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O0’eKTOM JIOCHIIPKEHHS € TiJIBUIIEHHS MPOJAYKTHUBHOCTI pOOOTH MOeen
HMITYYHOT HEMPOHHOT MEPEkK1 Ha IPUCTPOSX 3 OOMEKEHOIO MOTYKHICTIO.

[IpeamMeToM IOCTIMKEHHS € 3aCTOCYBAaHHS HEUPOHHOI MEpexXi NIl CTBOPCHHS
HOBOT'O METOJ1y PO3IMI3HABAHHS €MOLIIM.

Meroto kBasniikaiiifHOi poOOTH MaricTpa € CTBOPEHHS METOJy PO3Ii3HaBaHHS
eMOIIil JIIOIMHU y pealbHOMY 4Yaci, IO MpaloBaTUMe €(PEKTUBHO HA MOOLIBHUX
MPUCTPOSIX.

[I{o6 BUKOHATH METY JAOCIII)KEHHS OYJI0:

— CTBOPEHO BJIACHUM JaTaceT IS TMIJBUINCHHS TOYHOCTI PO3IMi3HABAHHS
€MOIIII;

- PO3pO0IICHO BIIACHI METOAM PO3Mi3HABAHHS;

- HATPEHOBAHO HEHPOHHY MEPEKY Ha BIACHOMY J1aTaceTi;

— MOKpPAIIEHO Pe3yJIbTaTH MOJENI BHACHIIOK BUKOPUCTAHHS MPUCKOPIOBAYa.

HaykoBa HOBU3HAa OTpMMAaHHUX PE3YyJbTATIB MOJISTA€ B YJOCKOHAJICHHI METOIY
onTUMi3alii HEHPOHHHUX MEpeX I 3aJad pO3Mi3HABAHHS €MOLIN, IO J03BOJISIE
MIBUIUTH 1XHIO MPOIYKTUBHICTh Ta 3a0e3neunTd edeKTUBHE (YHKIIIOHYBaHHS Ha
MOOUTBHUX TTPUCTPOSIX 3 OOMEKECHUMHU PECypCaMu.

[IpakTHyHa 3HAYUMICTH OTPUMAHMX pE3YJIbTATIB MOJSATa€ y IMIUIEMEHTYBaHHI
MOJIEN1 Ha IPUCTPOSIX 3 OOMEKEHOIO MTOTYKHICTIO.

3a TeMOIO JUTIIIOMHOT pOOOTH OYyJiM OMyOIIKOBaH1 CTaTTI:



— y 30ipHuKy “Bueni 3anucku” TaBpiiicbKOro HalliOHAJIBHOTO YHIBEPCUTETY
imen1 B.1. Bepnaacekoro, Tom 35 (74) Ne3;

- y MIXKHapOJHOMY HaykoBoMYy >kypHam “Computer systems and information
technologies”, Volume Ne4 (C. 15-21);

- y MIXKHapOJHOMY HaykoBoMYy >kypHam “Computer systems and information

technologies”, Volume Ne4 (C. 37-44).
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CKOPOYEHHA TA YMOBHI ITO3HAKH

MPE - meToj po3IizHaBaHHS €MOIIii

PY - peanpauii yac

K3 - komm'torepHmii 3ip

BO - Bupaz o6nuuus

B/l - 6a3a manux

13 - mporpamue 3abe3neueHHs

OC - omepariiitHa cucrema

EC - emouiiinuii cran

CV - computer vision (koMI'toTepHUH 31p)
HM - HelipoHHa Mepexa

1O - neTextop oOanYs



BCTYII

PoGora B HampsAMKy poO3Mi3HABaHHS €MOLIM JIIOJIUHU 3a  JIOMOMOTOIO
KOMII'IOTEPHOTO 30pY € JOCUTh aKTyaJIbHOIO Ta MEPCIEKTUBHOIO sl O6araThox cdep
3aCTOCYBaHHS, TaKMX K HaBYaJIbHUU mpolec, MeauyHa cdepa, peKIaMHI MOCTYTH,
MICUXOJIOTIYHI HayKu Tomo. OJHUM 3 BaXJIMBHX AacCHEKTiB Takoi pOOOTH € 37aTHICTb
BU3HAYATH €MOIIIHUI CTaH JIOJUHU HAXUBY, TOOTO 3 MIHIMaIbHOIO 3aTPUMKOIO Bij
MOMEHTY OTPUMAaHHS 300pa)K€HHS J10 BUBEACHHS pe3yibTary. [|jisl JOCATHEHHS 1IOTO
NOTPIOHO BUKOPHUCTOBYBATH €(PEKTHBHI Ta MIBUAKI METOAU Ta aIrOpPUTMU OOpPOOKHU
BIJICOIAHMX, a TAKOK 3a0€3MEYNUTH BUCOKY TOYHICThH Ta HAJAIMHICTh pO3Mi3HABAHHSI.

[IpoTsiroM ocTaHHIX POKiB 3HAYHUH MTPOTPEC y 11 ragy3i 0yJio JOCATHYTO 3aBAsSKA
3aCTOCYBAaHHIO INTYYHUX HEHPOHHUX MEPEeX, SKI MOKA3YyIOTh BHCOKY 3JaTHICTH [0
HAaBYaHHS Ta ajanTaili J0 pi3HUX yMOB. 30Kpema, IIHOOKI HEHPOHHI Mepexi
JI03BOJISIIOTh €(DEKTHMBHO BHUKOPHCTOBYBAaTH BENIMKI OOCSTH JaHUX JJS1 TPEHYBAHHS
MoJIeNiel, SKI MOXYTh BHpIIIyBaTH CKJIaJHI 3aBAaHHsA Kiacuikaiii Ta perpecii,
MOB's13aH1 3 PO3MI3HABAHHSIM EMOIIIH.

AKTyaJbHICTh TaHOI pOOOTH TOJISITaE y pO3poOIll Ta IMIIEMEHTYBAaHHIO METOY
pO3Mi3HaBaHHS €MOIIil JIIOIUHA y peaJbHOMY dYacl 3a JOMOMOTOI0 MAIIMHHOTO 30Dy,
KU OM BHKOPHUCTOBYBAaB TJIMOOKY HEHPOHHY MeEpexy Ta 3abe3nedyBaB BHCOKY
IIBUJIKICTh Ta TOYHICTh aHAJI3y BiJ€OdaHUX.

Meroto kBamidikaiifHoi poOOTH MaricTpa € po3poOka Ta AOCTIIHKEHHS METOMY
pO3Mi3HABaHHS €MOIli JTIOJUHHN y PeabHOMY Yaci 3a JOMOMOTOI0 MAITMHHOTO 30py Ha
OCHOBI ITMOOKOI HEUPOHHOI MEpexKI.

[TocTaBneHa MeTa TOCATAETHCS PO3B’SI3aHHSIM TaKUX OCHOBHUX 3371a4:

— MPOBEJICHHS aHaji3y ICHYIOUMX METOJIB Ta aJIrOpUTMIB pO3IMi3HABAHHS
€MOIIiil 3a JJOTIOMOTOI0 KOMI'TOTEPHOTO 30DY;

— BUOOpY apXITEKTYpH Ta TirepnapameTpiB rIIMOOKOI 3rOPTKOBOT HEHPOHHOT
Mepexi 11 pO3Mi3HABaHHS €MOIIiH;

- TpEHYBaHHS Ta TECTYBaHHsI MOJIEJII HEMPOHHOT MEpeXi Ha PI3HUX /1aTaceTax;



- po3po0Ka MPOrpPaMHO-TEXHIYHOTO 3aco0y ISl PO3Mi3HABaHHS EMOIINA Y
pealbHOMY 4Yacl.

OG’exTOM JOCHIIHKEHHS Yy 11 poOOTI € caMHMii MpOLeC PO3Mi3HABaHHS €MOIlIN
JIOAWHHM 32 TOTIOMOTOI0 KOMII'TOTEPHOTO 30Dy .

[IpeameToMm AochipKeHHsS 1i€i poOOTH € 3aCTOCYBaHHS TIMOOKOi 3rOpTKOBOI
HEHPOHHOI MepeKi Ui PO3Mi3HABaHHS €MOLIIN y peallbHOMY Yaci.

HaykoBa HOBM3Ha OTpUMAaHUX PE3yJIbTATIB MOJSITa€ B yJAOCKOHAJIEHHI METOMY
onTUMi3alii HEHPOHHUX MEpeX I 3a7ad pO3Mi3HABAHHS EMOIIH, IO J03BOJISIE
HiABUIIUTU 1XHIO MPOAYKTHUBHICTh Ta 3a0e3neuynTd e(eKTHBHE (PYHKIIOHYBaHHS Ha
MOOUIBHUX TIPUCTPOSX 3 OOMEKEHUMHU PECYPCAMU.

[IpakTiyHa I[HHICTP OTPUMAHMX PE3YJIbTATIB MOJSTa€ B  PO3poOIIl
MPOTPAMHOTEXHIYHOTO 3aC00Y ISl pO3Mi3HABaHHS €MOIlIN Y peaIbHOMY 4aci, IKUH MOXKe
OyTH BUKOPUCTAHMH JJISi PI3HUX IIIJIEH, TMOB'I3aHUX 3 aHAII30M EMOIIHOTO CTaHy
JFOAVH.

3a TeMor0 TUIIIIOMHOT poOoTH OyJa ormyosikoBaHi ctaTTi [80-82]:

- y 30ipHUKy “Bueni 3anucku” TaBpiiiCbKOTO HAI[lOHAIBHOTO YHIBEPCUTETY
imeni B.I. Bepnancekoro, Tom 35 (74) Ne3 Yactuna 1. (Kuis — 2024 — C. 77-85);

- y MIXKHApOJHOMY HaykoBoMy kypHaii “Computer systems and information
technologies”, Volume Ne4 (Xmensuunpkuii — 2024 — C. 15-21);

— y MIXKHapoJHOMY HaykoBoMy kypHaii “Computer systems and information

technologies”, Volume Ne4 (Xmensuunpkuit — 2024 — C. 37-44).
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1 OT'JISII CYYACHHMX MIAXOAIB JIO PO3MII3HABAHHSA EMOIIINA 3A
JOITIOMOI'OI0O KOMIT'IOTEPHOI'O 30PY

1.1  OcraHHi JOCATHEHHS B Tajy31 po3Ii3HaBaHHS eMOIIIi

Po3nizHaBaHHs eMollii 3a JIOMOMOroI0 KOMIT IOTEPHOTO 30pY € aKTyaJlbHOKO Ta
CKJIaIHOIO MPOOJIEMOIO, sSIKa Ma€ JOCUTh BUCOKMU MOTEHILIaN AJIs MOKPAIIEHHS SIKOCTI
KUTTS JIIOAEH 1 PO3yMIHHS MOBENIHKK. EMolii € BaXJIMBOIO YaCTUHOIO JIIOACHKOI
KOMYHIKallil, BOHU BIUTUBAIOTh HA HACTPIM, CHPUHHATTS, IPUNUHATTS PIIlICHb Ta COIiabHI
B3aeMoii. Po3mizHaBaHHS eMoLliid MOKe MaTH 3aCTOCYBaHHS B pI3HHUX cepax, TAaKuX K
OCBiTa, MEJUIIMHA, Oe31eKa, pekiaMa, po3Baru Touo. OqHak, po3ni3HaBaHHS eMOLINA He
€ TPOCTUM 3aBJIaHHAM, OCKIIBKH €MOIll € CyO'€KTUBHMMH, OaraTOBUMIPHUMH Ta
JUHAMIYHUMU SIBULIAMU, K1 BUPAKAIOTHCS Yepe3 pi3HI MOJAIBHOCTI, TaKl SIK 00IHYYS,
roJIoC, )KECTH, TTocTaBa, (hi310J10T1s TOIIO.

OnHiero 3 HaOUIBbII BHUBYEHUX MOJAIBHOCTEH MJi1 PO3Mi3HABaHHS €MOII €
00JMYYs, OCKUJIBKM BOHO MICTUTH Oararo iHdopmarlii nmpo eMOIHHUN CTaH JIFOJAWHH.
O6anuus Moxe BioOpakatu sk 0a30Bi eMoIlii (paaicTh, CMYTOK, THIB, CTpax, 3HEBara,
BiJIpasa, 3JMBYBaHHs), TaK 1 CKJIAHIIII €MOIIiHI CTaHu (HapUKIaa, capka3M, peBHOIII],
3acmydeHHs). KpiM Toro, obimyusi Mo)ke IMOKa3yBaTH IHTCHCUBHICTh, TPUBAIICTh Ta
nepexiJi MiXK pI3HUMH EMOIIISIMH, 1110 POOUTH HOro OaraTorpaHHUM Ta BUPa3HUM 3aC000M
KOMYHIKaIii.

JIist moCiKEeHHsT eMOoIIiil JTIoAuHU OyJio CTBOpEHO Oararo rpadikiB Tta po0Oit,3a
SKUMH BUEHI JOCIIHKYBaJIM €MOLIli Ta HAMarajiucs Kpaie 3p03yMiTH NOBEAIHKY JIOIUHU
yepe3 eMollii, K1 BOHA BUpaXKae, 110 JO3BOIMIIO O CIIPOTHO3YBATH ii MOBEIHKY.

[kana emouiii Exmana [53] - 11e IHCTpyMEHT AJi1 BUMIPIOBaHHS IHTEHCUBHOCTI
ceMu 0a30BUX €MOLIii 3a 10MOMOroo (haceTHUX MiKpoBUpas3iB oOauyys. [s mkana
Oyna po3pobiieHa amepruKaHChbKUM Ticuxojiorom [lotom ExManoMm Ta #ioro xojieramu y
1970-x pokax Ha OCHOBI iX AOCTIIKEHb KPOC-KYJbTYpHHUX BUpa3iB o0auyuus. [lkana
emortliit Exkmana ckiagaetses 3 60 OUHUIG, sIKI OMUCYIOThH Pi3HI XapaKTEPUCTUKU
O0NMYYs, TaKi SIK 3MIIIEHHS OpiB, PO3IMIMPEHHS HOCOTYOHOI CKJIAJIKW, CTUCHEHHS T'y0

tomto. KoxxHa onunuIls Mae rieBHe 3HaUueHHs BiJ 0 10 5, sike BKa3ye Ha CUJIy BUpa3y



o0mmuus. Cyma 3Ha4eHb YCIX OJMHUIID A€ OIIHKY 3arajibHO1 IHTEHCUBHOCTI €MOTIiT BiJl
0 mo 25.

[IIkana emoriiHoro crany ExMana nmpusHadeHa ajisi TOro, oo JTI0NoMOTTH
JOCITITHAKAM Ta MPaKTHKaM BU3HAYATH €MOIIWHUNA CTaH JIOAUHY 32 ii oommausim. [1s
IIKajia MOK€ BUKOPUCTOBYBATUCA JIJIS1 OLIIHKK €MOIIHHUX MOPYIIEHb, €(EeKTUBHOCTI
Teparii, peakiii Ha MOAPa3HUKH, BUSBIICHHS OpEXHi, pO3Mi3HAaBaHHS €MOIIiif 3a BiI€O Ta
iHmmx muteid. [kama emortiit Exmana [53] € ogHi€ro 3 HAOUTBIT aBTOPUTETHUX Ta
HaJIIMHUX METOJIUK JJIsI BUMIPIOBaHHS eMoIlii 3a oonnydsaM.[lkana emorriit 300pakeHa

Ha pUCYHKY 1.1.

Pucynok 1.1 — IIkama emomiit Exmana [53]

OxpeMo MOHa BUJIJTUTH METOAMKY TIPO J11arHOCTYBAHHS €MOIIIHHOTO 1IHTEIEKTY
IIUITIXOM TIPOBEICHHS TECTyBaHHS.

Mertoauka “miarHocTHKU eMolliitHoro iHTenekTy” 3a H. Xomnom [54] npusznauena
JUISL OITIHKH 3JTATHOCTI OCOOMCTOCTI PO3YMITH €MOIIIT Ta KEpyBaTH HUMH.

Bona Bxitouae 30 TBepKEHb, sIK1 OI[IHIOIOTHCS 3a IIKaJIO Bia -3 10 +3, ae “-3”
O3Ha4a€e TOBHY HE3TOJy Ta 3amepedyeHHs, a “+3” - MOBHY 3rojly Ta CXBaJICHHS 3
TBEPHKCHHSIM.

Takum 4MHOM, MOKHA JIETKO JOCTIAUTH €MOIIHHUM CTaH JIFOJAUHU Ta 3pOOUTH BCE
JUTs ioro ToKpareHHs. JletanpHiiie mpo STk mKaj [54], ki BUKOPUCTOBYIOTHCS B 1IN

METOJHIII HaBe[eHo Y Tabmui 1.1.
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Tabmuis 1.1 - IT’a1h mikan, sKi BAKOPUCTOBYIOTHCSI B METO/AMIIT X 0JIjIa

[HIkama

Ornuc

Emoriiina 0013HaHICTE

31aTHICTh OCOOMCTOCTI CIIOCTEpiraTu Ta

PO3yMITH CBOT BJIacHI eMoIIii

VYrpaBiiHHS BIaCHUMHU €MOITISIMA

Bxirodae eMmoIiiHy CTPECOCTIKICTh Ta
E€MOIIIMHY HETIJIHICTh, IO BKa3ye Ha
3IaTHICTh OCOOMCTOCTI PETYNIOBaTH Ta

KOHTPOJIFOBATH CBO1 eMOIIIMHI peakiii

CamMmoMoTHBAaIlA

BinoOpakae noBiIbHE KEpyBaHHS CBOIMHU
eMOI[IIMH Ta 3JaTHICTh OCOOMCTOCTI

MOTHUBYBATH cebe J0 AOCATHCHHA Hiﬂeﬁ

Emrnarisg ta criiBayTTS

3MaTHICTh BiAYYyBaTHU, YUTATH, PO3YMITH

eMoIli 1HIIHNX JIoJIeH

3/1aTHICTb  PO3PI3HATH

JIoien

eMoII1

IHIIHUX

BxJiroyae BMiHHS BIUTUBATH Ha €EMOILIIHHNN
CTaH I1HIIMX Ta PO3YMIHHS €MOLIi 3a

BHUPA30M 00JIMYYS

Ko’xHe TBepIKEeHHS B TECTI B1I0Opa)kae pi3HI aCEKTU €MOLIMHOTO 1HTENEKTY, 1

PECHIOHJIEHTH OLIHIOOTH CBOIO 3rOAY 3 KOXKHUM TBEPIKEHHSM. Pe3ynbTath MOXYTh

JIOTIOMOTTH OCOOMCTOCTI Kpalle pO3yMITH Ta KEpPyBaTH CBOIMH €MOIIISIMH, a TaKOX

€MOIL[ISIMH 1HIIIHUX.

PosmiznaBanHs emoIliii 3a BUpa3oM oOIUY4Ys MOXKe OyTh cPopMysbOBaHE SK

kiacuikaris, perpecist abo renepariisi. 3aBaaHHs kiacudikaiii mojasrae B ToMy, 100

MPU3HAYUTH OOJMYYI0 OJHY a0O0 KIJIbKa MOIMEPEAHbO BU3HAYEHUX KATEropiil eMoIliil.

