ouyxuonc yia Energy & Valence, big-set, ResNeXt-101_32x8d.................... 84
Eikéva 53: lNivakeg ouyxuong yia Energy & Valence, 360-set, VGG16_bn ..........cccoveevvecvneenne. 86
Eikéva 54: lNivake¢ ouyxuong yia Tension & Emotions, 360-set, VGG16_bn...........ccccccevveveeuenne. 87
Eikéva 55: livakes ouyxuang yia Energy & Valence, big-set, VGG16_bnN..........ccccvecenevncennnne. 87
Eikéva 56: livakes ouyxuong yia Energy & Valence, 360-set, SqueezeNet 1.0 (whole) ............ 90
Eixéva 57: lNivake¢ ouyxuong yia Tension & Emotions, 360-set, SqueezeNet 1.0....................... 90
Eikéva 58: livakes ouyxuong yia Energy & Valence, big-set, SqueezeNet 1.0(whole)............... 91
Eikéva 59: lNivakes ouyxuong yia Energy & Valence, 360-set, DenseNet-121(freeze)................ 93
Eikéva 60: lNivakes ouyxuong yia Tension & Emotions, 360-set, DenseNet-121(whole,)............. 94
Eikéva 61: livakes ouyxuong yia Energy & Valence, big-set, DenseNet-121(whole).................. 94
Eikéva 62: lNivakeg ouyxuong yia Energy & Valence, 360-set, Inception v3 (freeze) ................... 98
Eikéva 63: lNivakeg ouyxuaong yia Tension & Emotions, 360-set, Inception v3 (whole)................ 98
Eikéva 64: lNivakeg ouyxuong yia Energy & Valence, big-set, Inception v3 (whole)..................... 99
Eikéva 65: O1 mrivakeg olyxuong Twv KaAuTepwyv hovtéAwv (VGG16_bn-energy kai AlexNet-
valence) TOU TTEIPAUATOG Bo......oviiieee ettt et se e seeneas 104
Eikéva 66: MNpayUaTIKA POCUATOYPAPIHOTO ...cveeerereerireerereererierestesesiesessenessesessesessessesessesessenesseneesens 108
Eikéva 67: EIKOvEG aTTO TO TTPOEKTTAIOEUMEVO (fAKES) ..uvviieiiieiicieiciee e 109



Eikéva 68: Texvntd @acuartoypa@ripara Yetd amoé 4 snapshots, 1 snap=10kimgs ....................

Eikéva 69: MNivakag ouyxuong, Emotions, Meipapa I, SqueezeNet(whole)



Atlota IIwakwv/ List of
Tables

MMivakag 1: Inception-v3, pe 1a Inception modules A,B,C ..o 50
MMivakag 2: Aiaxwpiouos 360-set, O€ train, val, TSt OET ...ttt 66
lMivakag 3: Aiaxwpiouos big-set O€ train, val, LSt OET ...t 66
Mivakag 4: AmroreAéauara taéivéunong yia 1o AlexNet aT0 360-SEt........ocvvvveveevecieeieieeeeeeeen 78
Mivakag 5: AmroreAéauara 1aéivéunong yia 10 AlexiNet GTO Dig-SEt .........ccvveveveveceieieieeeeeeenne 78
Mivakag 6: AmmoreAéouara raéivéunong yia 10 ResNext GT0 360-S€f...........cceveveecveceeeeeeieeeeeennnn, 82
Mivakag 7: AtroteAéapaTta Tagivounong yia To ResNext o1o big-set........coocvevvevveicicciciceeeee, 82
MMivakag 8: AtroteAéopata Tagivopnong yia TO VGG 0TO 360-SEt.....cccvvieerieiieirieirieecieeeneeiees 86
Mivakag 9: AtroteAéopata Tagivopnong yia To VGG 070 big-Set ......ccevveeveincivecececeees 86
Mivakag 10: AtroteAéopaTa Tagivopnong yia 1o SqueezeNet 010 360-Set.......ccvecvvvevrierieeneeienns 89
Mivakag 11: AmmoteAéoparta Tagivopnong yia 1o SqueezeNet 010 big-set ..., 89
Mivakag 12: AmmoteAéopata Tagivopnong yia 1o DenseNet 010 360-set ..., 92
Mivakag 13: AmmoteAéoparta Tagivopnong yia 1o DenseNet 010 big-set .......cooeveeiecenvceeeene, 93
Mivakag 14: AtroteAéopata Tagivopnong yia 1o Inception 070 360-Set........cccveereericenieiencnnienn, 96
Mivakag 15: AtroteAéopata Tagivopnong yia 1o Inception 070 big-set........cccvevevnininncnnen, 97
Mivakag 16: ZuykevTpwTIKA atroTeAéopaTa MelpduaTog A 0T0 360-SEt.....ovvvvvieieeieeeeee, 100
Mivakag 17: ZuyKevTpwTIKA atroTeAéopaTa MepduaTog A 61O big-set.....covvvveverieieeeee, 101

Mivakag 18: AmroteAéopata Tagivopunong, eipaua B, val-test 1o 360-set, TrpoekTTaideucn aTo

o]0 ST ST 103
Mivakag 19: Ta 5 e€aipeTik& PIKPOU PEYEBOUG OET KTTAIdEUONG WG £i0000I GTO

TIPOEKTTAIOEUPEVO SEYIEGANZ-ADAL. ..ottt et 106
Mivakag 20: MNeipapa I, 10 SlIAPOPPWUEVO GET yIa TNV TAgIvounon Tou Emotions...................... 110
Mivakag 21: Tagivéunon Emotions o1o StyleGAN2-ADA set, Meipaua M..vveeviecieieeeeeeeee, 111

Mivakag 23: Ep@avion Twv KaAUTepwY atroTeAeauaTWY (f1-score) Twv TTEIPAPATWY TNG

EPYATIAG, TA XPWHATA AVTIGTOIXOUV GTA GET QOKIHUIV. evrvrrrerrereerrereeeseesesessessessesseseesessessenns 114



1 Ewoaywyrn

H mapovoa epyacia ypnouomoiel texvikeg Pabiag unyavikng padnong
JIPOKEIUEVOL VA AVAYVWPIOEL TO UOVLOIKO ovvaicOnua kat va ta&vouroet
AVAAOY®WG TA HOVOKA QITOCTIACUATA JIOV JIEPIEXOVTAL O SVO CET NYNTIK®V
Sedouevwv. To eva oet TepAAUPAVEL 17000 AITOOTACHATA TPAYOLSI®V TTOTT-POK
XWPIOUEVA 08 KAAOEIS XAPAKTNPIOTIKGV OMwg Ta Taivounoe to API tov Spotify
Kal To ovoudoape “big-set”. To AAAO O£T OV €ival KAl TO ONUEID AVAPOPAG TNG
epyaoiag pag kabwg eival eTIKETOMOUUEVO A0 €181KOVG TOV XWPOU TNG LOVOTKTG
OTA TTAQIO1A PEYAANG WPUYXOAOYIKNG - UOVOIKOAOYIKNG €pevvag Twv Eerola &
Vuoskoski. ITepiaaufdavel 360 amoomAoHATA KIVIUATOYPAPIKNG HOVOIKNG
XWPIOUEVA 0€ XAPAKTNPIOTIKA TPIOV KAL TEVTE KAATEWV KAl TO OVOUATAUE “360-
set”. Kavaue e€aywyr) «XEPOTOINTOV» YAPAKTNPIOTIKOV A0 TA NYNTIKA TOVG
OTUATA KAl TA Ta&vounoape pe kAaowkolLg talivounteg omwg SVM, Knn,
Random Forest, Extra Trees. X1n ovveyela petatpepape OAa Ta detyuata Kat twv
dvo oet oe paopatoypagnuata g kAipakag Mel tpokeipuévov va yivovv eicodot
ota Pabiad ovvediktikad Siktva twv Sokipuwv. 'E& apyrtektovikeg (AlexNet,
VGG16_bn, Inception v3, DenseNet121, SqueezeNet 1.0, ResNeXt101-32x8d) pe
woapiBua mpoekmaidevueva oto ImageNet povieAa ypnolpomomOnkav otov 1°
KUKAO TTEIPAUATOV Yl TaEvounoelg peow dvo oevapinv Metagopag Madnong:
OTO 1° OEVAPI0 «TTAYQVOLUE» TA BApN TwV emMIESwV TOv SIKTUOL TIANV TOU
eNMUTESOL TOL TAEIVOUNTI) KAl OTO 2° GEVAPIO YIVETAL UIKPO-pLOUIOT TOv S1KTVOV
KAl AQVaVE®OT] TOV Bap®V OAwV TV EMITESWV TOL.

AxolovBel 205 KUKAOC TIEIPAUATOV OOV Tpoektadetiovpe Sk Hag HOVTEAQ
mavew oto  “big-set” kAl TPAYUATONOOVHE EMAVOANTTIKEG SOKINAOIEG
ta&vounong pe tig idieg apyrtektovikeg. Teog, oto 3° meipaua Snuiovpyovue
texyvnta Sedopéva mpog emavénon Ttouv “360-set’ue ypnon Iapaywyikmv
AvTayovioTikov AIKTOwV Kal ovykekpiueva tov StyleGAN2-ADA. Ao to veo oeT
IOV TIPOKVIITEL TTPOEKITAOEVOVE €K VEOU HOVTEAA KAl TA SOKIUALOVUE OE OEIPA
Ta§vounoewv twv cuvaloOnuatwv. Tnv amodoon oAV T®V TAPATAV® KUKAWV
MEPAUATOV TNV  QTOTIHOVUE He TO macro-avg-fi-score mov &dwoav ot

ta§vounoelg mavw oto test-set Tov oeT avagpopdag.
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1.1 ITeprypa@r) Tov sipoAnuartog

YTg uEpeg pag n mpoofacn oe HOLOIKO meplexouevo  Aladiktvakd eival
e€alpeTika eVKOAN. Estiong, o 0YkKog Tov mepleXolevou avtov aviavetal ekfetika
Kat elval apeoca Stabeoipog oe 0Aovg. Aldpopeg vnpeoieg S1abeong YPnelakng
uovokng (rty Spotify, Apple Music, k.a) eival S1a0e01ueg 0TOLG LITOAOYIOTEG LAG,
OTA KIVTA TNAEPOVA, OTA «EELTTVA» NXELA KA1 AAAOV. QOTOC0, 000 KAl AV 1) PO
NG HOVOIKNG €lval  OUVEYNG, TTOMEC Popeg Oev TAPLACEL e TNV TpEYOLoA
oLVVAIOONUATIKT]  KATAOTAOT] TOU QKPOATH. X TETOEC TMEPUITWOEIS T
AVATTAPAY®YT KATTO10¢ TTPoTevopevng Alotag Baoel povoiko eibovg Sev eivai n
KAAUTEPT €AOYT KAO®E 01 S1AKVUAVOELS T®V TTPOKAAOVUEVHOV oLUVAITONUAT®Y
OV AAUPAVEL 0 AKPOATNC WITOPEL VA ElvAL TTOAD HEYAAEG AKOUA KAT OTA KOUUATIA
Tov 1810V €idovg N kal Tov 18tov ovvBet. To Baoko mPOPANUA, TPV AkOpA
(PTAOOVUE VA HIAAQLE Y1 aAyop1lOuovg, elval 0Tl Ta ouvalodniuata Tapovolalovv
pueyaAn SuokoAla otnv KATATAEN TOUG AOY® EAAEWPNG OIKOUUEVIK®V OPLOUDV
toug. Ev8ewktikd, oe pia épevva touvg o1 Paul & Anne Kleinginna [1] a§loAdynoav
TTAV® AIT0 100 OPLOLOVE TOL CLVAICONUATOC KAl EV® LI PYAV KAAOL 1) AtyOTEPO
KaAOl 0p1opol, 0To TEAOG 1) 0pBOTNTA TOVg BEV PITOPOVOoE va AmodetyTel.