3aBmgaHHs perpecii moisirac B TOMy, 00 OI[IHUTH HEMEPEPBHY BEIUYUHY E€MOIIHHOTO

CTaHy, HaNpUKJIIaJ, 32 JOIOMOTO0 KOOPJIMHAT HA IBOBUMIPHOMY ITPOCTOP1 BaJIE€HTHOCTI

(mpueMHOCTI) Ta apoy3any (30ymKeHHs). 3aBIaHHS TeHeparlii mojsirae B Tomy, 100

CTBOPUTH CUHTETHUYHE OOJIWYYS, SKE BIAMOBITAE 3a/laHiii eMoIli abo MepeTBOPUTH

ICHYIOU€ 004U TaK, 11100 BOHO BUpaXKajio OakaHy €MOIIiIO.
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OcTaHHI TOCSATHEHHA B Tay31 pO3Mi3HAaBaHHS €MOIIiil 32 BUPA30M JIMIIS MOB'sA3aHi
3 3aCTOCYBaHHSM TIJIMOOKOTO HAaBYaHHS, SKE JI03BOJISIE ABTOMAaTUYHO BHBYATHU
perpe3eHTallli 00aMYus 3 BETUKUX HAOOPIB JIaHMX 3 PI3HOIO PO3IIIBLHOI0 3AaTHICTIO,
OCBITJICHHSIM, TI03010, BUPA30M TOIIO. [ THOOKEe HaBUaHHS TaKOX JIO3BOJISIE€ IHTETPYBATH
pI3HI MOJAJIBHOCTI, Takl SK ayaio, TEKCT, KOHTEKCT, Jis 301JIbIIECHHS MNpPaBIUBUX
pe3ynbTaTIB i Yac po3Mi3HaBaHHS eMoIIii 3a 06muudsiM. Kpim Toro, rmmboke HaBuUaHHS
MO>KE€ BUKOPHCTOBYBATHUCS JIJIsI TIOOYOBH €MOIITHO-CEHCUTUBHUX CHUCTEM, SIKI MOKYTh
aJanTyBaTHUCS 10 eMOIlI KOPUCTYBaYiB 1 311MCHIOBATH €MOIIIMHY B3a€MO/IIIO.

Poszmi3HaBaHHs €MOIliil € KIIOYOBHMM KOMIIOHEHTOM Y CTBOPEHHI IHTYITHBHO
3pO3yMIIMX Ta EMIIATUYHUX IITYYHUX CHUCTEM, SIKI MOXKYTh B3a€EMOJIIATH 3 JIIOJbMHU Ha
rubmomy piBHi. OcCTaHHIM 4YacoM y I Taimy3l BiIOyJMCS 3HAYHI MPOPUBH, SKI
BIIKPUBAIOTh HOB1 MOKJIMBOCTI JIJIsl MOKPAILIEHHS JTFOJICBKO-KOMIT FOTEPHOI B3a€MO/III.

OpnHuM 3 HaWOLIBIT OOHAIINIMBUX HAMPAMKIB € BUKOPUCTAHHS MEXaHi3MIB yBaru
B noenHanHl 3 MogensiMu BERT ta CNN s anamizy emoniid. Ll Moaeni 103BOJSIOTH
00pOoOJISITH SIK ay/110, TaK 1 TEKCTOBI 1aHi, onTuMi3yrourd CNN 17151 BUSBIICHHS €MOIIIHHUX
KojauBaHb y MoOBI, Toal sik BERT o0po0isie TekcToBi JaHi, BUKOPHUCTOBYIOYM CBOT
JIBOHAIIPABJICH] MIapy IS TIIMOOKOTO CEMaHTUYHOTO po3yMiHHA. CydacH1 AOCTHIKEHHS
MOKAa3yl0Th, IO IHTErpallisi MEXaHI3MIB yBarm MOX€ 3HAYHO IOKPAIIUTH TOYHICTh
posmizHaBaHHs emoliii. Bukopuctanus CNN s aHanmizy aynio JaHUX J03BOJISIE
BUSIBJISITU HIOAHCH €MOLIMHMX KosiuBaHb y MOBI, Tofl sk BERT 3abe3neuye rnmboke
PO3YMIHHS KOHTEKCTY Ta €MOIIiHOTO 3abapBieHHsA TekcTy. OO0’eqHAHHS ITUX JIBOX
NIIXO/IB Yepe3 MEXaHI3MU yBard J03BOJISIE CTBOPUTH OLIbII TOYHY Ta aJdalTHUBHY
CHUCTEMY PO3ITi3HABaHHS €MOIIii.

[HIIMIT HATPSAMOK JAOCIIIKEHB MOJISITae y Po3po0Ili 0€3KOHTAKTHUX METO/IIB 300py
JIAaHUX, SIK1 Tal0Th 3MOTY 30upaTu iH(OopMallilo PO eMOoLIHUN cTaH 6€3 HeoOX1AHOCTI
(b13UYHOTO KOHTAKTY 3 JTIOANHOTO. [le Ha3BuYaitHO KOPUCHO Y CUTYaIlisiX, € HEOOX1THO
CIIAKYBaTH 3a TICUXOJIOTIYHUM CTAHOM JIIOJMHM a00 B3aEMOMISATH 31 IITYYHUM
1HTeNneKTOM. Po3poOka OE3KOHTAaKTHUX CHCTEM BIJIKPUBAE IUIAX JO CTBOPEHHS
MIPUCTPOIB, sIKI MOKYTh OyTH BUKOPUCTaHI i1 9ac 300py TaHUX PO EMOIIHHUMN cTaH 0e3

HEOOX1THOCTI (I3UMYHOTO KOHTAKTy Ta BTpyueHHsA. lLle moxke Bkimtouatu B cele
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BUKOPHUCTAHHSA JATYUKIB, SIKI aHAII3YIOTh TOJ0C, BUpa3 00IMYYs, a TAKOXK (i310JI0T1UHI
MOKA3HUKH, TaKl SIK CEPIECOUTTS Ta IIKIPHY MPOBIIHICTh. Taki CUCTEMH MOXYTh OyTH
IHTErpOBaHl y PI3HOMAaHITHI TPHUCTPOi, B CMapT(POHIB JO HOCUMHUX TaJKETIB,
3a0e3Mevuyrour HOBITHI CIIOCOOU /ISl BIICTEKEHHS EMOIIIIHOTO CTaHy JIIOAMHU.

HaitHoBITHIIII ~ JOCHIUKEHHS, 110 OO0 €IHYIOTh OOYHMCIIIOBAJIbHI  HAyKH,
TICUXOJIOTIIO Ta CIIEHIYHE MHCTELTBO, PO3pOOUIN HaOlp JaHUX 3 aHOTOBAHUMHU PyXaMU
Tida, SIKAH Ma€ MOXJIMBICTh MOKPAUIUTH 3AaTHICTh IITYYHOTO IHTEJEKTY PO3PI3HATH
EMOI[ITHUN CTaH, BUPAXKEHI 4Yepe3 MOBY Tina. JloCHiDKeHHS, 10 BUKOPUCTOBYIOTh
aHOTOBAaHI PYXHW Tila, JO3BOJSIOTH IITYYHOMY IHTEJIEKTY Kpalle pO3yMITH €MOLlii,
BUpaXxeH1 uepe3 MOBy Tia. e Moxe BKITtouaTu B ceOe aHai3 IOCTaBH, KECTIB, Ta PyXiB
o0nMYYs, SIKI 4acTO Mepe/laloTh eMOIIHHY 1HQOopMaIlilo, 1[0 HE MOXe OyTH BUSIBICHA
gyepe3 coBa abo TOH roJocy.

Takox, Oyno mpoBeaeHO Oe3niu KOH(MEpEeHIH Ta 3aXOMdiB MO0 JOCHIIKCHHS
eMoI1i.Och IesiKi 3 HUX:

l. ISRE 2024 Conference [55]. MixHapoaHe TOBapUCTBO JOCIIIKEHHS
emoriii (International Society for Research on Emotion, ISRE) mpoBeno cBoro
koHpepeniio B 2024 poui 3 17 mo 20 nunus B YHiBepcuteTi Koponesu bendact y
[TiBuiunii Ipnanmii. Ile BaxnuBa mmois, sika 30Mpae JOCTITHUKIB 3 PI3HUX JUCITUTLIIH JIJIs
0OroBOpPEHHS HOBUX 1/1€¥ Ta pe3ynbTaTiB y cepi JOCHIIKEHHS EMOLIH.

2. CERE - Consortium of European Research on Emotion [56]. Koncopuiym
eBporeiicbkux nociikenb emoiriii (CERE) € HedopmalibHOIO Mepexkero, sika CIpHse
MDKJIUCIUIUTIHAPHUM JOCTIKEHHIM eMoltiii B €Bporni. OcHoBHOMW AistibHICTIO CERE €
oprasizailisi IBOPIYHUX KOH(EPEHIIii.

3. Emotions 2023 Conference [57]. YuiBepcutet TinOypra OyB rocnomgapem
koHpepeniii “Emotions 2023 3 4 nmo 6 xoBTHsA. KoHdepeniiis Oyna npucBsueHa
MePEeIOBUM EMIIIPUYHUM JIOCITIPKCHHSIM, TEOPETUYHUM BHECKAM Ta METOJOJOTIYHUM
1HHOBAIIISIM Yy HAJ3BUYANHO 3aXOTUTIOIOYii 00J1aCT1 JOCTIKEHHST €MOITIH.

Ii #ocsSrHeHHS BIAKPUBAIOTH HOBI TEPCHEKTHBU JJII CTBOPEHHS OLIbII
EMIIATUYHUX Ta IHTYITUBHUX INTYYHUX CHUCTEM, 3JaTHUX PO3YMITH Ta pearyBaTh Ha

JIFOJICHKI €MOIIi1, 110 MOXE KapIMHAIBHO 3MIHUTH CIOCIO B3a€MO/I1i MAIIUH 3 JIIOIbMHU.
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1.2 Ilpunuunu Ta oO0MacTi 3aCTOCYBaHHA KOMII IOTEPHOTO 30py  JJiA

imeHTudikarii eMorin

JleTanpHU#l oOMKMC KIIOYOBUX NPHUHLMUIIB Ta oO0JacTell 3acTOCYBaHHS ITi€l
TEXHOJIOT1i HaBeneHui y Tabmuimi 1.2. O6nacti 3aCTOCYBaHHS KOMII IOTEPHOTO 30Dy

HaBezeHl y Tabmumi 1.3.

Tabmurg 1.2 - JleranbHui OUC KIIOUYOBUX MPUHITUITIB Ta 00J1aCTel 3aCTOCYBaHHSI

KOMII FOT€HOT0 30py

Eran Ormuc

301p maHux CucreMn KOMII'IOTEPHOTO 30pyY BUKOPUCTOBYIOTH
BEJIMK1 HA0OPH JTaHHUX 3 300PaKCHHSIMH JIFOJACHKHUX
001114, SIK1 MICTSTh PI3HOMAaHITHI eMOITIT JIJIst

MOJAIBIIIOT0 HABYAHHS P13HOMAHITHUX MOJIeJIeH

O6po0Oka 300paxeHb ITepen TpeHyBaHHIM MOJECII, 300payKEHHS 00INYUS
M1JITAI0THCA MpoIecaM HOopMalli3allli, BAPIBHIOBAHHS Ta
MaciTaOyBaHHS 1151 3a0e3MeYeHHsI KOHCUCTEHTHOCTI

JTaHUX

BusiBiennst oco0muBocTei | 3aCTOCOBYIOTHCS aJlTOPUTMHU JIJIsSI BUSIBIICHHS KITFOUOBUX
00U TOYOK 00JIMYYSl, TAKUX K KYTOUKU O4eH, HOoca, pOTa, sKi

€ BKJIMBUMHU TS 11eHTUDIKALIT eMOITii

Ekcrpakiiis o3Hak BukopHrCcTOBYIOTHCSI KOHBOJIIOLIHI HEHPOHHI MEPEXKI
(CNN) nist eKcTpakinii o3HaK 3 00JIMaYs, sKi

KOPEJIIOITh 3 €MOIIHHUMH CTaHAMHU

Knacudikanis emonii HagueHi Mozieni aHali3yl0Th €KCTparoBaHi 03HAKU Ta
KJ1acu(DiKyIOTh €MOIIiT Ha OCHOBI BU3HAYEHUX KaTETOPii,
JUISL KpaIoro po3yMIiHHS TTOBOKEHHST MOJIEN1, TAKUX SIK

padicTh, CMYTOK, THIB, 3JUBYBAaHHSI TOIIO
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Tabmuus 1.3 — O6macTi 3aCTOCYBaHHS KOMIT' FOTEPHOTO 30Py

Cdepa

3acTocyBaHHs

KOMIT FOTEPHOTO 30pPY

MerTta

Meauumaa Ta ICUuXoJIoTis

MOHITOPUHT €MOIIHUX

CTaHIB Ial[l€HTIB

Jlomomora y JiarHOCTHIII
Ta JIKyBaHHI

MICUXOJIOTIYHUX PO3JIa/IiB

Ocsgita AHani3 peakiliif cTyIeHTIB | AJanTailisi HaB4ajJbHOTO
Mpoliecy Ta MiABUIICHHS
e(heKTUBHOCTI

ABTOMOO1IbHA BusBnenHsa o3HaK BTOMA [TigBuIIIEHHS CUCTEMU

IPOMHUCIIOBICTD a00 B1/IBOJIIKAHHS BOJIiS 0e3MeKH TI0POKHBOTO PYXY

IrpoBa Ta poBaxkaibHi

cthepu

CtBOpeHHS 1IHTEPAaKTUBHUX
Ta MepCOHaI30BaHUX

JIOCBI/I1B

AHaJ3 eMOIIMHOTO CTaHy

TicJisg po3Bar

MapkeTuHT Ta pexiama

AHani3 eMOIHHNX

peaKIiiii CroXK1uBadiB

Kpame ysiBnenus
MMOBEIIHKU KJIIEHTIB Ta
ajanTallisi MApKeTHHTOBUX

cTparterii

OxkpiM TOroO, Jdy’K€ aKTUBHO PO3BUBAETHCS MPOIEC HaBYAHHS POOOTIB e€MOIlisIM

JIFOJIMHU JUTSI KPAILlOTo aHali3y MOBEAIHKU y cepl pecTOpaHHOro O13Hecy (pUCYHOK 1.2)
Ta paBonopsAKy (pucyHok 1.3). Came y mux cepax 30cepepkeHa Haib1IbIna KiJIbKICTh
B3a€EMO/JIIA MIXK JIFOJIBMH, IO JIa€ 3MOTY SIKICHO HaBYaTH Ta BUKOPUCTOBYBAaTH POOOTIB
pU poOOTI 3 JIFOJIBMH.

KirouoBi MoMeHTH poboTH poboTa odirianrta [59]:

— BUKOPUCTAHHS  PO3IMi3HABAaHHS €MOIA  JyUIi  MIABUILEHHS  SIKOCTI
00CITyrOBYBaHHS;

- MOJKJIMBICTh aJalTyBaTH CBOIO MOBEIIHKY Ta PEKOMEHJAIll B 3aJIEKHOCTI

B1JI €MOIIIITHOTO CTaHy KIIIEHTIB;
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- JI0TIOMOTa y CTBOPEHH1 O1MIbII TEPCOHATI30BaHOTO TOCBIAY JUIs B1JBIAyBayiB
3aKJIaJI1B.

KitouoBi MoMeHTH poOOTH pobOOTa modineicbkoro [58]:

- BUKOPWCTAHHS PO3Mi3HABAHHS €MOIIil JIsl OIMIHKY MOTEHIIMHUX 3arpo3 Ta
HaMIpiB 0cCi0;

— MOJKJIMBICTh BH3HAUaTH arpecuBHI ab0 MIZO3pUIl eMoIlii, 10 MOXYTb
BKa3yBaTH Ha HeOe3MeuHy MOBEAIHKY;

- JOTIOMOTa 'y B3aeMOIl 3 TpoMaasHamMu Uil 3a0e3neueHHs OulbIn
e(eKTHBHOTO Ta 0E€3MEYHOT0 BUKOHAHHS TOJIIIIEUCHKUX 000B’ SI3KIB.

TexHosorii KOMIT'IOTEPHOTO 30py Ta pO3MI3HABaHHSA EMOILIM IPOJOBXKYIOTh
PO3BUBATHUCS, 1 X 3aCTOCYBaHHS CTa€ BCE OUIBII PO3MOBCIOHKEHUM Y PI3HHUX TaTy3sX.

Bonu BimirparoTh KIIOYOBY pOJIb Y TOKPAIICHHI B3a€MOJIl MK JIOABMH Ta
KOMIT FOT€paMH, @ TAKOXK Y MOJIIMIICHH] SKOCTI KUTTS JIOJIeH y TOBCSKJIEHHOMY TOOYTI

Ta 1715 3a0€3MEeYeHHS KPaIoro iCHyBaHHS JIIOJICTBY.

Pucynox 1.2 — PoGot odirmiant y pectopani [59]



16

Pucynok 1.3 — Po6ot nosminericbkuii [58]

1.3 AnaJi3 TUIOBHUX MOMUJIOK Y CUCTEMaX pO3Ii3HABAHHS €MOIIIN

CucreMu po3mi3HaBaHHS €MOIIii, Xo4a i € JOCHTh IEePEIOBUMH, BCE I CXHMIIbHI
JI0 TOMUJIOK, SIKI MOKYTbh BIUIMBATU HA TXHIO TOUHICTh Ta HAJIAHICTh. JleTanbHuM aHami3

THUIIOBUX IIOMMWIIOK, 3 SIKUMH MOXYTb 3iTKHYTI/ICH CUCTCMHU HABCICHO Y Ta6J'II/II_[i 1.4.

Tabmuus 1.4 - JleransHuil aHasi3 TANOBUX NOMHJIOK, 3 SKUMH MOXYTb 31TKHY THCS

CHUCTCMHU

[Tpobiema Onuc

HenpaBunbsHe BusBieHHs: ocobmmBocTelt | OHIEIO 3 OCHOBHUX MPOOIIEM €
o0mmyus HETPaBUJIbHE BUSBIICHHS KITFOYOBHX

TOYOK 00JIMYYs

BapiaTuBHicTs BupasiB o0auu4s JItoaChK1 eMollii BUPaKaOThCS PI3HUMHU
criocobamu
OxJ1031s1 06IMYUs EdekTrBHE po3Mi3HaBaHHS MOl MOXKe

OyTH yCKJIaJHEHE MIPU HASBHOCTI

NEPENIKO/T MI>K OOJIMYUSIM Ta KaMEPOIO, 11




Kineus Tabaumi 1.4
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[Tpob6iema

Ormnuc

D1310JI0T1YHI CUTHAIHA

Jlesiki cucTeMu po3Mi3HABAHHS €MOITI
BUKOPHUCTOBYIOTH (hi310JI0T14HI CUTHAIIH,
TaKli SIK CEpICOUTTS a00 MIKIpHY

MIPOBITHICTh

JluHaMivH1 Ta CKJIa/IHI CepeIOBUIIA

HenepepBHe po3nizHaBaHHS eMOIIiil y

JTUHAMIYHUX a00 CKIIaIHUX CepeIOBUIIAX

BruiuB OCBITJIEHHS Ta SKOCT1 300pakKeHHS

Henocratae abo HanMipHe OCBITIICHHS, a
TaKOX HU3bKA SKICTh 300paKEeHHS
MOXXYTb BIUTMHYTH Ha TOYHICTh CUCTEMHU

pO3IMi3HaBaHHS €MOIIIH

KoHTekcTyanbH1 TOMWIKA

CucreMu MOXyTh HE BpaxOBYBaTH

KOHTCKCT, B SIKOMY BHPA)KAIOTHCA CMOIIiI

KynbTypHi Ta iHIUBIAyaJIbH1 BIIMIHHOCTI

KynsTypHi HOpMU Ta 1HIUBIAyaIbH1
0COOJMBOCTI BINIMBAIOTH HA TEC, K JTIOAU

BUPAKAIOTh EMOITI{

Emoriiina aM0O1BaJIEHTHICTE

JIronu 4yacTo BUpaXXarOTh O1IBIIE OJTHIET
€MOIIii 0JTHOYACHO, 1110 MOXKE CTBOPUTH

CKJIAHOII JJISI CUCTEM

dopMynu sl OLIHKK MOXUOOK MMiJT 9ac po3Mi3HABAHHS €MOIIIN JIOJUHU BKa3aHi

HMKYC.