AvTr) Aoutdv 1 «ouvaoOnuatikn ovyyvon» [2] [3] [4] tov emkpatel o Siapopeg
EmoTtnueg etvarl avapevopevo va petagpepbel kar otn Mnyavikn Mabnon. I'a
mapaderypa, n eEaywyr) XEPOMOINTOV XOPAKTNPIOTIKGOV ATIO NN TIKA OT|LLATA KA
1 00N yNoN avt®wv og evav KAAokoO taivountn m.x. SVM pmopel va moet oAl
KOAQ QUTOTEAECATA OTOV YEVIKO S1aX®wPlopd LovoIK®V e18®V (71.x. T¢ad, KAAOo1KN
LLOVOTKT), POK, PEUTIETIKO, K.Al.). AeV eivanl kaBoAov oiyovpo 01t Ba emitiyet e€ioov
av Tov dnnoel va Bpet Ta avtioTorya YapoUUeva, AVTNUEVA, TPLPEPA, BLHOUEVA
KATT koppamia aso ta idia Setypata. arti; Aot amovolddel To 6HWoTA OPIOUEVO,
1] AA®G, TO KOVKE ammodektd onueio avagopag (ground truth).
SVUYKEKPIUEVOTIOIOVTAG TOV TTAPATIAV® YEVIKO TTPOPANUATIONO, OXETIKA UE TNV
avayvoplon  ovvaodnuatog, oto  mAQiclo NG  mapovoag  epyaciag
Snuovpynoape povreda Babag Mnyavikrg Mabnong, SoKiuaoaue TeXVIKEG Kal
Ta ovykpivaue £xovtag wg ground truth &va pikpo oet poAg 360 dSerypatwv
KIVIuatoypa@ikng povotkng. H 1i8tatepomta tov onueiov avag@opdg pag eival

OTL €lval TTANPWE ETIKETOMONUEVO KAl TAEIVOUNUEVO O€ HOVOIKA ouvalodnuata,



OTIWG AVTA AVAYVOPIoTNKAV a0 e181koVg 0ToV TopEa TG Movokng ota mAaiota

nelpapatov Puyoloyikng - Movoikoloykng peAetng twv Eerola & Vuoskoski [5].

1.2 YkeAeto¢ Autawuatikng Epyaoctag
Kepalaio 1: Eloaywyr, meptypa@n Tov mpoPAnuatog kal mapabeon oxeTik®v

EPYAOIOV.

Kepalaio 2: Tlapovoladetal o facik0g OKEAETOG TV ZVUVEAKTIK@V NEVPOVIKGWV
AIKTOWV, 01 GUVAPTIOEIS EVEPYOTOINONG KAl 01 oUVAPTNOES KOoTovg. Esiong
TAPOLOIAdOVTAL APKETOL CAYOP1IOUOl PEATIOTONOINONG KAl UEAETOVTIAL Ol

apXITEKTOVIKEG TV TNA 0V XPNOUOTOONKAV 0TA TEPALATA TNE EPYATiaAC.

Kepaiaio 3: Ewoaywyn ota [Mapaywywkd Avraywviotika Aiktva (GANs) kat
AvVATITUEN TN APYITEKTOVIKNG TOL StyleGAN2-ADA, pe To 071010 £Y1Vve 1) €TAVENON

dedopevwv oto Ieipapa I'.

Kepalaio 4: Tleprypagetar oAn n Swadikaoia twv Ilepapatwv A, B, T, X
EEXIVOVTAG A0 TNV JIPOEAELOT] KAl TPOEMEEEPYAOIA TwV 0T SeSopevwv,
PLOUION TOV VIEPTAPAUETPWV KAL TNV ETAOYT UETPIK®OV EKTIUNONC amodoong.
Yt ovvéxeld avoAvovtal Ta oevapla g Metagopag MaOnong mov
XPNOWOTOMONKAV KAl TA OUYKEVIPOTIKA QTOTEAEOUATA AVA  KUKAO
[Melpapatwv. TElog, yiverat oUVOPn TV ATOTEAECUATOV KAl E€EAYWYT

OLUTTEPATUATMV.
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1.3 Xyeukeg Epyaoieg

1.3.1 Avayvepilon cvvaioOnuartog (360-set)

Yt peAetn [6] xpnowomomOnke wg ground truth to 2° pikpotepo oet g
ueAetng twv Eerola & Vuoskoski sov mepieyel poAlg 110 Setypata kat amoteAet
UEPOC TOU 360-0eT. AVOADOVTIAG TA NYNTIKA ONuUata, &kavav efaywyn
XOPAKTNPOTIKGV kAl pe SVM ta ta&ivopnoav. Anmd ta amoteAéopata, Hetagl
AV, emPefaimoav Ta EVPTUATA TOV PULXOAOYIKOV TEIPAUATOV ONWS Yld
apaderypa tnv vYnAn emkaivyn petald Twv ovvaloOnuatwyv anger-fear.