Mym. [e Bug moxuOKu ceHCOpa, SIKAW MOB'SI3aHUN 3 BUMAJAKOBUMHU BapiarisiMu

curHainy. Mloro Mo)kHa oxapakTepu3yBaTH 3a JOMOMOTOI CTaHAAPTHOTO BIIXUJICHHS G

Ta BiAHOIICHHS curHal-1ryM SNR, siki o6uucitoroThes 3a hopmysioro 1.1:
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SNR = pu/o, (1.1)

Jie WL — IIe Cepe/iHE 3HAUCHHS CUTHAIY;
O — 1€ CTaHJapTHE BIIXUJICHHS IIyMY;
SNR — 11e BiTHOLIIEHHS CUTHAJI-LITYM.

CuiBsinHomenHs curdai-mryM (CCLL abo SNR) Bu3HavyaeThCs sIK CIIBCTaBICHHS
MOTY>KHOCTI KOPUCHOTO CUTHAITY JIO 3HAYCHHS MOTYXHOCTI IryMy. Lle criiBBiiHOIIICHHS

MoOxe 0yTH BupaxeHe popmyroro 1.2:

PS
SNR = —, (1.2)

ne PS — 1ie cepeiHs moTyXHICTh CUTHAITY;
PN — 11e cepeiHsl MOTYKHICTh LIyMY;
SNR — 11¢ BiTHOIIICHHS CUTHAJI-IITYM.
Takox SNR Moxe OyTh OOYMCIIEHMH SIK KBaJapaT BIJHOIICHHS aMIUIITYJ 3a

dbopmyoro 1.3:

SNR = (“umn?, (1.3)

myM

1€ Acyruan — € CEPENHE KBAIPATUYHE CUTHAITY;
Ay — 1€ CEPEIHE KBAPATHIHE MIYMY;
SNR — 11 BiTHOIIICHHST CUTHAJI-IITYM.
YacTo ciBBIAHOIICHHS CUTHAJI-IIIYM BUpaXKaeThCs y nenudenax (ab), 1 A uporo

BUKOPHUCTOBYETHCS Jiorapumivna mkana y ¢popmymi 1.4:

SNR, = 10 * logy, (PP—) (1.4)

IyM

1€ Peyryan — 1€ HOTYXXHICTH CHTHATY;
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Buym — LI€ TIOTYKHICTD LIyMY;
SNR — 11 BiTHOIIIEHHS] CUTHAJI-IITYM.

Takok, MOXJTHBO BUKOPHCTOBYBATH aMILTITY/IH, K 3a3Ha4eHO y popmyi 1.5:

5NRA6==20*loglo(ﬁﬂﬂﬂ), (1.5)

AmyM

1€ Acyruan — 1€ CEPEIHE KBaJIpaTUUHE 3HAYCHHS aMILTITY 1! CUTHAIY;
Ajym — L€ CEPEIIHE KBAJPATUYHE 3HAYCHHS aMILTITY U LIyMY;
SNR — 11€ BITHOILIEHHS CUTHAI-IIYM.

[Tomunka. [e pizHOBU TOXUOKH CEHCOPa, SKUW BiI0YBAETHCS, KOJIM BUMIPIOBAHE
3HAYEHHSI BIAXWISETHCA B1Jl PEAIbHOTO 3HAUEHHS 32 IEBHUM 3aKOHOM.

Haiinpocriiie, TOMWIKY MOYKHa NOJUTATH Ha JIIHIMHY Ta HETIHIAHY.

JliniiiHa nomMuika. BumiproBaHe 3HaU€HHS 3aJI€KUTh BlJ] PEaJIbHOTO 3HAYEHHS, aJle
3 HAasIBHICTIO CTaJIO1 MOXUOKH. JIiHIifHA MOMMJIKA CEHCOpa BU3HAYAETHCS SIK PI3HULT MIXK
BHUMIPIOBAHUM 3HAUEHHSAM Ta PEaJbHUM 3HAUEHHSM, sIKa 30€piraeThCsi MPOMOPLIHHOIO 10

peanbHOro 3HaueHHs. OO0uncIoeThes 3a Ghopmyioro 1.6:
E=(K=*R)+B, (1.6)

ne E — miniiiHa moMuika;
K — 11e koedirieHT MpOnopIiHOCTI;
R — peanpHe 3Ha4YeHHS,
B — 11e crama moxuOka.

Hemmnivina nomuika. HemiHiliHa ITIOMWIKA BHHHKA€, KOJIM BIJJHOCHHH MK
BUMIPIOBAaHUM Ta peajbHUM 3HAYEHHSM HE € JNiHiiHuMU. Hanpuknan, e moxe OyTu
KBaJIpaTUYHA 3aJICKHICTh a00 OyIb-sKa 1HIIA HemiHiiHA QyHKIisA. HemHiitHl ToMIIKN

MOXXYTb OyTH BHpa)keH1 yepe3 OuIbll ckiaaHi (GyHKIi, Taki sk Gopmyna 1.7:

E=(K*R")+B, (1.7)
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ne E — miniiiHa moMuika;
K — 1ie xoedirieHT MponopLiHOCTI ISl HEMIHIHHOT TOMUJIKH;
R™ — peaiibHe 3HAYCHHS 31 CTYIICHEM HEJIHIHHOCTI;
B — 11e cranma moxuOka HeIlIHIMHOT TOMUJIKH.

[ToxuOku anropuTMiB KOMI'IOTEpHOTO 30py. OIliHKa SKOCTI alrOpUTMIB
KOMIT FOTEPHOTO 30PY BKJIFOYAE aHAJII3 TAKUX KITFOYOBHX MOKA3HUKIB, SIK:

1. Precision — BiICOTOK MpaBUIBHO 1ACHTH(PIKOBAHUX TIACHO MO3UTUBHUX
pe3yJIbTATIB 3 YCIX MMO3UTUBHUX MIPOTHO31B ITi/1 Yac poOOTH, 3pO0ICHUX MOICILIIO.

2. Accuracy — 3aragbHUil BIJICOTOK ICHHO TPAaBWJIBHUX IPOTHO3IB,
3p00JIEHUX MOJIEIUTIO Tl 4ac poOOTH, BITHOCHO BCIX BUIIPOOYBaHb.

3. Recall — BigcoTok (hakKTUUHHMX MO3WTUBHHUX PE3YNbTATIB, SIKI MOJENb
3MOIJIa MPABUIILHO 1A€HTU(IKYBATH.

4. F1 score — rapmoniiiHe cepeiHe MK TOYHICTIO Ta BIATYKOM, 1110 3a0e31e4dye
30aJlaHCOBaHy Mipy SIKOCTI MOJIENI.

dopMynu 11 OOYMCIICHHS IIMX MOKAa3HUKIB BKIIOYAIOTh METpPHUKHU: Precision,
Accuracy, Recall, F1-Score.

Precision Bu3HavaeThes 3a opmysioro 1.8:

TP

Precision = : (1.8)
TP+FP
ne TP — icTUHO MO3UTUBHI PE3YNIbTATH;
FP — (anpmmBo NO3UTUBHI PE3yJIbTATH.
Accuracy Bu3HauaeThes 3a popmysoro 1.9:
TP+TN
Accuracy = ————, (1.9)
TP+FP+FN+TN

ne TP — icTuHO MO3UTHBHI PE3yJIbTATH;
TN — iICTUHO HEraTUBHI pe3yJIbTaTH;

FP — ¢anpmmBo mO3UTHBHI Pe3yJIbTATH;
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FN — ¢anpmmBo HeratuBHi pe3yibTaTu.

Recall Buznauaerncs 3a popmyioro 1.10:

TP

Recall = ,
TP+FN

(1.10)

ne TP — icTuHO MO3UTHBHI PE3yNIbTATH;
FN — danpmmBo HeraTuBHi pe3ysibTaTH.

F1-score BuzHauaeTncs 3a popmyioro 1.11:

Fl-score = 2 X PrecisionXRecall (11 1)

Precision+Recall’

ne Precision — TOYHICTB;

Recall — moBHOTA.

1.4 TlocraHoBka 3ajadi 1100 METOAY PO3Mi3HABAHHS €MOIIiil JIIOAUHU Ta BUOIP

3aco01B JJIs1 peasi3alii

VY it poboTI MIaHYETHCS PO3POOUTH METO PO3ITI3HABAHHS €MOIIiH JIFOAUHU, SKUN
OyIe mpaIroBaTH Ha MPUCTPOSX 3 OOMEKEHOIO TTOTYXKHICTIO, IO TO3BOJIUTH MOKPAIIUTH
BUTPATY €HEPropecypciB Ta I0O3BOJIUTH CUCTEMaM OyTH OLIbIIT KOMITAKTHUMH.

OCHOBHUMH 3aBIaHHSIMHU, SKI CTOSITH TEPE] METOJIOM pPO3Mi3HABaHHS EMOIlIN
JIOJIMHYU, €. BU3HAYEHHs JpKepena eMOUliHoi 1Hdopmalii (rosoc, odauyys, mocraBa
TOIO); BHIUICHHS pPEJICBAHTHUX O3HAK, $KI XapaKTEepPU3yIOTh EMOLIMHHUI CTaH;
KJacuikanis eMoLii 3a IEBHUMHU KPUTEPISIMU (HAPUKIad, 3a 0a30BUMH eMOLIsIMU a00
3a BAJCHTHICTIO Ta AaKTHUBAIl€IO); OIlIHKA TOYHOCTI Ta HAMIMHOCTI OTPUMAHUX
pe3ynbTaTiB. JlJis BUpIMICHHS HUX 3aBJaHb 3aCTOCOBYIOTHCS PI3HI METOJIU OOpOOKHM Ta
aHaii3y JaHUX, Kl 0a3ylOThCsl Ha CTATUCTUYHHUX, HEUPOMEPEIKEBUX, €BOJIIOIIIMHUX 200
1HIMX migxoaax. KoxeH 3 uX METOI1B Ma€e CBOT BJIACHI IEpEBary Ta HEJIOIIKH, a TAKOXK

JOCUTH crenudiuHi YyMOBU 3aCTOCYBaHHs. TOMy BaXXJIMBO BHOMpATH ONTUMAJIbHUUN
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METOJI JUIsl KOHKPETHO1 3a/1a4l po3Mi3HaBaHHS €MOIIiil, BpaXOBYIOUH SKICTh, IIBUJIKICTb,
BapTICTh Ta 1HII (HAKTOPH.

[ToTpi6HO PO3POOUTH METO/I, KM 3MEHIITY€E MMOXUOKU B CUCTEMI PO3Ii3HABaHHS
€MOLlil, BUKOPUCTOBYIOUM KOMIT IOTEPHUI 31p, IJIs peali3ailii B cUCTeMax 3 BEJIUKOIO
KUTBKICTIO KaMep CIIOCTEPEIKCHHS.

Taxox He0OX1AHO MIArOTYBaTH HAOIp NaHUX 3 EMOIIMHIUMH BUpa3aMH O0IUY AJis
TpEeHyBaHHS HEHPOHHOI MEpexKi.

[Ticnst miaAroTyBaHHsS JaraceTy HEOOX1HO TMPOBECTH HAaBYaHHS Ta BaJifalliio
HEHPOHHOI Mepexi /I TOUHOTO PO3Mi3HABAHHS €MOIIIH.

[ToTiMm, mpoBecTH TECTYBaHHS Y peaIbHOMY 4aci JJis epeBIPKU HaBYAHHS MOJIEIIL.

HeoOxigHo iHTErpyBaTH CHUCTEMY pO3Ii3HABAHHS EMOIN JIOJWHU 10 I1HIIHUX
CUCTEM JIJI1 KOPPEKTHOI poOOTH.

J11s1 BUKOHAHHS 3aBJaHHA Yy 11 poOO0T1 HEOOX1THO BU3HAYUTHUCH 3 IHCTPYMEHTAMHU :

— BUOIp HEUpoHHOI Mepexi. Jlns BHKOHAHHS I1LOTO 3aBlIaHHS Oyje
BUKOPHUCTaHO HeHpoHHY Mepexy Tensorflow [16], a came Tensorflow Lite [60];

- BUOIp MOBHM TporpamMyBaHHs Ta Bepcii MOBU. Byne BHUKOpHUCTaHO MOBY
nporpamyBaHHsi Python; sik ocHOBHe cepenoBuille i poOOTH 3 HEUPOMEPEKEIO Ta
00poOKHM JaHux Oyje BUKOpHCTaHO Bepciro 3.9.12 [61].

JJ1st KOppeKTHOI poOOTH METOAy Oy/ie MPOBEACHO aHalll3 BIUIMBAOYUX (PaKTOPIB:

— BpaxyBaHHs PI3HOMAHITHOCTI YMOB €KCIUTyaTalii, BKJIOYalOUu Pi3HI TUIH
KaMmep Ta iX CEHCOpiB, pO3MIpHU 300paKEHHSI, Ta YMOBU OCBITJICHHS JJII KOPPEKTOHOT
pOOOTH CUCTEMU BIIJIOMY;

- pO3poOKa  aNrOpUTMIB, CTIMKHX JO TIOMHJIKOBHUX CIpallbOBYBaHb,
BUKJIMKAHUX 30BHINTHIMU (haKTOpaMu, TAKUMH SK OTaJ1, BITEP, Ta CBITIOBI e(heKTH, s
YHUKHEHHSI 3001B BCEpEINHI CUCTEMH;

— MiHIMI3allisi PU3MKIB Ta CTparerii iX YHUKHEHHS Mg 3a0e3medeHHs
JIOBrOTPUBAJIOl pOOOTH CUCTEMH YIPOAOBK YChOTO ITUKIY IHCYBaHHS CUCTEMH;

— IUIaHYBaHHS CTpaTerii Uil YHWKHEHHS ITIKOBUX HAaBaHTaXCHb Ta
3a0e3MedeHHs CTAOUTBPHOCTI CUCTEMH TIiJ] Yac 1HTerpailii HOBOTO METOAY 0e3 CTBOPEHHS

3aTPUMOK y pOOOTI CUCTEMH.
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1.5 BucHOBKH 0 IEPLIOTO PO3ALILY

VY nepmiomy po3auti OyJo PO3TIASHYTO Cy4YacHI JOCTIPKEHHsS PO3Mi3HaBaHHSA
EMOIIi# JIFOIMHU, TEXHOJIOT11, chepr Ta MOKIIMBOCTI 3aCTOCYBAHHS KOMIT IOTEPHOTO 30y
(K3) y noBCSIKIEeHHOMY >KUTTI.

Byno 3po6sieno aHami3 moXuOOK, 10 BUHUKAIOTH 1] Yac PO3Mi3HABaHHS €MOIIii
JIOJWHU, TIPUYMHM X BUHUKHEHHS Ta 3acO0M 3amoOiraHHs BUHUKHECHHS TIOMHJIOK 13
MOXJIMBICTIO MIHIMI3aIlli pU3HUKIB.

byno mpoananizoBaHo HaykoBi myOiikaiii Ha CXO0Xy TEMaTHKy IJs Kpailoro
PO3yMIHHS; TaKOXK MTPOAHAIII30BaHl BapiaHTH peaizailii BUPIIICHHS CX0XKHUX MPoOJeM.

AHami3 mpeIMeTHOI rajgy3l Ta MPOBEJACHUX JIOCTIKeHb MTOKa3aB, 10 ISl pOOOTH
OUIBIIOCTI CHCTEM pO3II3HABAHHSA €MOLIM JIFOAMHU HEOOXITHO MaTH JOCUTh MOTYXHI
MPUCTPOI, 1 3BaXKAIOUU Ha HEOOX1HICTh POOOTH CUCTEMHU HAa OOMEKEHUX MOTYKHOCTSX,

HallKpauM BUOOpoM OyJie BUKOpUCTaHHA Helipomepexi Tensorflow.
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2 BUKOPUCTAHHA WITYYHUX HEHPOHHUX MEPEX [Js
BU3HAYEHHS EMOLIHHOI'O CTAHY

2.1  MeToauku KOPEKIIii TOMIJIOK Y CUCTeMaX BU3HAYCHHS eMOITi

JIns BUSIBJIGHHST YCI1X MOXKJIMBHUX MOXHMOOK Mijl 4ac po3IMi3HABaHHS €MOIN CIIijT
MaTH PO3yMIHHS PO y3arajibHEeHy cxeMy (QyHKI[IOHYBaHHs Ta KiacudikyBanHsa. Cxema

300pakeHa Ha pUCYHKY 2.1.

i ™y
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Pucynok 2.1 — 3arasibHa cxeMa (DyHKIIIOHYBaHHSI Ta KJIIaCU(PIKyBaHHS

Jlns peanizaiiii po3ni3HaBaHHS €MOIIIN JTIOJIMHY Y peaibHOMY Yaci 3a JOIMOMOI0I0
KOMI'IOTEPHOTO 30py HEOOX1HO 3a0€3MEeUUTH BUCOKHU PIBEHh TOYHOCTI Ta HU3BKY
3aTpuMKy. [[pOTO MOXKHa JOCATTH, SKIIO BpaxyBaTH pPI3HOMAHITHI (QakTtopu, SKi
BIUIMBAIOTh Ha MIBUKICTh Ta SKICTh 00poOKu nanux. L1 pakTopu MokHA pO3AUIUTH Ha
KUIbKAa TOJIOBHUX KaTeropid, $Ki CTOCYIOThCS PI3HUX acCIleKTiB POOOTH CHUCTEMHU
KOMIT'FOTEPHOTI0 30pYy Ta ii B3a€MO/Ii1 3 OTOUEHHSIM:

— NOMUWJIKY 1A€HTU(IKALIIT;

- MOMWIKH 1]l 4ac CIIPUIHATTS JaHUX;

— MOMWIKH M1 4ac poOOTH CUCTEMH.

JleTanpHilIe po3riITHEMO KOXKHY 3 ITUX KaTeropiil.

ITomunku inenTudikamii. [ToMmunku dyepe3 HETOCTATHICTh JaHHMX JJIS HaBYAHHS
Helipomepexi. Hampukian, cucremMa moxke He 17eHTU(IKYBaTH IEBHI eMOIlii abo
BUPAXEHHSI OOJIMYUs Yepe3 Mally KUIbKICTh 300paKeHb Cepel HaBuUaJbHUX Habopax

JaHUX Ta aaTtaceTiB. Takox 10 IIi€i Kareropii HaJIekKaTh MOMUJIKH OECIOCEpPEeaHBO
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00poOku Ta kBamidikamii manux. Hampuxman, xubHa kinacudikaiis Ta KiacTepu3allis
JAaHUX TI1]1 4Yac TPEHYBaHHS HEUPOMEPEKI MOXKE CIPUUYMHUTU BKa3aHHS HENPABUILHUX
eMOIIIH IM1J1 yac po3Mi3HaHHS Ha 300pakeHHsAX. KpiM Toro, 10 moMuiok iaeHTudikamii
BIJTHOCSITHCS TIOTAHE OCBITIICHHS Ta HU3bKa PO3IUIbHA 3JaTHICTh KAaMEPH I 9ac MpoIiecy
po3Mi3HaHHs. Sk MpuKiIag MOXHA MPUBECTH Kamepy, sika mpairoe 0e3 OCBITIECHHA, a00
KaMepy, SKa He MIAXOAUTh JJs pO3Mi3HABaHHS 4Yepe3 CBOi HU3bKI TEXHIYHI
XapaKTePUCTHUKHU.