Y1n peAetn [7] pe onueio ava@opdg mAAl To 360-0€T ETLYEIPOVV TV EEAYWYT)
LOVTEAOV ATIO €vA VEVPWVIKO 0TO OTUVA TNG VGG apYITEKTOVIKTIG TTOV VA UTTOPEL val
S1kalohoynoel HovoKA TIg TPOPALWEIS TOV HEoC® TV Aeyopevwv mid-level
perceptual features. Ta yapakmploTkd avtd Onwg elvar 1 pLOUKN
JTOAVTTAOKOTNTA 1) O APUOVIKOG Yapaktnpag (peilwv-xapoltuevo, eAAoowv-
AUTINUEVO)  E€XOUV HOVOTKO VONUA KAl UWITOPOUV VA EVIOMIOTOVV A0 AKPOATES
XWPIG LOVOTKEG YVWOELC.

H peAet [8] eivan ) teAevtaia mov evIomioaue va XpnolUosmolel to 360-0€T.
Ye autr tapovotladetal pia vea ueBodog avayvamplong Hovoikoy cuvalodnuatog
mov eumAékel ta chroma-spectrograms pe Tig apyltektovikeg twv VGG16,
AlexNet.

1.3.2 Avayvepilon cvvaioOnuartog

Y10 1fAio Music Emotion Recognition [9] peta& dAAwv avagpepetal kat pia
neBodog 670V e0TIAEL TO EVOIAPEPOV TNG OTNV TTPOCWITOTOINUEVT] AVAYVOPLOT)
povokov ovvawoHnuatog. AnAadn, avii va povteAomolel v - omowa
AVTIKEWUEVIKOTNTA, {NTAEL QIO TOV XPNOTN VA ETIKETOMOWOel (Ueow user
interface) puepog g HOVOKIIG CLAAOYTG TOV WOTE 0 aAyopiBuog (regression) va
exmadevTel 0NV TTPOCWITIKT) GLUAAOYT) TOV.

Y10 meipapa g peAetng [10] o1 eBerovteg kabag akovyav 16 Tpayovdia Tov
elyav emAefel amd ovykekpluevn Paon tpayovdiwv vmofdllovtav oe
eykeparoypapnua. MoAg tedeiwvav, akovyav &ava ta tpayovdia Kol Ta
ETIKETOTO0VOAV BACEL TOL S1A0TATIKOV povieAov ovvaloOnuatwv. Ta dedopeva

uadli pHe aUTA TOV EYKEPAAOYPAPNUATOS Yivoviav €l0o801 o€ ZUVeAMKTIKO
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Nevpwviko Aiktvo (ENA) Tou 071010V 1) IKAVOTNTA OTNV AVAYVOPLOT| LOVOTKOU
ouvvatoOnuartog (Valence & Arousal) petpnOnke ovykpivopevo pe ta&ivountn
KAQOTIKI G UNYAVIKNG pabnong, évav SVM, Tov 071oio vmepKEPAoE.

> peAétn [11] epevviOnkav tavtoxpova Vo TPOoPANUATA: TNG OUOIOTNTAG
KATTOI®WV HOVOIK®MV EPYWV HE €VA OCUYKEKPIUEVO KAl TNG TAEIVOUNOTG LOVOTKOU
ovvaloOnuatog. H avayvopion ovvaioOnuatog av kat mpofAnua  solMmv
KAdoewv, edw, amodoundnke oe mpofAnua toAaTA®v Svadik®v Taglvounoewv
IOV AVTILETOIIOTNKE pe SVM ta&ivountr) ekmaidevuevo amod Ta XEPOToinTa
xapaxtnpotika (handcrafted features) mov eiyav mponyovuévmg e€aybet amo ta

nYNTKa detypata.

Y  peAetn  [12] vy TV avayvoplon  HOuolKoU  ouvaloBrnuatog
xpnoposo|fnke ENA pe £10080 TA GACUATOYPAPT|LATA TOV TTPOC TAEIVOUNOT
HOVOIK®V QITOCTTACUATWV JT0L eiyav e§ayBel mponyovuevmg e apKeTd KaAd

amoteAeopaTa ota S0 0T IOV SOKIUACTNKE.

Yt peAetn [13] oe &va 0eT 1000 TPAYOUSIOV, ETIKETOMOMUEVWV HE TA
Xapaktnpotikad  tov XB&vog (Valence) xar tng Awyepong (Arousal),
npayuatomomOnkav tafivounoelg pe XENA mov eixe g €lcodo  Ta

(PACLATOYPAPTLATA TWV TPAYOUSIGOV.

1.3.3 Metapopa Madnong

Yt ueAetn [14], ypnowomoeital mpoekmaidevueévo oto ImageNet [15]
povtedo INA mpokeluévov va dokipaotel oe Ta§lvounon HOvoIkng. Av Kal TO
ImageNet eival «EEvo» 0ET WG TTIPOC TA PACUATOYPAPTILATA TOV TPAYOUSIQOV, 1)
peAetn £6e1&e ot n Metagopd Mabnong Aettovpyel o€ autr| TV TEePITTOOT.