[loMunku mig yac COpudHATTA AaHuX. Jlo HUX MOMHUIOK MOXHA BIJIHECTH
npo0sieMH 13 COPUMHATTAM 1H(OpMaLIii adropuTMaMu 4epe3 HEBIpHE HaIMMCaHHS KOy,
a00 HempaBWIbHE ONTUMI3YBaHHS Mporpamu. Sk mpuKiaa, CTBOPEHUM alrOPUTM MOXKE
OyTH HEMPUUHATHUM JIJIS JAHUX 13 TIEBHUM THUIIOM, a CaMe, PO3Mi3HaBaHHs €MOIIii MOXe
HE MPAaLOBaTH MPABWIBHO Ha PI3HUX €THIYHUX IpyHax yepe3 Mally KIJIbKICTh 300pakeHb
JUIsl HaB4aHHS Ta kiacudikyBanHs. [lle oqHuM mpukiagoM MOXHA Ha3BaTH aJITOPUTM,
KWW T1J] Yac JACTEKIll HEBIPHO BU3HAYAE MOJIOKEHHS Ta MexX1 o0nuyus. [{o Toro x, 10
JTAHHOTO BUAY MOMMWJIOK HajieXkaTh MOMUJIKU, SIK1 BIIHOCATBCS JIO arapaTHOI CKJIaI0BO1
CUCTEMH. 30KpeMa, 1€ MOXXyTb OYyTHM IMOMWJIKH, II0 BHHHUKAIOTh Ye€pe3 amaparHi
oOMekeHHA. MoJiedl MOXYyTh HEKOPEKTHO IMPaIlOBaTH YEpe3 3aHaATO Maily KIJIbKICTb
maM’sTi Ta HEIOCTaTHIM 0OCAT CXOBHINA, a00, MOXKYTh BUHHKATH IOMUJIKH, CTBOPECHI
XUOHOI0 poOOTOI0 YChOT0 00JIaIHAHHS, HAITPUKJIIAJ, HEKOPEKTHOI poOOTH IpoLecopa mijg
yac po3IMi3HABaHHS.

[Tomunku mig yac pobotu cuctemu. lle momMmiIKu, COpUYMHEHI MOPYUICHHSM
3B’SI3KY T4 HEKOPEKTHOIO POOOTOI0 CUCTEMH B IIIIOMY.

[TeBHi HAOOpHW JaHUX MOXKYTh 3HUKHYTH 111 YaC TPAHCIIOBAHHS (HAIPUKIIAI, T1i]T
yac BUHUKHEHHS TMEPENIKOIN Ha NUIAXY), a00 MPUXOAUTH 13 TIEBHUMH 3aTPUMKAMHU T
yac TpPaHCIIOBAaHHSA. Yce II€ MOXKe TPHU3BECTH A0 CTBOPCHHS MOMHIIOK Y CHCTEMI
1meHTHdIKaIi eMOIIIH.

Takok, 10 NIbOr0 X BHUIY KaTeropii MoO)XKHa BIJHECTH ¥ TOMUJIKH
CUHXPOHI3YBaHHS IaHUX 3 PI3HUX KaMmep.

[Tpuknaz ycix 3araqbHUX MOMHUJIOK, METOIU JJIA iX YHUKHEHHS, MiHIMI3allii Ta iX

kiacudikaiis HaBeaeH1 y Tabsmii 2.1.
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Meton

Ormnuc

BukopucTanHs KOiB 7151 BUTIPABIICHHS

nommiiok (ECC)

ECC mMoxyTh OyTH 3aCTOCOBaHI y
0araToKJIaCOBUX CIIEHAPIsIX
PO3Ii3HABAHHS €MOIIIH IS T ABUIIIEHHS

TOYHOCTI

Amnams3 BIIUIMBY IIOMHWJIOK aBTOMATHUYHOI'O

po3mnizHaBaHHsa MoBU (ASR)

JlociayKeHHs IOKa3yoTh, 1110 TOMUJIKH
ASR MOXyTb CyTTEBO BIUIMBATH Ha

CHUCTEMH PO3MI3HABaHHS €MOIliH

Kopekiist Baru yBaru

VY cucremax, o0 BUKOPUCTOBYIOTh
MOJIeJ1 YBaru, MOXKHa BJIOCKOHAJIUTH

KOpeKI_[iI-O Baru AJjis1 CJIOBECCHOI'O piBHiI

BukopucranHs BUX1THUX KOJIB JIJIs

BunpaieHHs nmoMuiiok (ECOC)

ECOC moxyTh OyTH 3aCTOCOBaHI1 151

OaraToMiTKOBOI Kiacudikallii eMoIii

MoienroBaHHs IIOMHAJIOK Ta 1X

BHIIPABJICHHA

Po3pobka monenen, siki MOXKYTh
IMITYBaTH MMOMUJIKH, 3a3BUYAM
3yCTPiUalOThCS B CUCTEMaX BU3HAYCHHS

€MOILIHI

AJTanITHBHI MOPOTOB1 3HAYCHHS

BcTaHoBIIeHHS aIalTUBHUX TTOPOTOBHUX
3HAYCHB JUIA Kiacudikarlii eMoIii

3MEHIIMNTH KIJIbKICTh IIOMUJIOK

BukopuctanHs KOHTEKCTHOT 1H(popMarlii

[aTeTpariis KOHTeKCTHOI iH(popMaIIii
MOJKE JIOTIOMOT'TH CHCTEMI Kparie
PO3yMITH IOTOYHUI €MOIIIIHUI CTaH Ta
BIIPABHOBIIpearyBaTy 3BaXKarouu Ha

€MOIIIF0
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Meton

Ormnuc

BaraTo3aILaqu HaB4YaHHJ

[aTeTparis 6arato3agavyHoro HaBYaHHS
MOJK€ ITOKPAITUTH 3araJIbHy TOYHICTh

CHUCTCMHU

AHaJ1i3 9yTIUBOCTI Ta cenu@igHOCT1

Perynspuuii anami3z 4yTIUBOCTI Ta
crienip1YHOCTI CHCTEMH Ma€ 3MOTY

1meHTrdikyBaTH c1abKl MicIs

IHTCpaKTI/IBHe HaBYaHHA

3aly4eHHs] KOPUCTYBaviB JI0 MPOIECY
HAaBYAHHS CUCTEMH MOKE 3HaYHO
MOKpPAIIUTH TOYHICTh PO3Ii3HABAHHS

eMOIIH

['muboke HaBYaHHS 3 MIIKPIMIEHHAM

Buxopucranss MeTo/11B rITMO0KOTro
HABYaHHS 3 MIJIKPIIVIEHHAM MOXE
JIOIIOMOI'TH CUCTEMI CAMOCTIHHO
BUSIBJISITH Ta KOPUTYBATH MIOMUJIKH, IO
JI03BOJIUTH 30UIBIIUTH TOYHICTH MOJEI]

Ta IMOKPAIIHUTL PE3YyJIbTATHU

2.2 Ornsn HEHPOHHUX MEPEX, IO 3aCTOCOBYIOTHCS Y JOCIIKEHH1

[Tin yac mpoBeneHHS JOCHIKEHHS OYyJIO 3p00JI€HO aHall3 OCTaHHIX HAyKOBHUX

pOOIT SKi CTOCYIOTBCSI PO3Mi3HABAHHS €MOIi 3a IOMOMOTOI0 PI3HUX HEHPOHHHUX MEPEK

Ta crnocoou ix kmacudikyBanHs. HaykoBi pobotu Oynu HamucaHi, 00 TOKa3aTu

3actocyBanHs mojeneit Ha ocHoBi CNN, Takux sk Tensorflow, AlexNet, VGGNet Ta

610miorek YOLO anst pisHUX ranmy3eil y peajbHOMY JKUTTI, TaKMX SIK XiMisi, GloJoris,

MeauIuHa, smart city Ta kidepoesmneka. [lepernsnyTo gpizuuHi cucTeMH, po3Mi3HABAHHS

BUpPa3iB 00JIUY.
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PesynbpTatu ananizy HayKOBUX pOOIT HaBeACHO B TaOIuIi 2.2.

Ha ocHOBi aHamizy Be iCHYIOUHX PIIICHb IO PO3Mi3HABaHHIO OyJI0 BHUPIIIECHO
CTBOPHUTH BJIaHMM AaTaceT 13 12 300pakeHb ISl TECTyBaHHS 1 3pOOUTH MOPIBHSAILHUN
aHaJIi3 MPaBUIBHOCTI PO3Mi3HABAHHS €MOIIiH JIFOIUHHU.

Jlns mipoBeZieHHsI TeCTyBaHHS Oy oOpaHi Taki Hedpomepexi, sik Tensorflow,
Pytorch, YOLOvVS, YOLOv9, YOLOv10. /latacer, sikuii OyB IiArOTOBICHUI Ta 310paHuii
JUISL TECTYBaHHS AKOCTI MOjeliel, 300paxeHuit Ha pucyHKy 2.2. Bin mictuth 12 4opHO-
01X KapTUHOK 13 300paK€HHsIM JIIOJIeH, K1 MOKa3yroTh pi3Hi emorrii. Ileit gatacer

JI03BOJIMB MOPIBHATH MOKA3HUTH SIKOCTI cepell BUOpaHUX MOJENEeH.

Tabmui 2.2 — Pe3ynbraT aHamizy JOCTIKEHb

Hasga Pix CrBopena Oco0nuBoCTI Brus/3actocyBanHs

MOJIEN1 CTBOPEHHS

AlexNet [63] | 2012 Augekc Bicim  mapiB, | [lokpammuia
KpukeBcbkuil y | BKITIOYAIOUU pe3yibTaTH y
CIIBIIpaIl 3 | I'SITh 3maranHi ImageNet y
[nnero 3roptkoBux Ta | 2012, 3HU3UBIIH
CyukeBepom Tpu MOMWIKY top-5 10

HOBHO3B s13HUX | 15.3%

mapu
VGGNet 2014 Kapen bararomapoBa | Bucoka TOYHICTH Ha
[64] CumoHsiH Ta | apxitektypa 3 | ImageNet, MaiKe
Ennpro npioaumu (3x3) | 92.7% TodHOCTI Yy

3iccepMmaH 3 | 3TOPTKOBUMHU top-5 TecTyBaHHi

Oxkcdopacekoro | pinbTpamu st
YHIBEPCUTETY MOKpAIICHHS

poboTu Mojerni
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Hasga Pix CrBopena Oco0nuBoCTI Bmuus/3actocyBanHs
Moenl CTBOpPEHHS
ResNet [65] | 2015 Kaiimin Xe, | BukopucroBye | Burpama  ILSVRC
Canarro  Ykawn, | “3aIMIIKOBI 2015, MMOMMJIKA
[aoxin Pen, ta | 6;moku”™ JUISL | TPEHYBAHHS ~ JIMILIE
[3staB CyHB TpEeHYBaHHS 3.57%
MEpEexK
Inception 2014 Komanna 22 mapu, | 3HA3WIa  TNOMUIKY
(GoogLeNet) JOCJTITHUKIB BUKOPUCTOBYE | top-5 y ImageNet no
Google MOIYJTi 6.7%
Inception
EfficientNet |2019 Komanna Compound Bucoka TOYHICTH Yy
[66] JTOCITITHUKIB scaling JUTSL | pI3HUX 3aJa4ax
Google Al MacuITa0yBaHHS | KOMIT FOTEPHOTO 30py
IUPUHH,
IMOVHU
MobileNet 2017 HNocmigauku 3 | OntumizoBana | Knmacudikarris
[67] Google JUIsi MOOUTBHUX | 300pakeHb Ta
MIPUCTPOIB 00’ €KTHOTO
BUSIBJICHHS
SqueezeNet | 2016 Hocmignuku 3 | BukopuctoBye | Knacudikaris
[68] DeepScale, “fire modules” | 300paxkeHb 3
ImageNet
DenseNet 2017 Gao Huang, [psimi [Tokpaiye MOTIK
[69] 3’€IHaHHS iHbOopMarii




Pucynox 2.2 — Jlatacet jist mepeBipku skocTi mojaenei [70]
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OCKiJ’IBKI/I, JaraceT MICTHTB JIMIIIE 306pa)KeHH$[ OI[Hi€.1' JIOAWHU Ta JIMIIC OJHY

eMol1i0 Ha ¢$OTO, TO TECTYBaHHS MOJEJNEH MOIraio y MpaBHIBHOCTI BUOKPEMIICHHS

00JIMY Ta TPaBWIBLHOCTI BCTAHOBJICHHS €MOIlli BIJIMOBIIHO N0 300paxxeHHs. Ycs

iH(popMallig Ta pe3yabTaT Oynu Kiacu]iBKOBaHI Ta HaBeIeHl y Tabmuii 2.3.

Tabnuusg 2.3 — Pe3ynbTaTi HOCTIIKEHD 1aTaCeTy

Kpurepii Tensorflow | Tensorflow | YOLOv8[71] | YOLOvV9 | YOLOvVI10
[16] Lite [60] [72] [73]

Jlume Ta 11 10 11 11 11

eMOTIIist

Pozniznana | 1 | 0 0 1

o0myust

aje He

€MOIIII0
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Kpurepii Tensorflow | Tensorflow YOLOvVS8 [71] | YOLOv | YOLOvV10
[16] Lite [60] 9172] [73]

Bumankis, |0 1 1 1 0

Mepexa He

3Moria

PO3II3HATH

oonyus

% 91.6 83.3 91.6 91.6 91.6

MpaBUILHU

X

BIIIOBIIEN

ITepeBarn | 'HyuKicTh OnrtumizoBan | Bucoka Bucoka | HosiTHi
Ta MUPOKUNA | a 1Jis TOYHICTb TOYHICTH | 3ac00U
CIIEKTP MOOUIBHHUX pO3IMi3HaBaHH pO3Mi3HaBaHH
3aCTOCYBaHb | IPUCTPOIB 1 o
y cdepi
po3Mi3HaBaH
b

2.3 IliaroroBka HabOpy MaHUX Ta JAaTACETy JJIs TPECHYBAHHS MEPEXKi

[TinroToBka HAOOPY MAaHUX NJIsi TPEHYBAHHS HEHPOHHOT MEPEXi 3 BUKOPUCTAHHSIM

TensorFlow Ta TensorFlow Lite BuMarae peTrenbHOTO MIAXOAY, SKHM 3a0e3MmeduThb

BHUCOKY SIKICTh Ta PEJICBAHTHICTh AaHUX JJI1 €()eKTUBHOIO HaBYaHHS Mojielil. OCHOBHUM

3aBJIAHHSIM € CTBOPEHHS 1aTaceTy, SIKWi TOYHO BioOpakae pi3HOMaHITHICTh eMOITIHHUX

CTaHIB, sIK1 MOJIEJIb IOBUHHA PO3ITi13HABATH.
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Ha mowatky mpomecy 300py naHux HEOOXigHO 3i0paTH BEIUKY KUIBKICTh
300paxkeHb 00JIMY 3 PI3HUMH eMOIIMHUMU BUpa3aMH. L1 300pakeHHs TOBUHHI BKJIIOUATH
pI3H1 BIKOBI TpYIM JIIOJEH, €THIYHI Ta pacoBl IPyIH, CTaTh, a TaKOX MOBHHHI OyTH
3po0JIeHI B PI3HUX yMOBAaX OCBITJCHHS HABKOJHUIIIHHOTO CEPEJOBHINA Ta 3 PI3HHUX
pakypciB. Lle 3abe3meunTs, 10 MOJIENIb Oy/I€ 3/1aTHA PO3ITI3HABATH €MOIllii B IITUPOKOMY
CHEKTP1 CUTYaIIiH.

Koxne 3i0pane 3o00paxkeHHs MOTpeOye aHOTaIi, sika BKa3ye€ Ha TMPUCYTHIO
eMoIlif0. AHOTaliss Moxe OyTH BHKOHAaHa Bpy4YHYy a00 3 BHUKOPHUCTAHHSIM
aBTOMATHU30BaHUX 1HCTPYMEHTIB, aji¢ BOXXJIMBO, MO0 KOXKHA aHOTaIlis OyJia mepeBipeHa
JTIOAMHOIO JUIst 3a0€31eYeHHS] TOYHOCTI.

[Ticnst 300py Ta aHOTAIlT JaHUX, BOHU MTOBUHHI OYTH MIJATOTOBJICHI 10 TPEHYBaHHS
mozeni. lle BKiIOYae HopMmami3alilo 300paKE€Hb JO OJHAKOBOTO pO3MIpY Ta
MacmTabyBaHHs KOJIbOPOBUX KaHaMIB A0 (opmaTy, SKud TPUHAMAETHCS MOJEIUIIO.
Hanpuknan, saxio monens odikye nai y ¢dopmarti float32 3 miamazonom 3nauens Bifg 0
70 1, BC1 300pakeHHsI MIOBUHHI OyTH BIJIOBITHO HOPMaJi30BaHi.

Jyist 3a0e3neueHHs y3arajabHIO40l 3JaTHOCTI MOJIET, JaTaceT PO3JISEThCS Ha
TpEeHYBaJIbHUI, BalJalliHU Ta TecToBUM Habopu. TpeHyBaibHHMI  HaOIp
BUKOPUCTOBYETHCS [l HaBYAHHS MOJENI, BaTIAMIMHUN - [ HaJalITyBaHHS
rineprnapaMeTpiB Ta YHUKHEHHS NEpeHaBYaHHS, a TECTOBUM - JJI OI[IHKU KIHIEBOI
TOYHOCTI MOJIENI.

AyrMmeHTarlisi 1aHuX € MIe OJHUM BaXXJIMBUM KPOKOM, SKHU JOMOoMarae Mojelni
cTaTy Outbill podacTHOO. Ile MoXke BKJIIOYATH 3MIHM B OCBITJICHHI, JOJABaHHS IIyMY,
3MIHM B MacmTabli Ta TOBOPOTH 300pa)keHb. Taki TEXHIKH JIO3BOJISIIOTH MOJIEII
HABUYUTHUCS PO3MI3HABATH €MOIIi1 HaBITh KOJIM BX1JHI JIaHl HE 1/IeabHi.

banancyBaHHSI KJaciB € BaXXJIMBUM, OCOOJIMBO SIKIIO JEsAK1 €MOLlii peacTaBieH1
MeHIie, HiXK iHmm. e Moxe OyTH IOCSITHYTO 3a IOMOMOIOI0 TE€XHIK PECEMIUTIHTY, SIKi
3a0€e3MeuyloTh PIBHOMIpPHE MPEACTABICHHS KOXKHOI €MOllli B TpEeHyBaJbHOMY HaOOpi
TaHUX.

[Ticnst MATOTOBKM NAaHWX, BOHU BUKOPHCTOBYIOTHCS JIsl TPEHYBAHHS MOJENI 3a

nonomoroto TensorFlow. BaximnBo BHOpaTu BIANOBIIHY apXITEKTYpy HEHPOHHOI
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Mepexi, siKa MAXOAUTh Ui 3a1adl po3nizHaBaHHs eMolliil. TensorFlow Lite mo3Bosnse
ONTHUMI3yBaTU TPEHOBAHY MOJENb JJisi IIBUIKOI POOOTHM Ha MOOUIBHUX HPUCTPOSX,
3MEHIITYIOYH i po3Mip Ta 3aTPUMKY 0€3 3HaYHO1 BTPaTH TOYHOCTI.

Ominka Ta TecTyBaHHsS MOJEJI Ha MEPEeBIPKOBOMY Ta TECTOBOMY HaOOpax NaHUX
JI03BOJISIE TIEPEBIPUTH ii TOYHICTH Ta 3JATHICThH J0 y3arajlbHeHHs. Lle Bkirodae aHaii3
MOKa3HWKIB, TaKWX SK TOYHICTh, BTpaTa, YYyTJIUBICTh Ta CHENMUDIUYHICT, WI00
3a0€3MeYUTH, [0 MOJIEIh MPAIIO€ HAIICKHIUM YHHOM.

B oMy, miarotoBka Habopy JaHUX ISl TPEHYBAaHHS HEMPOHHOI MEpExKi € JOBOJ
CKJIQJHUM TIPOIIECOM, KU BHUMAarae yBaru 0 HaWMEHIITNX JeTajiell Ha KO)KHOMY eTarll,
B 300py maHux 10 omiHku Mojeni. Bukopucranns TensorFlow Ta TensorFlow Lite
n03BOJIsiE  €(DEKTUBHO BHKOHYBATH IIeH TMpoIlec, 3a0e3Meuylouyd BHUCOKY SIKICTh Ta
TOYHICTh MOJIEN1 IJIsl PO3MI3HABAHHS €MOLIii.

[Toxin 300paxkeHb Ha TPEHYBaJbHI, BaJIJAIIHI Ta TECTOBI HA0OpU € BAXKIMBUM
€TanoM Yy IMIArOTOBLI JaHUX MJid TPEeHyBaHHS HeWpoHHOiI Mepexi. lleit mpouec
3abe3reuye, MO MOJeab Oyjae 3/aTHa HE TUIBKM HABUMTHCS PO3MI3HABATH €MOIIii Ha
JTaHUX, Ha SIKUX BOHA TpPEHYBayacs, ajie i e(peKTUBHO y3arajbHIOBaTH CBOI 3HAHHS Ha
HOBUX, HCBUIIMHX JAHUX.

TpenyBanbHuii HAOIp JaHUX BUKOPUCTOBYETHCS JJIsi O€3MOCEPETHHOTO HAaBYaAHHS
mozeni. lle ocHoBHuUII HaOip, HAa SKOMY MOJIENb “BUMTHCS~ PO3MI3HABATH EMOIIli,
aJanTyIOuUCh O BIACTUBOCTEN Ta 0COOIMBOCTEN naHuX. TpeHyBanbHUI HAOIp MOBUHEH
OyTH JOCTaTHHO BEIMKAM Ta PI3HOMAHITHUM, 100 MOJETh MOIJIa HABYUTHCS
pO3MI3HABATH MHUPOKUN CIIEKTP EMOLIIMHUX BUPA3IB.

Bamipamifinuii HaGlp MaHUX BHKOPUCTOBYETHCSA JJISI TOHKOI HACTPOWKH Ta
BaJIi a1l MOJIEII ]| Yac mpoliecy TpeHyBaHHs. BiH qomoMarae BU3HaA4UTH, KOJIA MOJIENb
MOYMHAE MEepPEeHaBYATUCA, TOOTO KOJHM 1 MPOAYKTUBHICTH Ha TPEHYBaJbHOMY HabOpi
MPOJIOBXKYE TOKpAIlyBaTUCs, aje TMOTIPIIyeEThCS Ha  BadijamiitHoMy HaOopi.
Banmipauiinuii HaOlp TakoXX BUKOPUCTOBYETHCS ISl BUOOpPY HaMKpamloi MoOeni Ta
rineprnapamMeTpis.

TecToBuit Ha0lp JaHUX € KIHIIEBUM ICIIUTOM JiJisi MOJieil. BiH BUKOPHUCTOBYEThCS

micysl 3aBEpUICHHS BCIX €TaliB TPEHYBaHHA Ta Badijallii, 100 JaTH OLIHKY, HACKUIbKU
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n00pe MOJENb MOXKE aIalTOBYBaTH CBOE HABUAHHS Ha IMOBHICTIO HOBUX JIaHUX. TecTOBHiA
Ha0lp MOBUHEH OYTH 130JIbOBAHUM BiJI TPCHYBAJIBHOTO Ta BaJidalliiHOr0 HAOOpPIB 1 HE
BUKOPHCTOBYBATHUCS B MPOIIECi TPCHYBAHHHI.

[TpaBuibHUY TTOALT JAHUX Ha I TpU HAOOpH JomoMarae 3a0e3MeyuTH, 10 OIliHKa
Mozeni Oyne o0’€KTUBHOIO Ta BigoOpa)kaTuMe ii peajibHy 3/IaTHICTh J0 PO3Ii3HABaHHS
eMOLII{ y PI3HUX YMOBax Mpu 30epeKeHHI MOYATKOBUX HANAIITyBaHb Ta KOHQIrypamin
0e3 HeoOX1THOCTI KOPUTyBaHHS CaMOi MOJIEI.

JlataceT MOXYTh OyTH K BIAKPUTHMH, TOOTO CTBOPEHI KOpHUCTyBadaMmu, TaK 1
3aKpUTUMH, TOOTO CTBOPEHI BUCHUMH JJIs CIIEI[ialbHOTO HaBYaHHS Mojeneil. [lepeBaru

Ta HEJIOJIIKH KOXKHOTO 3 JIaTaceTiB 300paxkeH1 y Tabmuisax 2.4 - 2.5.

Tabmuusg 2.4 — IlepeBaru Ta HEJJOJIIKM BUKOPUCTAHHS BIJIKPUTHX J1aTACETIB

HepeBarH BHUKOPHUCTAHHA Bi,Z[KpI/ITI/IX

J1aTaceTiB

Henoniku BUKOPUCTAHHS BIAKPUTHUX

J1aTaceTiB

HoctynHicTh. Binkpuri 1atacetu jgerko
JOCTYTHI JJ1s1 TOCTITHUKIB Ta

PO3pOOHUKIB

AxicTe qanux. [HOMI BIAKPHUTI JaTaceTH
MO>XKYTb MICTUTH ITOMUJIKK 200 OyTH

HCIIOBHUMU

Exonowmist yacy. BukopuctanHs roTOBHX

JaTaceTiB 3HAYHO CKOPOUYE Yac

PenpesentaruBHicTh. J[aTaceTn MOXYTh
HE B1I00OpaxaTu Pi3HOMAHITHICTh

peaIbHOro CBITY

CninpHoTa. Benuka cminpHOTa
KOPHCTYBaYiB Ta JOCIITHUKIB, K1

MOXKYTb HaJaTH MATPUMKY Ta TIOpaTU

AKTyanbpHICTb. JlesiKi 1aTaceTu MOXKYTh
OyTH 3acTapiIUMH, 1 HOBITHI IaHI MOXYTh

OyTH HEJOCTYIIHI

benumapkunr. Binkpuri natacetu 4acto
BUKOPHCTOBYIOTHCS JUISl TIOPIBHIHHS
MPOTYKTUBHOCTI PI3HUX MOJIETIeH Ta

ANTOPUTMIB

Hanmipue Bukopucranus. [lomymnspHi
JATAaCeTH MOXYTh OyTH “3aHaIITO
3HAMOMUMHU™~ MOJEISM, 1110 MTPU3BOJIUTH

710 TIepeHaBYaHHS
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[lepeBaru BUKOpPHUCTAHHS BIAKPUTHX

J1aTaceTiB

Henomniku BUKOPUCTaHHS BIIKPUTHX

JIaTaceTiB

Crangaprtu3anisa. barato BigkpuTux
JaTaceTiB MalOTh CTaHIapTU30BaHi
¢dopmaTH, 110 MOJIETTIIYE TX THTETpaliio Ta

BUKOPHUCTAHHA Y PI3HUX MPOEKTaX

JlinensyBanns. He BCi BIZKpuUTI gaTaceTu
MOKYTh BUKOPHUCTOBYBATHUCS JISI

KOMEPILINHUX ITiIei

Tabmui 2.5 — [lepeBaru Ta HeIOJIIKK BUKOPHUCTAHHS CIIEIIaII30BaHMUX JIaTaceTiB

HepeBarH BHUKOPHUCTAHHA

CIerlari30BaHUX aTaceTIB

Henoniku BUKOpucTanHus

CIeIlali30BaHUX 1aTaceTIB

Bucoka peneBantHicTb. [laTacetu
MOXKYTb OyTH CIIELIAIbHO PO3pOOJIECHI
JUTSI BIATIOBITHOCTI KOHKPETHUM BUMOTaM
MPOEKTY, 10 3a0e3Meuy€e BUCOKY

PEJIEBaHTHICTD JAHUX

OOmexeHa pi3HOMaHITHICTb.
CremnianizoBaHi JaTaceTH MOXKYTh HE
BiJIOOpa)kaTH BCIO PI3HOMAHITHICTh
€MOIITHUX BUPA31B, SIK1 MOJIETb MOXKE

3YCTPITH B pEaIbHOMY CBITI

KonTtponroBana sikicTb. MOXKIIUBICTh
KOHTPOJIIOBATH Mpoluec 300py Ta aHOTaLi
JaHuX 3a0e3Mevuye BUCOKY SIKICTh
JaTacery, 0 HaJla€ Kpally MOXJIUBICTh

B3a€MO/IIi BCEpeIMHI HA0Opy TaHUX

Bucoka BapTticTs. CTBOpEHHS
CHenl1aJi30BaHUX AaTACETIB MOXKE OyTH

A0POIrUM Ta 4aCO3aTpaTHUM IIPOLCCOM

TouHicTh aHOTaMid. AHOTAIlli, BUKOHAHI
eKCIIepTaMH, MOKYTh OyTH OlIbIII
TOYHHMH, 110 ITOKPAIy€ HABUYAHHS Ta
BaJI1JIaL1F0 MOJEII 11T 3pDYYHOCTI

KOPHUCTYBaHHS HAOOPY TaHUX

Cxknamnicth 300py AaHux. 301p
CIIeIlali30BaHUX JaHUX MOYKE BUMAratu

cnenu(piyHuX yMOB ab0 o0aIHaHHS
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IlepeBaru BUKOpUCTAaHHS

CIeriari30BaHuX J1aTaCETIB

Henoniku BUKOpUCTaHHS

CIieIiari30BaHUX J1aTaCETIB

VYHUKHEHHS yTIepeIKEeHOCTI.
CrerianizoBaHi JaTaceTH MOXYTh OyTH
CIPOEKTOBaHI TAKUM YHHOM, 100
YHUKHYTH YIIEpEIHKCHOCTI, TPUCYTHHOI B

JACAKHX BiI[KpI/ITI/IX Jaracerax

OOMexeHHs1 y BUKOPUCTaHHI.
CrerianizoBaHi JaTaceTH MOXKYTh MaTH
0OMEKEeHHS Ha BUKOPHUCTAHHSI, III0 MOXKE
YCKJIAIHUTH X TTOTaJTbIIE

PO3MOBCIO/IKEHHS 200 BUKOPUCTAHHS

Apnanrariist 10 cieru@iYHIX YMOB.
JlaTaceTn MOXXyTh OyTH aanToBaH1 10
cnenupiYHUX YMOB BUKOPHCTAHHS,

HaIIPUKJIaJ], OCBITIEHHS a00 paKkypciB

[Totpeba B ekcnieprax. Jlns anoTarii Ta
MEePEBIPKU JaHUX MOXKE 3HAI00UTHUCS

3aITy4eHHs KBaJli(DIKOBAaHUX €KCIIEPTIB

HasBHicTs 3aco0iB 00poOKku Ta Kiacu@ikaiii 300pakeHb € HaJI3BUYAIHO

BOXJIMBOIO JJISl TPOIECY HAaBYAaHHA MOENed MaIIMHHOTO HaBUYaHHS, OCOOJIMBO B
o0nacTsX, € BUKOPUCTOBYIOTHCS BI3yallbHI JaHl, Takli K Komm roTepHuil 3ip. Lli
IHCTPYMEHTH BIIITPAIOTh KPUTUYHY POJIb Y MIATOTOBILI JTaHUX, SIK1 € PYHIAMEHTOM JIJIst
OyIb-s1KOi e(PEeKTUBHOI MOJIEIII.

[Tepmr 3a Bce, 00pobOka 300pakeHb JO3BOJISIE CTAaHAAPTU3YBATH BXIAHI JaHi, IO
crpusic OuUIbIN ePeKTUBHOMY HaB4YaHHIO. Hampukinan, 3MiHa po3Mipy 300pakeHb 110
equHOTO (hopMaTy, KOPEKIlis OCBITISCHOCTI Ta KOHTPACTY, a TaKOX HOpMaizarlis
KOJILOPIB 320€3MeUyI0Th, III0 MOJIENIb HE BUTPAYa€ PECypCH HAa BUBUCHHS HEPEJIEBAHTHUX
Bapialiil y 1aHUX.

Knacudikauis 300paxenb, 3 1HIIOro OOKy, JoloMarae B CTPYKTYpyBaHHI
natacetry. BoHa Bu3Hauae kateropii abo MITKH, sIKI MOJIeJb TOBUHHA BUBYUTH, 1
3abe3reuye 4iTKE PO3MEXKYBaHHS MK pI3HUMH KiacaMu. Lle ocoOnmBO BaXIMBO B
3a/layax po3Mi3HaBaHHs oOpa3iB, J€ MOJETIh MOBUHHA BU3HAUWTHU, N0 SKOi KaTeropii

HAJIEXKUTh KOKHE 300pasKEeHHS.
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Kpim Toro, 3acobu 06poOku Ta kinacuikaiiii J0momMararoTh BUSIBUTH Ta BUTIPABUTU
MOMUJIKM B JaHUX, TaKl SK HEMpaBWIbHI MITKH a00 MOIIKO/KEHI 300pakeHHs. Lle
3a0e3Mevye BUCOKY SIKICTh TPEHYBAJIBHOTO JaTaceTy, IO € KIOYOBHUM JJIs TOCSTHEHHS
BHUCOKOi TOYHOCTI MOJICIII.

Hapernri, i iHCTpyMEHTH JT03BOJISIIOTh BUKOHYBATH ayrMEHTAllll0 JaHUX, TOOTO
MITYy4YHE 3017bIICHHS PI3HOMAHITHOCTI TPEHYBAJILHOTO HA0OPY IUIIXOM BHECEHHS 3MiH
10 300pakeHb, TaKUX SIK TOBOPOTH, MaciiTa0yBaHHsA, a0o0 JOJaBaHHS MIyMY.
AyTMeHTaIlisl JaHWX MOKE 3HAYHO TMOKPAIIMTH 3JaTHICTh MOJETI y3arajabHIOBaTH Ta
npaioBaTH e(PEeKTUBHO HA HOBHX JAaHUX, SKI BOHA HE Oauuiia IiJ] 4ac TPeHyBaHHS.

Takum ynHOM, 3ac00M 00pOOKHU Ta Kiacudikalli 300pakeHb € He3aMIHHUMU JIJIs
CTBOPCHHSI TOTY)KHHUX Ta TOYHUX MOJIeNied MAIIMHHOTO HaBYaHHS, $KI MOXYTh
e(heKTUBHO MPAIIOBATH 3 BI3yalbHUMU JaHuMU. [Ipukinan neskux 3aco01B it 00OpoOKu

300pakeHb HaBEJICHO y Ta0auI 2.6.

Tabnuus 2.6 — 3acobu asst 00poOKU TaHUX

3aci6 / bidbmiorexka | Onwmc [lepeBaru Henomniku

OpenCV [74] bibmioTeka 3 [upoxuii BUOIp Moxe Oyt
BIJIKDUTUM KOJIOM | IHCTPYMEHTIB I | CKJIQJIHOIO JIJIs
TUTSt 00poOKHU HOBAYKIB
KOMIT FOTEpHOTO 300pakeHb
30py

Pillow (PIL Fork) | biGmioteka ais IIpocta y O6mexeH1

[75] 00poOKH BUKOPHCTaHHI MOXJTUBOCTI
300pakeHb TIOPIBHSHO 3

OpenCV

scikit-image [76] bi6mioTeka mis [HTerpartis 3 MeH1 miaxoauTh
00poOKu THITUMHA JUTsl poOOTH B
300pakeHb 61010TEKaAMHU peaibHOMY Yaci
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3aci6 / biomioreka

Ormnuc

[IepeBaru

Henomikn

TensorFlow/Keras

biomorekn s

Bucoka rHydKicTh;

Bumarae Ginpiie

rJIMOO0KOTO iATPUMKA pecypciB A
HaBYaHHS, SIKi CKJIaJTHUX TpeHYBaHHS
MOXYTh MEPEKEBUX
BUKOPUCTOBYBATHUCS | apXITEKTYypP
JUIs Kitacudikarii
300pakeHb

PyTorch [77] bi6moreka ms I'ayukicts y Mooxe 0yt

MAIIIMHHOTO IPOCKTYBaHHI CKJIAJTHOIO JIJISI
HaBYaHHS, SKa MOJICNICH; IITMpPOKa | HOBAUYKiB
MIATPUMYE HiATPUMKA
UHAMIYH1 JIOCJITHULILKOL
004YHCITIOBAJIBHI CITIILHOTH
rpadu

Fastai biomioreka, sika Bucoka OOmexeHa
noOyaoBaHa Ha 0a3l | IPOJYKTUBHICTb; THYYKICTh
PyTorch, cnpomtye | mpocroTa MOPIBHSTHO 3
TPEHYBaHHs BUKOPUCTaHHS guctuM PyTorch
MOJeJIEH TIINOOKOTr0
HaBYaHHS

Albumentations bi6moreka ais [IIBuaka ta Croeraii3oBasa Ha
ayrMeHTaIlii e(eKTHBHA ayrMEeHTaIlii, He
300paKeHb ayTMEHTaIlis JUTS 3arajibHOT

00poOKHU
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[Ticns anamizy ycix 3aco0iB il OOpOOKM JaHMX HaM HEOOXIJHO BUOpaTu
maTopMy 3 JataceTaMu ISl HaBYaHHS Haioi Mojeni. [licas mopiBHSHHS yCiX TUTOCI
Ta MIHYCIB K 3aKpUTHX, TaK 1 BIAKPUTUX JaTaceTiB, OyJ0 BHUPIIICHO 3aCTOCOBYBATH
BIIKpUTI nataceTu. Haitbinpmoro miatdopMoro 3 BIIKpUTHMHE JaTacetamu € Roboflow.

Roboflow € inHOBaIiiiHOIO MIaTGOPMOIO, sIKa HajJa€ 3HAYHI MOXKIMBOCTI JJIs
po0OTH 3 JaTaceTamMu B 00J1aCTi KOMIT IOTEPHOTO 30py. BoHa MpOMOHy€E MUPOKHiA CIIEKTP
BIJIKPUTHX JIaTACETIB, IKI MOKYTh OyTH BUKOPHUCTAaHI JIsl TPEHYBaHHS Ta BAOCKOHAJICHHS
Mojieiell MamuHHOro HapuaHHSA. Lli gaTaceTH OXOIUTIOIOTH PI3HOMAaHITHI CIieHapii
BUKOPUCTAHHSA, BiJl TIPOCTOTO PO3Mi3HABAaHHSA 00’ €KTIB J0 CKIATHUX 3a7ad, TAaKUX 5K
CEMaHTHYHA CETMEHTAIlis Ta Kiaacudikarris.