¥t peAétn [16] mpotdBnke eva TPOEKTASEVUEVO YAPAKTNPLOTIKO €VOg
ovvellkTikoU Siktbov (pre-trained convnet feature) Omwg ovopdotnke.
[Ipokertal ywa &va ovvovaoTIKO Jl1AVUOUA  XAPAKTNPIOTIK®V Q0  TIG
EVEPYOTTONOEIS TV XAPTWV XapaktnploTik®v (feature maps) twv moAamAmv
emutedwv  evog  ekmaldeVUEVOL  OUVEAIKTIKOU KAl  XPNOUOTIOEITAl ™G
TIPOEKTAOEVIEVO HOVTIEAO Yl Sokiueg tafivounong (Stayxmplopov Adyov-
LOVOIKNC, TPOPAEYT) HOLOTKOU ouvalodnuatog, Siaywplopod eidoug HOVOIKNC) 1)
TTAAVOPOUNONG O AAAA TTAPOUOLA OET.
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Y1 peAén [17] avaivovial poekmaidevpeva HOVTIEAA TTOV XPTOUOTTOI0VVTAL
Yla TNV avayvepion Xepoypa@wv aA@afntwv Devanagari pe xpron petapopag
uadnong amo INA kot ovykekplueva twv AlexNet, DenseNet, VGG, Inception
omov ypnowomomfnkav wg e€aywyeig xapakmpotikev (feature extractors).
AnoSotikotepo (0e accuracy) eupgaviotnke 1o Inception v3 pe to AlexNet
exmadeveTal ypnyopotepa Kat pe 1% XaunAoTepo accuracy.

> peAetn [18] n petagopd pabnong ypnoomomOnke yia v taivounon
ovvalodnuatog peoa amd @wToypaPieg avipwnwv mov efaxdnkav amo
Kivnpatoypagikeg tawvieg. XpnopomomOnkav povieAda Babwv ovveAlkTik®v

OkTOWV mpoekmaidevuévwv oto ImageNet pe tnv texvikn tov fine-tuning.

2 peAETn [19] TPOKEEVOL VA AVAYVMPIOTOVV AVTIKEIUEVA TIOV TTEPVOVV
Amd TOV €AEYXO0 QUIOOKELGOV Ue aktiveg X, xpnowosmomonke XINA
TPOEKTTAIOEVIUEVO OE LEYANO KA YEVIKOTEPO OLT EIKOVWV MG AVTIoTADoua NG
eEMewng SebSopévov (eikdOvov peoa amd axtiveg X). To amotéleoua Tng
petagopag pabnong nrav va avayvwpiletal €va moTOAl 08 QITOOKELT) UE

opBotnta 98,92%.

1.3.4 Exavfnon 8eSopeévov (ueéowmw GANS)

Y peAetn [20] avtipetwmiotke to mpoPAnua EMewyng dedoucvwv, oe
TPOPANUA avayvmplong ovvalodnuatog oe opdia, pe t xpnon Iapaywyikov
Avtayoviotikov  Awktowv  (GANs). ITio  ovykekpyuéva, PeAtiwoav pa
apyttektovikn conditional GAN wote va TapAyel GACUATOYPAPTILATA YA TNV
KAQom mov pelovektovoe. Ta amoteAéopata oe Vo peyara oet SeSopevav
edetfav PeAtioon amo 5%-10% otav xpnouomowmOnke avtn 1 uebodog.

Y peAetn [21] mpoteivetan n xpnon CycleGAN wg yevvitopa EKOVOV TNG
KAQONG IOV voTepel 0e Selylata, TTPOKEUEVOL va SOKIHAOTEL 08 Ta§lvounon
(MOA\GV KAAOEWV) CUVAITONUATWV LE TKAVOTIONTIKT TTapovoia Setypatmv. Qg
ta&vountng xpnowposmomOnke eva INA. EmBefaindnke avénon 5%-10% tng
amodoong g tagvounong otav xpnoomotndnke 1 emavénon pe to CycleGAN.

Yan peAétn [22] BeAtiwOnke eva [Tapaywywko Aviaywviotiko Aiktvo (GAN)
TPOKEIUEVOL VA Habet Ta Yapaktnplotika PAafmv tov §epuatog oe SiapopeTika

enimeda MTOAVTTAOKOTITAG, EAEYXOUEVA. XTI OUVEXEIN Ol TEXVNTEG EIKOVEG TTOV
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mapnyaye 1o GAN epmAovTioav to oet ekmaidevong tov IIANpwg ZuvelkTikoU
Awktoov (FCN), yia TNV auTtopaTomomuevn S1ayvwon LEAAVOUATOS, AUEAVOVTAG
NV ToIKIoHop@Pia Twv Yapaktnpotikowv. H pgbodog avtn a&oroyndnke oto
ISIC 2018 skin lesion segmentation challenge ka1 £€6e1€e peyaAtepn akpifela

OULYKPLVOUEVT] UE TIC TPEXOLOeg HeBOSovE TUnUatomoinong Sepuatikwv PAABov.
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2 Ao tov 1Yo, ot Mnyavikn
MaOnon