Roboflow He numie Hamae AOCTyn JI0 TOTOBUX JaTaceTiB, ajie ¥ MPOIOHYE
IHCTpYMEHTH Uil iX ayrMeHTaunli Ta ontumizanii. KopucryBadi MOXYThb JETKO
3MEHIIYBaTU PO3MIPU JaTaceTiB, 30LIBIIYBaTH iX PI3SHOMAHITHICTh 3a JOMOMOIOIO
ayrMeHTallli, 10 BKJIIOYA€ 3MIHM OCBITJICHHS, MOBOPOTHU, MacCIITa0yBaHHS Ta IHIII
tpanchopmariii. Taki ¢yHKIII T03BOJSIOTH MIATOTYBATH JATaceTH, SIKI Kpalie
BIJINOBIJIAI0TH creludiyHuM notpedam mpoekty. I[lepeBarum Ta Hemoiku TuiaTGopMu

HaBe/IeHO Yy Tabmuill 2.7.

Tabmuug 2.7 — IlepeBaru Ta He0J1iKM BUKOpUcTaHHs Roboflow

IIepeBaru

Henomnixku

Benuka xosexist garacetis. Roboflow
Ma€ OJIHY 3 HaWOUIBIINX KOJEKIIIH
BIJIKPUTHUX J1aTACETIB, 10 MOCTIMHO

OHOBIIOETBCA

3asiexkHICTh BiJ cepBicy. Bukopucranus
nataceTiB 3 Roboflow moxe cTBoputu
3aJIeKHICTD BiJ MIaThopMu Ta ii

IHCTPYMEHTIB

['oToBicTh 10 BUKOpHCTaHHS. JlaTaceTn
Ha Roboflow noctynni y 6aratbox

dopmarax

OOmexeHHst HAa BUKopucTtanHs. He Bci
JATACETH MOXKYTh OyTH BUIBHO

BUKOPUCTAH1 JIsl KOMEPLIMHUX II1IeH
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[lepeBaru

Henomkn

[actpymentu ayrmenrarii. [Inatdpopma
MPOIOHYE MOTY>KHI THCTPYMEHTH IS
ayrMeHTaIlli, K1 JormomMararoTh
30UTBITUTH PI3HOMAHITHICTh JAaHUX Ta
MOKPAIIMTH y3arajibHIOIUy 3/1aTHICTh

MOJIeIeH

Kinekicte moneneii. Hemocratus

KUIBKICTh MOJICJICH JIJIs1 HABYAHHS MEPEK

CninbHoTa Ta miaTpuMka. Roboflow mae
AKTUBHY CIUIBHOTY KOPUCTYBaYiB Ta
PO3POOHUKIB, SIKI MOXKYTh IUTUTUCS

3HaHHsJIMHU Ta HaJaBaTu HiI[TpI/IMKy

[Ipocrora BukopucTanus. [HTYiTUBHO
3pO3yMLJIi THCTPYMEHTH POOIISATH
Roboflow goctynHum muist KopucTyBayiB

PI3HOTO PiBHS JOCBITY

[Ticnst BU3HAYEHHS 3 TIATGOPMOIO 7S TIOMTYKY JAaTaceTiB Il TPEHYBaHHS HAIIOi

HelipoMepexi, MOTPIOHO BIaCHE BU3HAYUTHUCH 3 0a3010 qaHux. Cepen 6aratbox HaOOPiB

300paxeHb Oyino BuOpaHo came Fer2013, ockinbku 1eill gaTaceT Mae HaMOUIbILY

KUTBKICTh 300pakeHHSI, 1110 € IJIFOCOM JIJIST TPEHYBaHHS HAIIOT MOJICITI.

Hatacer FER2013 (Facial Emotion Recognition 2013) € omHum 3 HanOIbII

BIJIOMUX Ta IMIUPOKO BUKOPHUCTOBYBAHUX JAaTaceTiB y cepi po3mi3HABaHHS €MOIIiH 3a

JIOTIOMOTOI0  KOMIT IOTepHOTO 30py. Bin OyB cTBOpenuii s koHKypey Kaggle, ne

YYaCHMKH 31 BChOI'O CBITY MOTJIM To3maraTucs y cdepi HaBuaHHs monenei. Lei naracer

MicTuTh ToHaA 35,000 300paskeHb 00JIMY JIFOACH, SKI BUPaXXalOTh CIM OCHOBHUX €MOIIi:

THIB, OTUJIa, CTpax, IIacTs, CMyTOK, 3JMBYBaHHS Ta HEUTpanbHUil cTaH. lle mo3Bosisie

HaBYUTHU MOACJIbL Ha JOCUTH BHUCOKOMY plBHl Ta HaJgacCTb MO>KJIHUBICTH IMOKpalyBaTHu
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pe3ynbTaTH MOJIENI NUISXOM JIOJaBaHHS HOBUX 300pa)K€Hb Ta HOBUX €MOIIIA BIILIIOMY.

Oco06IMBOCTI IIBOTO JIaTaceTy HaBeeH1 y Tabuii 2.8.

Tabmuis 2.8 — OcobmmBocTi natacety Fer2013

Oco0IuBICTD

Jleram

KinpkicTs 300pakeHb

[Tonax 35,000 300pakeHb y BiATIHKAX
ciporo (grayscale), po3mip 48x48

IMKCEIB

Kareropuzaris emorriit

KoskHe 300paskeHHsI Ma€ MITKY OJHIET 3

CEMHU e€MOIIIi

Po3noaur nanux

[Toxinenuii Ha TpeHYBAJIBHUM,

BaJIiIAllITHUIM Ta TECTOBUM HAOOpH

Pi3HOMaHITHICTH BUpa3iB

[upoxuii criekTp BUpa3iB 001MY, a caMme

7 eMo1iit

JloCTymHICTh FER2013 noctymnHuii yepe3 matrgopmy
Kaggle

CranpapTu3aiiis FER2013 € ctangapTuzoBaHuM

IaTacETOM

Benuka KUIBKICTh JaHUX

Jlo3Boutsie TpeHyBaTH TIIMOOKI HEHPOHHI

Mepexi

Pi3HOMAaHITHICTE EMOLIIA

Cim kateropiit eMorrii

[TinTpuMKa CHIUJIBHOTH

Benuka cniiibHOTa KOPUCTYBaUiB, SIKi
IIOHS 3aBaHTAXYIOTh 0€3J114 HOBUX

MoJieJIel Ta MOKpalyloTh BKe HasiBHI
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2.4  Kowudirypaiiiss HEHpOHHOT MEPEXKi ISl HABYAHHS

Panime, y npoMy JT0KyMeHTi, Oyj0 PpO3TSIHYTO Ta IOPIBHSHO JESKI MOJel
HEHpOMEpeXK, sIKi MIIXOIATh JUIsl pO3Mi3HABaHHA eMoIlid. Tak, Sk 3amada JOCTIHKCHHS
MOJIATaE y PO3pOOJICHHI METOMy SKHA Oyje MpaImfoBaTH Ha MPUCTPOSX 3 OOMEKECHOIO
MOTY>XKHICTIO, TO HalikpaumM BapiantoM Oyzae Tensorflow Lite moaens. [l Toro, mo6
orpumatu Lite Bepcito Moieni, cnoyaTKy HeoOX1AHO HaTpeHyBaTu Mojienb Tensorflow, a
noTiM KoHBepTyBaTu Mmozenb y .tflite(Tensoflow Lite) ¢gopmar. 3aranphuii mpoiec

HABYaHHS Ta NEPETBOPEHHA 300paKeHHI Ha PUCYHKY 2.3.

TpeHysaHHA Moz ]—»[M onens TensorFlow "1epeTaopeHHR Ta H Mopent TensorFlow
KDOHERPCIA Lite

v

; . Odpodka gaHmy \ .

HaguaHHA Moger Datay E aeiir BHOMY uepes f'u1n,.; J:I]::’ Ll.r:I; abriﬁolw
MiEDOKOHTRONER A Pid

Pucynok 2.3 — Ilpouec ctBopenns Tensorflow Lite mogemi

Jist 3pyunocti Oyno Bukopuctano API nist Tensorflow, a came Keras.

Keras - nie BucokopisueBe API nns TensorFlow, sike cmpolrye Ta mpuCKOpIO€E
MpOIIeC MAIMHHOTO HABYaHHS, 30CEPE/KYIOUMCh HAa CYyYaCHHUX METOJIaX TIMOOKOTO
HaBuaHHsA. Keras 7103BoJisi€ KepyBaTH KOKHUM KPOKOM poO0OYOro Mporecy MaliuHHOTO
HaBYaHHS, BiJI MIITOTOBKH JIaHUX JI0 HAJAIITYBaHHS TiIeprapaMeTpiB Ta PO3TOPTaAHHS.

OcnogHi enemenTu Keras - 11e mapu (layers) Ta mogemni (models). [llapu B Keras -
[ MPOCTI TEPETBOPEHHS BXIAHUX/BUXITHUX JaHUX, a MOJCNIb - II€ HaIpaBJICHUM
anukIiyHui rpa¢ mapis. Lle o3nauae, 110 Bu Moxkete moOyayBaTH CKJIa/iHI apXITeKTypu
HeHpoMepexk, MOETHYIOUN mapyu B pi3zHi KoHpiryparii. [le 3HauHO crporrye poOoTy 3
TPEHYBaHHSAM PI3HUX MOJIEJICH Ta MPUILBH/IIITYE B3AEMOIIFO 3 KOPUCTYBAUEM.

[Topisusino 3 TensorFlow, Keras Hanmae 6inbin mpocTuit Ta 3po3yminuii iHTepdeiic,

SKUU J1I03BOJISIE MIBUAKO PO3NOYATH pOOOTY 3 TITMOOKUM HaBYAHHSIM, HE 3arJu0JII0I0YUCh
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y CKIaaHOCTi Hu3bkopiBHeBHX omepauiii TensorFlow. OcnoBHi mnepeBaru Keras
MOJIATAIOTh V:

1. [aTYiTUBHICTB. [HTYITUBHO 3p03yMiTi a0CTpaKIIii JJIs MIapiB Ta MOJCIICH, 1110
JI03BOJISIE JIETKO CTBOPIOBATH Ta MOAM(IKYBATH HEMPOHHI MEPEXKI;

2. MoaynbHicTh.  MOJYNBHICTH  JO3BOJISIE  JIETKO ~ Ta  IIBHUJKO
eKCIIEPUMEHTYBATH 3 PI3HUMH apXiTEKTyPaMu;

3. ['nyukicth. ['HyuKicTh y BUOOPI BUCOKOPIBHEBUX a00 HU3bKOpiBHEBUX API,
3aJICKHO B1J1 MOTPEO MPOCKTY.

TensorFlow Lite € merxkoBaroBoro Bepcieto TensorFlow, omTumizoBaHOw0O miist
MOOUIbHHMX Ta BOYJOBAHHUX MPUCTPOIB 3 OOMEKEHOIO MPOAYKTUBHICTIO. BOHa J103BOJISIE
BUKOPHCTOBYBAaTH MOJI€JII MallIMHHOTO HaBYaHHS, SKi OyJM HaBUEHI Ta PO3pOOJICHI 3
BuKopucTaHHaAM TensorFlow, ame B OUIbII KOMMakTHOMY Ta €(pEeKTUBHOMY (opmari.

Oco06mBoOCTI 111€1 MOJIEI1 HaBeneH1 y TabuIl 2.9.

Taomung 2.9 — OcobmmBocti Moaei Tensorflow Lite

Oco0JIMBICTH Omuc

EdexruBnicTh Mopeni TensorFlow Lite ontumizoBadi
JUISL TITBUJIKOT pOOOTH Ha TIPUCTPOSIX 3
00MEKEHOIO MPOTYKTUBHICTIO, TAKHUX SIK

MOO1IbHI Tenedonu Ta loT npuctpoi

KommakTHICTE Mopeni TensorFlow Lite maroTe MeHIIMIA
PO3MIp MOPIBHSAHO 3 OPUTTHATBHUMH

TensorFlow monemsamu

['HyuKicTh TensorFlow Lite miaTpumye mupoxuit
CHEKTp MIaTPOpM Ta apXITEKTYP,
BKirouaroun Android, 10S Ta
MIKPOKOHTPOJIEPHU I TPOYKTHUBHOT

pobotH
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Oco0uBICTH

Ormnuc

CninpHOTa Ta MiATPUMKA

TensorFlow Lite Mmae cunbHy MATPUMKY
BiJl CIIIBHOTH Ta PO3POOHUKIB, L0
3a0e3mnedye peryJsipHi OHOBJICHHS Ta

IMOKpPAIICHHA

O6mesxeHHs QYHKIIIOHATBHOCTI

Jlesiki cKItajiHi oreparliii Ta apXiTeKTypH,
ski goctymnHi B TensorFlow, MoXxyTh He

nigrpumyBarucs B TensorFlow Lite

TouHiCcTh

KBaHTOBaH1 MO/I€Il MOKYTh MAaT TPOXH
HUKYY TOUHICTH IMOPIBHSHO 3

HOBHOpO3MipHHMI/I MOACIIMHA

IBuakKicTh 1H(epeHii

Moieab ONTUMI30BaHA JUIS MIBUIKOL

po0OOTH HAa MOOLITEHUX MPUCTPOSIX

OT1xe, micJis TOro SIK 0YJIO BUBHAUEHO YC1 aCMEKTH 111070 BUOOPY MOJIei, TOTPIOHO

PO3IIEIHYTH HAJIAIITYBaHHA MOI[CJ'Ii JIIsL MaKCHUMaJIbHO1 HpOI[YKTI/IBHOCTi ITICJISI HaBYaHHS

1 IT1JT yac po3Mi3HABAHHS €MOITIMH.

[Ipornec TpeHyBaHHs MO/I€JIe MallIMHHOTO HABYAHHS YaCTO BUMArae iTepariiHoro

MIIX0My, SIKMM CHPSIMOBAaHUN Ha TOJIMINEHHS KIIOYOBUX TMOKA3HHUKIB €()EKTUBHOCTI,

TaKHX K aKypaTHICTh, TOYHICTh Ta BIATYK. 3a3BUUai, K0 Habip JaHUX € 00’ €MHUM Ta

KOPEKTHO aHOTOBAaHUM, MOJIMBO JOCSTTH 3aJ0BIILHUX PE3yibTaTiB 0€3 HeOOX1THOCTI

3MIHIOBaTH MOJENb abo 11 HamamTyBaHHsA. OnHAK, iepes Oyab-IKUMH MOAM(IKAIIISIMHU,

PCKOMCHAYETHCA CIIOYAaTKy BHKOHATH TPCHYBAHHA 3 BHKOPUCTAHHAM CTAaHIAPTHHUX

HajamryBaHb. L{e 103Bosise BcTaHOBUTH 0a30BUM PIBEHb IPOYKTUBHOCTI T4 BUBHAYNTH

MOXKJIMBOCTI JIJIsS TIOJAJIBIIOTO BIOCKOHAJEHHS. Jlam po3riistHeMO JeKiabKa KIFOYOBHX

aCIEKTIB, SIK1 CJI1/1 BpaXOBYBaTH NPH HAJAIITYBaHHI TPEHYBaHHS MOJENEH, 30KpemMa:

- BU3HAYCHHS KIJTLKOCTI €MoX (IIMKIIIB) TPEHYBAHHS;
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— HAJNAIITYBaHHS crienuiKaliil BXiTHUX 300paKeHb;

- peryJIroBaHHS PO3MIpy MaKeTy JIaHUX JJIsi 00pOOKH;

- BKa3aHHs TilepriapaMeTpiB HEOOX1THUX JJIs1 TPECHYBaHHSI.

TpuBamicTh TpeHYyBaJIBHOTO TPOIECY, BHPaXKEHA B €M0oXax, Mae Oe3mocepeaHii
BIUIUB Ha SIKICTh MOedi. 30UIBIICHHS YHCIa €MOX MOXKE IMOKPAIUTH JAeTali3alliio
HABYaHHS, X04a ICHY€ PU3UK, 1110 MOJIETh 3aHAJITO ‘‘3amaMm’siTa€’ TPEeHYBaJIbHI JIaHi, 110
BIIOMO SIK mepeHaBuaHHsA. [y moxeneil, cTBopeHux 3a gomomoroi TensorFlow 3
BukopuctanHaMm Keras API, mouatkoBa pexomMeHpjaliss Moxke OyTH BCTaHOBJICHHSM
npubian3Ho B 100 emox. SIKmio aHamiz moka3ye BiICYTHICTh MEpEHAaBYaHHS, KUTbKICTb
enox MoxkHa 30uTbmuTH 10 250 a6o HaBiTh 400. TensorFlow 3 Keras Takox npomnonye
IHCTPYMEHTH JJIsl MOHITOPUHTY TIE€pEeHaBYaHHsI, TaKl sK mapametp ‘patience’ y QyHKIIii
3BopoTHOro BHWKIMKY EarlyStopping, 1mo m03BoJisIE TPUNUHUTH TPEHYBAHHS, SKIIO
MOJIEJIb HE TTOKPAIIY€ETHCS MTPOTITOM BU3HAUCHOTO YUCIIA €TI0X.

[lomo po3mipy 300pakeHb, ONTUMANIbHI PE3yJIbTAaTH YacTO JIOCATAIOTHCSA, KOJU
po3Mipu 300pa)keHb U1l pO3Mi3HABAHHSA BIJIMOBIAIOTH a00 OJIM3BKI JO PO3MIPIB
300pakeHb, BUKOPUCTAHUX IM1JI Yac TpeHyBaHHsA. SIKII0 300pa)k€HHS MICTITh Oarato
OpiOHMX JAeTalield, MOke OYyTH KOPHUCHUM BUKOPUCTAaHHS OUIBIIUX 300pa)k€Hb MJis
tpenyBaHHs. Y TensorFlow, 3a 3amoBYyBaHHSM, MOJIE1 MOXKYTh OyTH HATPEHOBAHI Ha
300pakeHHsIX po3MmipoMm 640 mikceniB, ajie mapaMeTpy TPEHYBAaHHS JT03BOJISIOTH JIETKO
3MIHIOBaTH PO3MIpH 300pa)KeHb 3a JOMOMOroI0 Omiii ‘—img’, Hanpukiaa, ‘—img 1280’
(po3mip kaptunku y 1200 mikceniB).

Po3mip nakery, abo ‘batch size’, Bu3Hauae KiIbKICTh 3pa3KiB, sIKi 0OpOOJIAIOTHCS
OJIHOYACHO ITiJ1 4aC OJTHOTO MPOXOAY alropuTMmy. L{e BrinBae Ha IBUKICTh TPEHYBAaHHS,
OCKUJIBKH OLIBII IMAKETH JTIO3BOJISIIOTH MOl 0OpoOJIaTH OlIIbIIIE TaHUX 3a OJHY CIOXY.
[IpoTe, 3aHaATO BEJIMKI MAKETH MOXYTh CHOBIILHUTH OHOBJICHHS Bar Mojefi. bimblii
MaKeTH TaKOX MOXYTh 3TJIaJKyBaTh TPAMIEHTH, IO CHPUSE IMIBUAINIOMY JOCSITHEHHIO
ONTUMAJILHOTO PIIICHHS, ajie BEJIUKI MaKeTH MOXKYTh 3MEHIIMUTH 3JaTHICTh MOJIEII J10
y3araiabHeHHs. KpiM Toro, po3mip makeTy noB’si3aHUi 3 00UHCITIOBAIbBHUMHU PECYPCaMH,

OCKUJIbKH O1JIBII ITaKeTH BUMArarTh OLIbIIe TaM’aTi 11T 00poOKH.
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Hapemti, rimepnapaMeTrpu €  CTPYKTYPHMMM  HaJalITyBaHHSAMH,  SIKI
BCTaHOBITIOIOTHCS TIEpe]] TTOYATKOM TPEHYBaHHS 1 HE 3MIHIOIOTHCS MPOTATOM IPOIIECY.
Bonn BKIIOYaIOTH Taki mapameTpH, SK IIBUIKICT, HaBYAHHS, KUIBKICTh IapiB, THUIIH
¢byHKIi# akTHBaIlii Ta OoNTUMI3aTopiB. Bubip mpaBUiIbHUX TinepnapaMeTpiB € KIIOYOBUM
JUIS YCHIITHOTO TPEHYBaHHS MOJIENl Ta JUIs 3aro0iraHHs HEO0OX1JHOCTI MOBTOPHOIO

HauyaHHA. OCHOBHI MMapaMeTpu Ta iX onuc mpeacTaBieHo y Tabmui 2.10.