'Onwg eidape kar oto Ewoaywywkd Ke@dhaio, o OykKog TNng HOLOIKNG IOV
Sakwveltal pEowm Gla81kTOOL eival TepAOTIOg KAl T Sev apkel i asmAn
avadnmon (tithov, ovvBeTn, Ypovoloyiag KukAogopiag, K.a.) Y va
1KAVOITONOel TIG AVAYKES AKOUA KAl €VOC QTAOV, XWPIG TTOAMEC ATALTNOELG,
akpoatr]. 'ETo1, 01 epapuoyEg avamapaymyng Pelakng LOVOIKNE EXOUV ApYIoel
va TPOCPEPOLY VINPeoieg Paocel mepiexouevouv dnAadt), HECW TG AvVAoLPONG
uovoikng mAnpogopiag [23] (MIR) amoomovv w@ehua potifa amd Tig
NXOYPAPTOEIC TA OTTOIA EIVAL KATAVONTA, XPTOUA OTOV AKPOATH] WOTE VA TOV
BonOnoovv va emAe€el mowa povokn Ba akovoel avaroywg Tov eidovg, Tov
XAPAKTIPA, TNS PLOUIKOTNTAG KA1 TTOAADY AAADV XAPAKTNPIOTIK®V. AKOUA, LECW
NG Avayvmplong povokoL ovvawsOnuatog [24], [9] (MER) pmopet o akpoatng
va emAEEEL 1) va SNUI0VPYTOEL H1a AlOTA avamapaywyng Baoel cuvaiodnuatikaov
amoypwoewv (ATNG, xapdag, Buov, TpueepoTnTAC, EVTAOTC, S1EYyepong, abevoug,
K.al.). AQOoU AOLTToV yivel efaywyr) Twv XApaKTNploTiKoV pe pefodovg avaivong
TOV MYNTIKOU OTNUATOC €pYETAl 1) OoTyun tng Mnyavikng Mabnong, omov ot
aAyopiBuol g (ta&ivounteg) ekmaidevovial amd ALTA KAl UITOPOVV  va

KATATAEOUV AvaAOY®ES TA KOUUATIO U0 HEYAANG Hovoikng BipAtodnkng.

2.1 ESaywyn nnuxeov YapaktnplotKkeoVv

ITpokeevou ammod Eva NYNTIKO onua va e§ayxboiv Ta XapaKTnploTIKA TOU TIPETEL
TPWTA A0 ovveyeg (avaioyiko) va petatpasel oe diakpito (Yyneiako). 'Etoy, 1o
avaioyiko onua kPavridetal (aipvovpe S1axpiteg TIUES TOL TTAATOVS TOV) KAl
detypatoAnmreitat (maipvovpe S10kPITEG TIUEG TOL OTOV XPOVO) KAl €lval ETOLO
vy mepatrteépw eneEepyacia. Kabog o topeag g e€aymwyng XapakInploTiKwy
(E.X) 8ev eival éva kawvovplo medio €pevvag, eival MEPAV TOV OKOMMV TNG
TAPOVOAC UEAETNG T Ava@opd OAwv O10T1 0 aplBuog toug eival peyarog. Oa
TEPLOPIOTOVUE KUPIWG O AUTA TIOV YXPTOUOTIOUOALE CAV €10000VC OTOVG

ta&vountéeg tov Ieipaua X.
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2.1.1  Katnyopieg Nnukov Yapakmplotkev
Ta NYNTIKA XAPAKTNPIOTIKA KATATAGCOVTAL 0€ TPELS KUPlEg Katnyopieg [23] wg
egng:

e Xauniov emmedov: Ta YaunAov emmeSov XAPAKTNPIOTIKA HITOPOLV va
eEayBovv eite Aueoa asd To NYNTIKO OT)UA EITE HECK LETATKNUATIOUOV TOV
LY. MEOW peTaoynuatiopov Fourier. Asv €xouv 18waitepo vonua oe
enminmedo akpoatn Opwg 1 efaywyn Tovg elval  eUKOAN  Kal
XPNOUOTTOI0VVTAL EVPEWG.

e Meoaiov emumebov: AmoteAoLVIAL QIO  YAPAKTNPIOTIKA 70U 1)
AVATIAPACTAOT) TOUG £XEL TEPLOCOTEPO UOVOIKO VONMUA QIO AUTA TOV
¥aunAov emuedov. Tetoleg avamapaotaoelg a@opovy oTn HeAmSIK),
APLOVIKT), XOXPWUATIKT TIAEVPA TNG LOVOTKNC.

e Yyniov emméSov: Avt) 1 KATNyopld AVAQEPETAL OE UOVOIKA
YAPAKTNPIOTIKA 710V Sev mapayovtal amevbelag amd 10 NYNTIKO-UOVOIKO
onua. AQopa EPIOCOTEPO 0€ CUUPOAIKEG AVATIAPACTACELS TNG LOVOTKNG
OTIwG €lval 1 TAPTITOVPA TIOV TEPLYPAPEL HE VOTEC OAA TA UEPT) U1AG
povoikng ovvleong. Mia AAA avamtapAoTact) lval auTr) oV TapAayeTal
astd o MIDI (Musical Instrument Digital Interface) mpwtokoAro.

Oa pag ATACKOANCOLY TA XAPAKTNPLOTIKA TOV YAUNAOU emutedov.

2.1.2 Xapaktplomkd YAUNAol ereEdovn

Ava@epOnke Katl TPONYOUHEVKE OTL TA XAPAKTNPIOTIKA XAUNAOL emmedov [25],
[26] eCayovtar amevBeiag amd TO MYNTIKO ONUA KAl €ival aUTd IOV HaG
QITAOYOANCAV 0TIV Epyacia.