Tabnuusg 2.10 — OcHOBHI rinepnapameTpu

[Tapamerp Omuc Brus
[IBUAKICTH HABYAHHS Busznauae, HacKiIbKH 3aHaATO BUCOKA
(Learning Rate) IIBUJIKO MOJIEIIb IIBUJIKICTh MOXKE

aJanTy€eThCs 10 MPOOJIEMH | IPU3BECTH JIO TOTO, IO
MOJIEb “‘TIepecTpuoHe”
4yepe3 ONTUMAJIbHI
pIIIEHHS, a 3aHAJITO
HHU3bKa — JI0 TTIOBILHOTO
HaBYaHHS a00 3yNMMHKYU Ha

JIOKaJIbHUX MIHIMyMax

Kinekicts enox (Number | KiibKicTh MOBHUX Bbinbiia KUIbKICTh €M0X
of Epochs) IIPOXO/IIB Uepe3 MOX€E MOKPALIUTH
TPEHYBaJIbHHM J1aTaceT TOYHICTh MOJIENI, aJle

TaKO0X 301JIbIITY€E PU3HUK

nepeHaBYaHHS
Po3mip makety (Batch KinbkicTh TpeHyBanbHUX | Benuki maketn MOXyTh
Size) IPUKJIIAAIB, SKI MIPUCKOPUTH TPEHYBAHHS,

00pOoOJISAIOTHCS 3a OJIUH pa3 | ajie BUMAararoTh OljIbIIe
nam’siTi Ta MOXKYTh

3MEHIINTHA TOYHICTD
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0Aar0Th mrpad 10

dbyHKIIT BTpat

[Tapamerp Omuc Brnus
Perynspuzariis Texniku, Taki sk L1 abo 3anobirae nepeHaBYaHHIO,
(Regularization) L2 perynspu3aitis, 3MYIIIYIOUH MOJIENb

30epiratu Baru

HCBCIIMKUMHU

OyHKIISA aKTUBALIIT

(Activation Function)

Busznauae Buxin mapy

HEHWPOHIB

Pi3Hi pyHKIIIT akTUBAITIT
MOKYTb BIUTMBATH Ha
3aTHICTH MOJIEN 10

HaBYaHHS Ta ii MOBEIIHKY

Ontumizatop (Optimizer)

AJITOpUTM, SIKUI
BUKOPUCTOBYETHCS JIsI
OHOBJIEHHS Bar MOJENI T

qac TPCHYBAaHHA

Pi3n1 onTumizaropu
MOXYTb BIUTMBATH Ha
MIBUJIKICTh Ta CTAOLUIBHICTH

HaB4YaHHA

2.5 BucHOBKH A0 Ipyroro po3ainy

[tyuni HedponHi mepexi (LILIHM) mBuako HaOyBalOTh MOMYJSIPHOCTI SIK
edeKTUBHUHN 3aci0 JJi1 KOPUTYBAHHS MIOMUJIOK Y CMCTeMax KoM toTepHoro 3opy (CK3).
[XHst 31i0HICTH 0 ajamnTarii Ha OCHOBI OOILIMPHUX JAHUX Ta 1IEHTU(IKAIIS CKIATHUX
B3a€MO3B’SI3KIB POOUTH iX ONTUMAJIbHUM DPIIICHHSM [JIi TakuxX 3aBaaHb. OCHOBHI
nepesaru 3actocyBanHs [ITHM mist kopexiii momusok y CK3 nopiBHSHO 3 KITACHYHUMU
MeToJaMu 00pOOKHU 300pakeHb BKIIOYAIOTh BUCOKUH PIBEHh TOUYHOCTI, aJallITUBHICTD Ta
PO3IMIMPEH] MOXKIIMBOCTI JJII aBTOMaTH3alii. Huxde mpeacTaBieHo aeKiibKa IPUKIIaIiB
Bukopuctanus [ITHM y mi#i chepi:

- pecraBpariiss  300pakeHb. [IITHM MoxyTh OyTu 3acTocoBaHi IS
PEKOHCTPYKIIT YIIKOHPKEHUX YU PO3MHUTHX 300paKeHb, BITHOBIIOIOYM BTpaueHi abo

MTOIIKOIKEH1 MIKCEeNI;
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— knacudikauis 300paxens. [IIHM edextuBHI 115 po3noiny 300paxeHb Mo
KaTeropisix, HaBiTh y MPUCYTHOCTI IITYMY YX TIEPEKPUTTS;

— nerekiis 00’ektiB. [IIHM MOXyTh BHUSBIATH 00’€KTH Ha 300paKCHHSX,
HE3aJIC)KHO BiJ YaCTKOBOT'O MPUXOBYBAHHS a00 CKIIAJHUX YMOB OCBITJICHHS;

- cermenTainis 300paxkens. [IIHM 3aaTH1 po3aiinsaTu 300pakeHHsS Ha OKpeMi
CETMEHTH, HaBITh KOJIU TPaHMII MI>K HUMHU pO3MHUTI a00 HEPIBHOMIpHI;

— TpekiHr o0’exTiB. [IIHM moxyTh OyTH BUKOpPUCTaHI AJi CIIIKyBaHHS 3a
00’€KTaMU y B1ICOTIOTOKAX, 10 € KOPUCHUM JIJIs1 KOHTPOJIIO Tpadiky, cucTeM Oe3rneKku Ta
aBTOHOMHOT'O BOJTIHHSI.

[ITHM € noTy>kKHUM 1HCTPYMEHTOM, SIKHI MO>K€ ICTOTHO IMiIBUIIUTH €(heKTUBHICTh
CK3. 3 ornsiy Ha iXHIM TOCTIMHHUM PO3BUTOK, OYIKYETHCS, 1110 BOHU BIITPaBaTUMYTh I1I€

OUIBIII 3HAYYILY POJb y BUNpaBieHHI moMuiIok y CK3 y MailOyTHbOMY.
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3 METOJIMKA TA AJIOPUTM BHU3HAUEHHS EMOLINA VY
PEAJIBHOMY YACI 3A IOIIOMOI'OI0 HEMPOHHOI MEPEXKI

3.1 TIlporec TpeHyBaHHS MEpeXi s 11eHTU(IKAIlIT eMOITii

IIporiec TpeHyBaHHS HEHPOHHOI Mepexi s iAeHTU(IKalii eMollil BKIIouae
KUJIbKa KITIOYOBUX €TAITiB:

1. [TinrotoBka panux. HaByaHHs HEHpOHHOI Mepeki TMOYMHAETHCA 3
MIJTOTOBKUA JATACeTy, SIKUM CKIAAa€ThCs 3 300pakeHb 0OJIMY JIFOJeH Ta BIAMOBIIHUX
MITOK eMoLii. 300pakeHHs MOXYyTh OyTH HOpPMalli30BaHI Ta ayrMEHTOBaHI Jis
MOKpPAIICHHs PI3HOMAHITHOCTI Ta SKOCTI JaHUX.

2. Bubip apxitekrypu mojeni. Bubip mpaBuibHOI apXiTeKTypud MOJENl €
BOKIMBAM KpokoMm. JIisi 3amad posMmi3HABaHHS €MOIlid YacTO BUKOPHUCTOBYIOTHCS
3roptkoBi HelponHi Mmepexi (CNN), ski miaxonsaTh I 0OpoOku Ta kiacudikarii
300paxeHb.

3. Hapuannsa moaeni. I1ig yac uporo eramy, MOJeNb “BUUTHCSA PO3Mi3HABATH
€MOIIi1, KOPUTYIOUH CBOT ITapaMeTpU Ha OCHOBI MTOMUJIOK, SIK1 BOHA poOuTh. Lle BkiIrovae
B cebe npsmuii mpoxif (forward pass), 1e MoJieab poOUTh TPOTHO3W HA OCHOBI TOTOYHHX
napameTpiB, Ta 3BopoTHmi mpoxin (backward pass), nme Trpami€eHTH TMTOMHUJIOK
PO3MOBCIOIKYIOTHCS Ha3a/1 Yepe3 MEepPExKy, 00 OHOBUTH MapaMeTpH.

4. Bamipgauia ta recryBanss. [licns TpeHyBaHHsS MOZEIN1, BOHA MEPEBIPSIETHCS
Ha BaiiganiifHoMy HaOOpi JaHUX, KU He BUKOPUCTOBYBABCA Iij] yac TpeHyBaHHs. Lle
JI03BOJISIE OI[IHUTH, HACKUIBKH JT0OpE MOJENb y3araJlbHIOE CBO€ HaBUAaHHS Ha HOBUX
nanuXx. [licns 11p0r0, MOJIENIb TECTYETHCSI HA TECTOBOMY HAa0Op1 JaHUX, 00 OIIHUTH il
KIHIIEBY MPOAYKTHUBHICTb.

5. OnTtumizalliss Ta HamamTyBaHHsA. Ha OCHOBI pe3ynbTariB Bajifamii Ta
TEeCTyBaHHS, MOJENb Ta il MapaMeTpu MOXYTh OyTH JTOAATKOBO OITHMI30BaHI Ta
HajamroBaHi. lle Mo)ke BKIIIOYAaTH 3MIHY TileprnapaMerpiB, TaKUX SK MIBHIKICTh
HaBYaHHS, PO3MIP MAKETY, KIIBKICTh €M0X, a TAKOXK apXITEKTypy MOJEI.

6. Posropranns. Ilicns Ttoro, sk Mopaenb Oyjia HaBYeHa, BalllJOBaHa,

NpOTECTOBaHAa Ta OINTHMI30BaHa, BOHAa MOXE€ OYTH PO3TOpHYTa JUIsl peaIbHOro
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BUKOpHCTaHHSA. e Mo)ke BKIIFOUaTH KOHBEPTAIiI0 MOJeNi 0 hopMaTy, IKUid Moxke OyTH
BUKOPHUCTAaHUN Ha MUIbOBIN TuiaTdopmi, Hanpukiaa, TensorFlow Lite mis MoOimpHHX
MIPUCTPOIB.

Lle#t mpotiec € iTepaTUBHUM, 1 MOKe OyTH MOBTOPEHUI KiJIbKa pa3iB, JOKH He Oyie
JIOCSITHYTO 3a/I0BUIbHOT POAYKTUBHOCTI. KOKeH eTan BUMarae peTesibHOTrO TIaHyBaHHS
Ta BHUKOHAHHS, aje pe3yJbTaTOM € TMOTYXXHa MOJENb, 3JaTHA PO3IMi3HABATH €MOIIii 3
BHCOKOIO TOYHICTIO Ta HAJIHHICTIO.

[Ipomiec HaBuYaHHS INTYYHOI HEHPOHHOI Mepexi - IIe cepisd KpOKiB, sKi
BUKOPHUCTOBYIOTKCS I ONTUMI3allii Bar Mepexi. Ha mouaTky Bci Baru iHimiani3yroTbCs
BUMNAAKOBUM 4YuHOM. IlOTIM BXIiIHI JaHI MPOXOJATh Yepe3 MEPEKy B IPOIIECl, SKUN
HA3UBAETHCS MIPSIMUM MOIIUPEHHSM, III00 OTPUMATH MMPOTHO30BAHE BUXIJTHE 3HAYCHHS.

[Ticyst bOoro 0OYUCITIOETHCS BTpaTa, AKa € MIPOIO TOT0, HACKIJILKY MTPOTHO30BAHE
BHX1JIHE 3HAUCHHS BIIPI3HAETHCS B1JI peaIbHOTO BUXIJTHOTO 3HaueHHs. g BTpaTa moTim
BUKOPHCTOBYETHCS B TPOIIECI, SKUH HA3WBAETHCS 3BOPOTHUM TOIMIMPEHHSIM TOMHIIKH,
JUISl OHOBJICHHSI Bar Mepeki TakKUM YWHOM, 1100 3MEHIIUTH BTpaty. [Iporec HaBuaHHs
MOJIeJTi 300peKEeHH Ha PUCYHKY 3.1.

[CHYIOTP TpPW OCHOBHI THIHW HAaBUYaHHS, SKI BHUKOPHCTOBYIOTHCS B INTYyYHHX
HEHPOHHMX MEpEeKax: HaBYAHHS 3 HarjIsaaueM, HaBYaHHsS Oe3 Harisaada Ta MiJCUuiIeHe
HaBYaHHSI.

HaBuanHsg 3 HarisgadeM — 1€ HAWNOIIMPEHIIIWMH TUIl HABYAHHS, 1€ MEPEXKI
HAaBYAIOTHCS Ha OCHOB1 BXIIHMX JaHMX Ta BIJAMOBIIHUX BUXIAHUX JaHux. lle myxe
e(eKTUBHO MJIs 3aJa4d MPOTHO3YBaHHA Ta kiacudikarii. OnHaK, el METO] BUMAarae
BEJIMKOI KUJIBKOCTI MapKOBaHUX JJAHWUX Ta MOXe OyTH BUTPATHUM Y 4aci Ta pecypcax.

Hapuanns 06e3 Harisiiaya — 1e TUI HaBYaHHS, /I MEPEKi HaBUAIOTHCS BUSBIIATU
a0JIOHU Ta CTPYKTYpH B JlaHMX Oe3 BKa3iBOK ab0 BuXigHuX AaHuX. lle kopucHo s
3aJ1a4 KJIacTepu3allii Ta 3HIKEeHHS po3MipHOCTI. [IpoTe, et meTo Moxke OyTH CKIaqHIM
JUTSL THTEpIIpeTalli Ta BUMarae BEJIMKO1 KUTbKOCTI TAHUX.

[TimcuneHe HaBUaHHS — II€ THI HAaBYaHHS, JIe MEPEXi HABUAIOTHCS 32 JIOITOMOTOIO

BUIIPOOYBaHb Ta MOMMWJIOK, OTPUMYIOUM BHHAropojxy a0o mokapaHHs 3a cBoi aii. Lle
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edeKTHBHO JIJIS 3a7a4, JIe € 4iTKa IUJTb, Taka K rpa B maxu. OmHak, meil MeTo MOXe
OyTH MOBUTLHUM Ta BUMAarae BeJIUKOi KIJIbKOCT1 BUIIPOOYBaHb Ta MTOMUJIOK.

[ tyuni HeliponHi1 Mepexi Tensorflow BUKOPUCTOBYIOTh HABYAHHS 3 YUUTEIIEM.

IHILianmizayis

l

JanaEmMo BXigHi
z00pa¥eHHA Ta Uine
OO0 HAEYAHHA

:

ZMIHHEMD
NapamMeTpy HaBYaHHA Oapodnemo
mMoaeni qnA pa3yNETATH
zanofiraHHA NoMUnoy

T l

OEYUCNDEMD OEYUCNoEMD
FHAYEHHA NOMUITEM noxKMoKy nig 4ac
Ha KOoMHOoMY Wapi HEEYaHHA

OEUMCrioEMo Hi
3HAYEHHR NoxuEKKY Ha
KOMHOMY
kpoUi{HeApoH)

MoxrdKa v Mexax 3JanaHux
ZHAYBHR

TpeHyEaHHA
IaKiHYeHe

Pucynok 3.1 — Ilpouec HaBuaHHSI MOl
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Ockinpku Oyno BukopucraHo aaracer Fer2013, nHeoOximHo Oyn0 BHOKpPEMHUTH
300paxenHs 3rigHo emorii. laracer FER2013 (Facial Expression Recognition 2013)
MICTHTh 300pa)KCHHS OOJMY JIIOJICH, SKI BHpaXaloTh CIM OCHOBHHMX eMoIliid. KoxHe
300paKCHHS Ma€ MITKy, IO BKa3ye€ Ha OJHY 3 HACTymHUX emolii. Emorii, mo
NpejCTaBiieHl y jJaTtaceTi HaBeneHo y Tabmwmimi 3.1. Ilpukman 300pakeHb jaataceTy
Fer2013 naBeaeHuii Ha pucyHky 3.2.

Ili xmacu momomararoTh MOJETI BU3HAYMTH KOHKPETHY €MOIlII0, SIKY BUpPaKae
o0syYs Ha 300pakeHHi. 3a3HaYMMO, 110 KUIBKICTh 300paKeHb JIsl KOKHOT €MOIIi1 MOXKe
Bigpi3usaTucsa. Hampuxman, Bupas “Bigpaza” Mae HallMeHINy KiJIBKICTh 300paskeHb -
6mu3bpKo 600, TO1 SK 1HII Ki1ach MaroTh npuoimu3Ho mo 5000 3pa3kiB KoxKeH.3BakKaouu
Ha Te, 10 KUIBKICTh 300pa’keHb Pi3HA, TO 1 TOUHICTh PO3Mi3HABAHHS IEBHUX €MOI[I MOXKE

OyTH pI3HOIO.

Tabmuns 3.1 — Emonii y nataceti Fer2013 [70]

Homep y naraceri Emorris Ornuc emortii

0 Angry Bupa3 o6nmuust Bupaxae
THIB

1 Disgust Emortis — Bigpaza

2 Fear Jronuna BiguyBae cTpax

3 Happy JlroguHa macnuBa Ta
3aJI0BOJICHA

4 Sad Emortist Ha ¢poTO — CyMm

5 Surprise Bupaz o6mmyus —
3IUBYBaHHS

6 Neutral Jlronguuu Ha $oTO y CcTaHi
CIIOKOTO
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Pucynok 3.2 — Ilpuknan 306paxkens naracery Fer2013 [70]

Jlns kpamioro pesyibTaTy TPEHYBaHHHS MOJIEl OyJi0 BUPIIIEHO BUKOPUCTATH
BJIACH1 300pakeHHs, 1100 MOJIeJIb 3MOTJIa OB SKICHO HABUUTHUCS PO3ITI3HABATH €MOIIIi.
s mporo Oynio BukopucTtaHo cepBic Roboflow, sxuii 103BOJIsSiE CTBOPIOBATH BIIACHI
JTaTacCeTH Ta JoIoMarae 3 HaiMEHYBaHHSIM 300pa)Ke€Hb [IJIsl HAaBYAHHS 3 YUUTEJEM, 1110
MIIXOAUTh 0 IIbOTO JochimkeHHs Ta jis Tensorflow Biiomy. s modyaTky poooTH
HEOOXITHO CTBOPUTU MPOEKT Ta 0a30Bl HajamrtyBaHHs. lIpoliec CTBOpEHHS MPOEKTY
300pakeHuit Ha pucyHKy 3.3. Ilicis BkazaHHS ychoro HeoOXigHOro HaTuckaemo Create
Public Project. Jlami, cepBic mpoNoOHy€e 3aBaHTAXUTU 300paKeHHs JJisl HaBUYAHHS, JJIs
CTBOpeHHs nataceTy. [Iporec 3aBaHTa)keHHs 300paK€Hb BKa3aHO Ha PHUCYHKY 3.4.
Hactymaum kpokom Oyzae 30epekeHHs Ta Tepexill 10 MapKyBaHHS 300pa)eHb.
OcHOBHUH €KpaH JJii MapKyBaHHs 300pakeHb MpEJICTaBIEHUN Ha pUCYHKY 3.5. Jlns
3pY4YHOCTI MapKyBaHHs OYyJI0 BUKOPUCTAHO METOJ] ITOOY/I0BH OOMEKYBAIBHUX PAMOK Ta
BKa3aHHs €MOIIil, sika IpeJiCTaBlieHa Ha pUCYHKY. [Iporiec MapkyBaHHsS MOKa3aHW Ha
pucyHnkax 3.6 — 3.7. Tak camo HEOOX1AHO MPOMApPKyBaTU KOXKHE 300paKeHHS JaTaceTy,
JUIS KOpPEKTHOT poOOTH Ta HaBUYaHHS Mojieii. OCTaHHIM KPOKOM € BKa3aHHS 3arajIbHUX
HaJalTyBaHb Jaracetry (po3Mip 300pa)xeHb, ayrMeHTallisl TOIIo). YCi HajallTyBaHHS

300pakeHi Ha pucyHkax 3.8 — 3.10.
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Let's create your project.

e ) § e Puplic Project

Project Name License 7

Facial Exprassion CCBY 4D v
Annotation Group &

Emotion-Facd
Project Type

Classification Instance Segmentation Keypeint Detection

it Assign labels to the entre image. Detoct multiple oojects and ther actuai shape. Mentify keypoints ["sceletons'| 1o subjects.

bounging boxes.