H Swadikaoia g e€aywyne ( Ewkova 2) apyilet pe ) Aeyouevn mapabvpworn oe
pkpng Siapkelag mapaBupa tov apykol orfpatog (short-term windowing). To
unkog kabe tetolov mapabvpov (frame) kvpaivetar ad 10mMs-100mMs AVAAOY®S
epapuoyng kat tomov onuatog. Ta frames pmopovv katl va emxaAvmTTOVIAL
KATTO1eg (Popeg. XN OLVEXEWM Kal Yy kaBe tétolo frame efayovue eva oet
XAPAKTNPIOTIK®V. 'OTAV TA YAPAKTNPIOTIKA TIPOKLITTOVY asnevdeiag amod To onua
Ale OTL a@opoLv 010 7edlo Tov Ypovou. 'OTav JPOKVMTOLVV HETA A0
uetaoynuatiopd Fourier (Fast Fourier Transform) tote agopotv oto medio twv

ovyvotntwv. TéAog, Ta Aeyopeva cepstral yapaktnplotikd 0mwg ya mapadetypa
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ta Mel Frequency Cepstral Coefficients (MFCCs) mpokUmtovv aso to cepstrum
(avaypaupatiopog tov Spectrum kat opideTal WG AVECTPAUUEVOS UET/OUOG

Fourier Tov AoyapiBuov tov spectrum). Eikova 1

log .

Ewkova 1: Ao 1o onua, oto cepstrum

* Zero Crossing Rate

time
. * Energy
domain « Entropy of Energy
s N
* Spectral Centroid fl
trequency E®Ese statistics [} G
equency * Spectral Flux per ’
« Spectral Rolloff feature
* Chroma Vector

* Chroma Deviation

* MFCCs

Ewkova 2: Short-term windowing kan e€aywyn xapaktnpiotikmv pe v pyAudioAnalysis
[27]

2.2 Mnyavikr) Madnon

H Mnyavikny Malnon eivan évag khadog g Texvntng Nonuoovvng (Ewkova 3)
IOV ETMTPETEL OTA VIIOAOYIOTIKA OUOTHHATA va pabaivouv amo mapadetypata kat
va BeATIOVOVTAL QIO TNV EUITEIPIA TTOV ATOKTOVV XWPIG VA EXOUV TIPOTYOUUEVKC
nipoypappatiotel [28] . Tpelg eival o1 YEVIKES KATNYOPIES TTOV KATATACCOVTAL TA
gépya g Mnyavung Mabnong [29], [30]:

e EmPAemopevny pdabnon (Supervised learning): Xta mpoPAnuata
emPAemopevng pabnong vapyovv ta Sedopeva katl ol etiketeg Tovg. Ta
O0edopeva XPNOLOTOI0VVTAL WG VAIKO EKTTAIOEVONG OTO LOVTEAO TO OTTO10
UEOW TNG OVUVAPTNONE TOL Mpoomabel va Ta Ta&vouroel 000 To duvatov
7110 KOVTA e To onueio avagopdag (ground truth). Tehkdg okomog etvat va

UITOPEL VA XPTOIUOTOOEL AUTI TN YVOON KAl 08 Ayvwota Sedoueva.
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Ynapyxovv 0vo kUpleg katnyopieg emPAemoupevng padnong:
n ta&ivounon (classification): otV omoilA 01 ETIKETEG £XOLV KATNYOPIKN
popen, &nAadn 1o kaBe SeSouevo KATATAOOETAL OE OUYKEKPIUEVN
katnyopia kol n smaitvépounon (regression): omov 1 €€odog elval pa
ovveyng petaPAntn. Mepikol yvwotol alyopiBuot emiAemtopevng pabnong
etvan o1 : SVM, K-nn, Naive Bayes, Neural Networks, Decision Trees,
Logistic regression, Random Forest, Linear Regression k.a.

Mn emPAemopevn pabnon (Unsupervised learning): Ztn un emPAemopevn
uadnon Sev vtapyovv etiketeg ota SeSopéva emouevag dev meEPIUEVOVE
Kol ;poPAEYN atd TO HOVTEAO. AUTO TIOU TEPIUEVOVUE €lval va
EVTOTOEL KATIO1EG KPUUUEVES CUOYETIOEIG LETAED TV SeSopuevmv 10060v.
Fvwotol aiyopiBuot pn emPAremopevng pabnong eivar:  k-means
clustering, Hierarchical clustering.

Evioyvtikr) paOnon (Reinforcement learning): Kipia Swgopd 1ng
EVIOYVTIKNG HaAOnong amd T aMeg Svo eivar O0tt o aiyopiBuog
aMnAemiSpd pe to mepfddov tov pabaivovtag pa OTPATNYIKN

EVEPYEINV JTIPOKEIUEVOU VA EMTUXEL E€VAV OTOXO OJIOV  AVAAOYW®S

emPpaPevetan 1) TIHwpEiTAL

Ewova 3: Ataypappa Venn tg TN
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2.2.1 BaOw 1 «<khaown» Mnyavikn Madnon;

H Sragpopd g unyavikng pabnong amo m Pabid pabnon £ykeital oto yeyovog
OTL 01 aAyop1Buot unyavikng pabnong kabopidovv kATOIA XAPAKTNPIOTIKA HECA
oto oet SedSopevav. Zuvnbwg avtd eivan «yelpomointa» (handcrafted) emouevwg
KAITO1EC (POPEC APKETA evaicOnta otav avamtvooovtal Ia mapaderyua, [31] Oa
UITOPOVOE KATTO10¢ VA EEAYEL ATTO TO NYNTIKO onua (0mtwg eldape 0To 2.1.2) KAl va
xpnowwomomoet pepikd@ MFCCs, wg¢ té€tola, vmoBetoviag OTL JTAPEXOLV
1KAVOTIONTIKT|] TTANPOQPOPIA YIA CUYKEKPIUEVT] TAEIVOUNOT KAl va ekmtaidevoet
evav ta&ivountn (;ty SVM) wote va €TIKETOMOW|0EL eva oeT dedouevav Paocet
AUTEV Kal povo avtwv. H vtoAoutn mAnpogopia ov vdpyel 0To OTUA EUELVE

AVEKUETAAELT).

Avtifeta, n Paocikn 108ea g Pabdag pabnong eivar ot pabaivel OAa Ta
YAPAKTNPIOTIKA UE 1EPAPYIKO  TPOMO UECK TWV TOMATAQV  eMUTESWV
EKTTAIBEVONG TWV VEVPWVIKOV OKTO®V asmevbeiag amd ta Oedoueva. TIa

napaderyua, otnv Ekova 4, to Siktuo mipoomadel va avayvwmploel eva mpoomIto,

Raw data Low-level features Mid-level features High-level features
ASNINT 7] QEACEAES [waves 5 W
NZEZC S RERSNOIN Sa6le8 vy

SEAN=AE o
-~ f/\\ .“ TN = d‘d gaﬁﬂ
=== vemaal 2 NS % ‘

Ewkova 4: XaunAov, peoov, vpniot emmedov yapaktnplotikad otn Babid Mabnon

np®Ta Oa paber Ta YaunAov-emmaeSov Yapaknplotika n ovvleon twv omoiwv Ha
odnynoel ota pecaiov-emuredov kol petd akoupa Pabvtepa ota LVPnAoL-
enutedov. MEow NG UN-YPAUUIKOTNTAC TWV OUVAPTIOEWMV EVEPYOTIOINONG TWV
TOAMATA@V  eMUTES®WV  TOU  VEVPWVIKOLU Ol Ol1a0uvvOeEoelg elval  TANPKG

«ekmadevolpeg» kAt tov Sev ovpPaivel oe Siktvo evog emmeSov.
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3 JvveAiktika Nevpwvika
Atktva (ENA)

Ta ZvveAiktikd Nevpwvikd Aiktva (ENA) eivar évag TOI0g VEUP®WVIKQOV STKTU®V
7OV ATToAAUPAVEL eVpElag XPTONE KAl AT0S0XTNG 0TOVG TOUEIS TNG YITOAOYIOTIKNG
'Opaong kat Emefepyaoiag Ewovwv. Ta INA Bpiokovv epapuoyrn oe £pya
Ta&wvounong Ewovwv, Avayvoplong Avrikewuevov, Emeepyaociag Bivteo,
dvowng Ene€epyaoiag 'A\wooag, Avayvwplong Opniag. H e€apetikn wavotnta
exuadnong mov Sabetovv oPeileTal KVPIwG OTNV TOAAATAOTNTA TwWV OTASIWV
eEAYWYNC XAPAKTNPIOTIK®OV TA OT0Id Hadaivouv auTouAT®wS AvVATAPAOTATELG

Ao ta SeSoUEVA TV EIKOVMV.

3.1 H Ap)yitektovikn twv XNA

H yevikr) apyitektovikn evog ENA [32], [33] ovvSuadel evarlaoooueva emimeda
ovveiEng (convolution) kat ovykevipwong (pooling) akoAovBovueva amo eva 1
neploootepa MANPwg ouvvoedepeva emineda (fully connected 1) dense layers).
Ava@opd yivetalr kal OTd €VPEWMS XPNOIUOMO0VUEVA ETmedd AmOCLPONG

(dropout layers).

3.1.1  YvveAiktiko emimedo (Convolutional layer)

To ouveAlkTiKO eival To mpwTO eminmedo evog ENA mov Yproloroleital yia v
eEAYWYN TV YXAPAKTNPIOTIKGOV Ao TV kabe eikova-eiocodo touv Siktvov. H
padnuatikn mpdaén g ovveAlgng tov cupPfaivel HETAEL TWV EIKOVOOTOLXEIWV TNG
EIKOVAC KA1 EVOC PIATPOU TTAPAYEL WG ATTOTEAECUA U0 TPOTTOTIOINUEVT] EIKOVA LIE

avavewpeva elrkovootolxeia, Eikova 5
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MAApwg Zuvbedeuévo
ZUVENIKTIKA eninedo
enineda Enineda .
SUYKEVTPWONG ===
Eicobog cae”

D“ S .

\ \
Y Y

E€aywyr] XapaktnploTIKwy Ta&wvéunon

Ewova 5: 'evikn Apyitektovikn ZNA

dirtpa(filters) n moupnveg (kernels)

Ta @idtpa eivalr apiBuntikoi mivakeg pikpwv ouvviBwg Staotdoemv kat 1)
Aettovpyia Tovg elval eite va QIATpApPoLY avemBountn mAnpogopia eite va
EVIOYVOLV KATTO1A XOPAKTNPIOTIKA pag eikovag. [a mapadetypa n ovveAidn g
akoAovONg pwtoypagiag pe eva @idtpo avayvwplong akuwv (edge detection)
TTAPAYEL LA VEA E1KOVA, €vAV VEO XAPTN Xapaktnplotikwv (feature map) omov

ToVi{OVTal 01 AKUES TOV EKOVI(OUEVOL TTPOo®ITOV, E1kova 6

Ewkova 6: Amotédeopa ouveNENG LE PIATPO AvAYyVOPLOTC AKUMV

Tvveadn

Baoel tov mapamave vmoBetovpe O0Tt 11 akoAovdn Ewova 7 asmewkovidel ta
EIKOVOOTOLXEI H1ag pwToypaglag oe pop@r| mivaka 6X6, to ovupolo * eival to

ovpPoro g mpa&ng g ovveAlEng kal o mivakag 3X3 eival To QIATPO TTOU

XPNOUOTOI0VUE TTY YA avayvwplon akpwmv. To