Best Fot BestFor BestFot BestFor

# Coutig & Tracking ¥ fheig v Conten: Moderaten & Messasments: o Odd Shapes # Pose Sstinein
A J
Show Wore |
Create Public Project
Pucynox 3.3 — CtBopenHs npoekty y Roboflow
Drag and drop images, annotations, and videos. [ SelectFiles | [ Select Folder
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Pucynok 3.4 — 3aBaHTakeHHs 300paKe€Hb



No Tags Applied

Pucynox 3.5 — I'oyioBHUIT ekpaH MapKyBaHHsI 300paxeHb

| Neutral \
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Create class "Neutral®
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Pucynoxk 3.6 — IIpouiec mapkyBanus (Neutral)
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Pucynok 3.7 — Ipomnec mapkyBanHs (Surprised)

Preprocessing
(2} What can preprocessing do?

Decrease training time and increase performance by applying image
transformations to all images in this dataset.

Auto-Orient Edit pos

Resize

i *
Stretch to 640%640 Edit

° Add Preprocessing Step

Pucynok 3.8 — HanamryBanHs po3Mipy 300paxeHb
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€@ Add Augmentation Step

Pucynok 3.9 — HanamryBanust ayrmeHTaiii

@ Create

Review your selections then click "Create" to create a

noment-in-time

snapshot of your dataset with the applied preprocessing steps.

Maximum Version Size: 105
See how this is calculated »

Pucynok 3.10 — 3aBepiieHHs HAJIAIITYyBaHb Ta MiATBEPKEHHS CTBOPEHHS

[Ticist 1iboro BUOHMpaeMo JUIs IKO1 caMe MO HeOOX1THO HalalITyBaTH JaTaceT
Ta 3aBAaHTAXKYEMO HOTO JJIs1 OAAIBIIIOr0 HAaBYAHHS MOJIEIII.

JIJist 3py4HOCTI, BKa3yeMO, 10 3aBaHTAKEHHS HEOOX1THO 3MIMCHUTH JIJIST MOJAEII
Tensorflow, ockinbkH i 4ac BUOOPY JOCTYMHA HE JIMILIE MOJEINb, IKa HaM NOTpi0Ha, a
¥ 1HII MOJIEJI1, CTBOPEHI JUIsl pO3Mi3HaBaHHS Ta Kiiacudikailii 00’ekTiB, 30kpema Yolov8,
Yolov9 Ta iH1mi.

[Tporec BUOOpY Ta 3aBaHTAXKEHHS J1aTaceTy 300pakeHuid Ha pucyHkax 3.11 —3.12.

[Ticas 3aBaHTa)KE€HHS apXiBy 3 1aTac€TOM Ta MapKyBaHHSIMH, MOXKHA MEPEBIPUTH
MapKyBaHHS 300pa)K€Hb MIJISTXOM BIIKPUBaHHS .CSV (aiiily 3 aHHOTaIlIIMu. Tam OynyTh
BKa3aHl yCl mapamMeTpyu MOJEIII.

[Tpuknazn BMicTy .csv (aitiry 300pakeHunii Ha puUCyHKY 3.13.
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Export
Format
[ Tensorflow Object Detection b ]
Pascal VOC =
TXT

YOLO Darknet
YOLO v3 Keras
YOLO v4 PyTorch
Scaled-¥YOLOwv4
¥YOLOv5 COriented Bounding Boxes
meituan/YOLOvE
YOLO v5 PyTorch
YOLO v7 PyTorch
YOLOvE
YOLOv8 Oriented Bounding Boxes
YOLOvE
Csv

Tensorflow Object Detection
RetinaMet Keras
Multi-Label Classification
Other
OpenAl Clip Classification
Tensorflow TFRecord -

Pucynox 3.11 — Bubip moaeni jyist naracery

Export

Format

[ Tensorflow Object Detection b ]

CSV format used with Tensorflow (usually converted before training so
you probably want to export as a TFRecord instead unless you need to
inspect the human-readable CSV).

® download zip to computer O show download code

Also train a model for Label Assist with Roboflow Train.
3 Available Credits

Pucynok 3.12 — IligTBepkeHHs 3aBaTaKEeHHS
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A B © D E F G H

1 |filename width  height  class xmin ymin xmax  ymax

2 |24_png.rf.1c3a6423e5ff09cabeeB28ah199d0973.jpg 640 640 Fear 237 205 464 609
3 |71_png.rf.33ef9dc653faccBd7i0eb45361110130.jpg 640 640 Sad 204 105 426 492
4 |44_png.rf.1e92bcdaaealcdfd59adi661292c74be. jpg 640 640 Happy 226 100 433 492
5 |75_png.rf.0dc6395719857e73a63016ec2a7bf13L.jpg 640 640 Sad 232 109 434 481
6 |79_png.rf.2aBaedaeflBecdf99ead37e03a8c398b. jpg 640 640 Surprised 225 133 459 597
7 |37_png.rf.2e1ab05eecd4256600425ff6heb16e0a.jpg 640 640 Happy 231 95 428 490
8 |captured_image_11_png.rf.18438147f7173ec3bcd7cc987c223e7d.jpg 640 640 Angry 230 94 444 529
9 |26_png.rf.35e09a23d2ctab5d26abedf7hbAftcl. jpg 640 640 Fear 250 1m 469 612
10 |64_png.rf.257bc1b87707558abd461e0869a785¢c1.jpg 640 640 Sad 235 96 446 503
11 |78_png.rf.0921351535c2e14297d2hc6echeb69d.jpg 640 640 Surprised 229 154 457 581
12 |2_png.rf.23d802444575b1eabBc79666514ffed0. jpg 640 640 Disgust 195 132 407 509
13 |90_png.rf.3b2d8ca2769c342249c78be5a%41731a.jpg 640 640 Surprised 24 131 490 617
14 |80_png.rf.1929c88bddadb9988 1ech353a6h16dd9. jpg 640 640 Surprised 222 125 467 598
15 |22_png.rf.23155c8e0f7553hb4314785ad2332620. jpg 640 640 Fear 248 217 456 606
16 |66_png.rf.0336edb46804706a1a957e1c7336d75.jpg 640 640 Sad 214 111 431 512
17 |73_png.rf.417bb0454af3dd2af2ddci3611de2edd. jpg 640 640 Sad 205 9 422 497
18 |53_png.rf.2dad3f44c2aabiaffbdal51ad7eb6463.jpg 640 640 Neutral 235 92 431 490
19 |38_png.rf.29a49656ba2d019435c4229ed180190c. jpg 640 640 Happy 227 97 435 478
20 |7_png.r.3c067h760550d56186184723512h7258. jpg 640 640 Disgust 207 119 409 501
21 |35_png.rf.23bal72971af9b45dded9707e73deatc. |pg 640 640 Happy 242 9% 422 478
22 |87_png.rf.441b69207171131840391ec549398b68. jpg 640 640 Surprised 233 133 484 617
23 |captured_image_0-checkpoint_png.rf.13a7d3b430bc9c19425684h457 7 cddft. jpg 640 640 Angry 205 134 436 505
24 |51_png.rf.41ffe9accl71646e13eh6571c65a81b.jpg 640 640 Neutral 249 123 435 473
25 |20_png.rf.492211078e616h0f555a7104573e05¢.jpg 640 640 Fear 252 219 452 607
26 |65_png.rf.4d2fad062atd08326d0e2ci4babe123.jpg 640 640 Sad 216 102 439 503
27 |captured_image_12_png.rf.4fh5e09076693091736367a23acd7df7. jpg 640 640 Angry 226 111 436 530
28 |34_png.rf.505575c49c88003dh5772995ad230c9a.jpg 640 640 Neutral 241 111 428 466
29 |captured_image_8_png.rf.6c75e63a160be7396525537bcabeac2(. jpg 640 640 Angry 235 122 47 495
30 |27_png.rf.61b91917213d0523289f32{d8845c0db.jpg 640 640 Fear 239 185 466 590
31 |19_png.rf.4bh7e5568845d44012d2d21710a4798.)pg 640 640 Fear 237 205 452 580
32 |45_png‘rf.419ecBﬂb?ﬁddbaSbbfﬁbclaBﬁbSM?jpg 640 640 Happy 237 102 457 495
33 |33_png.rf.5cchdea371e30696f6d975da2eBehid. jpg 640 640 Happy 232 T 434 487
34 |46_png.rf.8736d6150621c6299241beb00e332h9a.jpg 640 640 Neutral 224 103 439 498
35 |63_png.rf.76470830409480b10f6f6745e254afb.jpg 640 640 Sad 223 92 435 489

Pucynok 3.13 — BwmicT annotations.csv

3.2 ANropuTMiuHI OCHOBHM TPEHYBaHHS MEPEXI1 JJI1 BU3HAYCHHS eMOIIii

Jlns TpeHnyBaHHS BHOpaHOi Mojeii OyjI0 BHUKOPHUCTAHO cepenoBHie Jupyter
Notebook. Jlns Bxomy no Jupyter Notebook, micisi 3aBaHTaK€HHS, HEOOXITHO B
TepMiHaJIl HaUcaTu KoMaHay Juis Bxoay. [Ipoiiec Bxoay y cepenoBuiie 300pakeHui Ha
pucyHnky 3.14. Ilepen mouatkomM poOOTH HEOOXITHO 3aBaHTAXHUTH YC1 O10IOTEKH IS
poOoTu Mozeni. PizHoBu M 010110TKE Ta X B3a€EMOJ1sl Mi>k COO010 300paxeH1 Ha pUCYHKY

3.15. Onuc 61610TeK, HEOOX1THUX I MOJIE/1 BKa3aHui y Tabymi 3.2.

C:\Users\timha>jupyter notebook

[I 2024-07-03 12:36:U7.734 ServerApp] Package notebook took 6.8888s to import

[I 2024-07-83 12:36:U7.780 ServerApp] Package jupyter_lsp tock 6.8U25s to import

[ 202u-97-83 12:36:47.780 ServerApp] A ‘_jupyter_server_extension_points' function was not found in jupyter_lsp.

[I 202U-07-83 12:36:47.804 ServerApp] Package jupyter_server_terminals took 0.029Us to import
[I 2024-07-03 12
[I 2024-07-83 12:36:U7.963 ServerApp] Package notebook_shin took ©.8088s to import
[W 2024-07-63 12

:36:U7.804 ServerApp] Package jupyterlab took 0.8008s to import

]
]
]
function name will be deprecated in future releases of Jupyter Server.
]
]
]
]

:36:47.963 ServerApp] A ‘_jupyter_server_extension_points' function was not found in notebook_shim

Pucynok 3.14 — IIpouec Bxoay y Jupyter Notebook
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FoSoTa 2 aaHuMK Mepexeel gzacmonil MpadivyHuA iHTepdeic
(pandas numpy) (socket requests) (tkinter PyQt pygame)

h 4

LLITYYHMWIA IHTENEKT
(tensorflow,torch)

Pucynox 3.15 — Pi3noBuu 6107110TEK Ta X B3a€MOJIIs MK COO0I0

Tabmums 3.2 — Onuc 610110TEK, HEOOXITHUX JUIST MOAEITI

Ha3sa 610mi0Teku Omnuc Ta npu3HaYeHHs

keras.utils.to_categorical BukopucroByeTbest 111 KOHBEpTallii

BEKTOpA KJIaciB B O1HApHY MaTpPHUITIO

keras_preprocessing.image.load img BukopuctoByeThCsl 171 3aBaHTaXKEHHS
300pakenns y dopmar PIL mis

3pYYHOCTI BUKOPHCTaHHS

keras.models.Sequential Sequential - moniens, sika
BUKOPHUCTOBYETHCS JIJISI CTBOPCHHS
HEHPOHHUX MEPEXK, K1 CKIAAAI0OTHCA 3

MOCJIIJIOBHOTO CTEKY IIapiB

keras.layers.Dense Dense - miap, ikuii BAKOPHUCTOBY€ETHCS
JUTS. CTBOPEHHS TOBHO3B SI3HOTO MIApy
HEHPOHIB B HEUPOHHINA Mepexi s

CTabUIBHOCTI POOOTH HEUPOHHOT MEpPEeXKi




Kinenps Tabaumi 3.2
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Ha3zga 0101i0TeEKH

Omnuc Ta IMPU3HAYCHHA

keras.layers.Conv2D

Conv2D - map, sKkhil BAKOPUCTOBYEThCS
JUIS CTBOPEHHS JBOBHUMIPHOTO APy

3TOPTKU B HEHPOHHIN Mepexi

keras.layers.Flatten

Flatten - 1ie map, skuii BAKOPHUCTOBY€ETHCS
JUTSl IEPETBOPEHHS BXIHUX JIAHUX B

OJIHOBUMIPHHU BEKTOP

keras.layers.Dropout

Dropout - map, siknii BAKOPUCTOBYETHCS
JUISl BUITQJIKOBOTO BIAKJTIOUCHHS ACSKUX

HEHPOHIB B IIApI1 M1 4YaC TPEHYBaHHS

keras.layers.MaxPooling2D

MaxPooling2D - ue map, akuit
BUKOPHCTOBYETHCS JIJIsl 3aCTOCYBaHHS
oneparili MAaKCUMaJIbHOTO MYJIHTY JI0

JIBOBUMIPHUX JTaHUX

Os

e moayne Python, sixkuii Hagae pyHKIIi

JUISL B3AEMOJIIT 3 OTepaIliiHOK CUCTEMOIO

Pandas

Ile 610mioTeka Python, sika Hamae
BHUCOKOITPOIyKTHUBHI, POCTI B
BUKOPHUCTAHHI CTPYKTYpHU JaHUX Ta

IHCTPYMEHTH aHaJli3y JaHUX

Numpy

Ile 6i6moTeka Python, sika Hanae
HIATPUMKY BETUKUM MHOTOBUMIPHUM
MacuBaM Ta MaTPHIISIM, Pa30M 3 BEJIUKOIO

010J110TEKOI0 MaTeMaTUIHUX (QYHKITIN
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[Ticnst Toro, sk OyJI0 3aBaHTAXKEHO yci HE0OX1H1 010Ti0TeKH A1 poOOTH MOAEITI,
HEOOX1THO 3aBaHTAXXUTHU 300pakKe€HHS JJis1 HaB4YaHHSA Mojell. OCKIIbKH, 300pakKeHHs
BXK€ 3a3JaJieriib MOJAUICHI Ha eMOIlii, TO 300pakeHHs OYyJI0 3aBaHTAKEHO IUIIXOM
YAaCTUHKH KOJY, SKa JIO3BOJISAE 3aBAaHTAXUTH (HOTO Ta 3rpyIyBaTH iX UIsi HAaBYaHHS Ta
TectyBaHHs. [Iporiec BUKOHAHHS 3aBaHTaKCHHS 300pakeHb HABEJICHO HA PUCYHKY 3.16.
Hactynmauii kpok — I HajJamTyBaHHS METPUK s HaBuaHHa wmojeni. lle e
HAWBaXJIMBIIIUM KPOKOM, OCKUIBKHM BiJl HaJalllTyBaHb 3aJIC)KUTh MPOAYKTUBHICTH Ta

TOYHICTH MoJieni. [loeTanHe HanamTyBaHHs MOJEN1 300paXeHo Ha PUCYHKY 3.17.

train_features = extract features(train|'image'])

B | 8/28821 [@@:80<?, ?it/s]

C:\Usersh\timha\AppData\Local\Programs\Python\Python311
ease use color _mode = “"grayscale”
warnings.warn('grayscale is deprecated. Please use '

R

test features = extract features(test['image'])

o | 8/7066 [@@:00<?, ?it/s]

Pucynox 3.16 — [Iporiec BUkoHaHHS 3aBaHTaXEHHS 300pa’KeHb

HanamryBanss aiis TpeHyBaHHS MOJIeJi BKIIIOUAIOTh y cede:

— model = Sequential(). CTBoproe HOBY MoOCIiIOBHY Mojaenb. IlocimoBHa
MOJIEIb - 1€ TUI MOJIEII, AKUW CKIIAJIA€ThCs 3 PSAIY LIApPiB, € KOKEH IIap Ma€ PIBHO OJTHE
BX1JIHE Ta BUXIIHE 3’ €IHAHHI;

- model.add(Conv2D(128 kernel size=(3,3), activation="relu’,
input_shape=(48,48,1))). Jlomae mepmwmii map 3roptku a0 wmojeni. Illap 3roptku
BUKOPUCTOBYETHCS ISl BUSBIICHHSI TPOCTOPOBHX IMAOJIOHIB Y BXIIHUX JIAaHUX. Y 1bOMY
BUMAJIKY BiH Mae 128 dinbTpiB, po3mip sapa 3x3, gyskuito aktubaiii ReLU ta dpopmy

BX1IHUX maHnx 48x48x1;
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i ™

ExigHi sodpaseHHA
(48x48)
p w

v

' I
HKOHBONKILIMHWA Wap
(128 dhinsTpie Ta
nopir emengy v 0.4)
e A

v

4 Ty
HOHBONKLIAHKWA Wwap
(256 insTpie Ta
nopir ereoy v 0.4)
. o

v

i Ty
HOHBONKILIMHWA Wwap
(512 dinsTpie Ta
nopir sreAny v 0.4)
e A

v

4 Ty
BUnpRMMeHHA
(Flatten)

. o
h 4
4 ™y

[MOBHO3E AZHKA Wap
(512 HeWpoHIE Ta
nopir emengy v 0.4)
Y A

A J
- ™y

[MoBHO3E'AZHMIA Wap
(256 HeWpoHIE Ta
nopir sreoy v 0.4)
p w

h 4

BuxigHui wap
(7 Knacig)

Pucynok 3.17 — [loeTanHe HanamTyBaHHs MO JJIsl TPEHYBaHHS

- model.add(MaxPooling2D(pool size=(2,2))). Jlogae map MakCUMaJIbHOTO
nymiHry g0 mozeni. [llap MakcuMaabHOTO MyJIHTY BUKOPUCTOBYETHCS JJISI 3MEHIIICHHS
pPO3MIpY BXIJIHUX JaHUX, 30€pIrarouu MpH I[bOMY HAMBAXKIIUBIII XapaKTEPUCTHKU;

— model.add(Dropout(0.4)). Jlonae map BiaMoBu a0 mojeni. [llap BigMoBH
BUKOPUCTOBYETHCS JIJISI BUTMIAJKOBOTO BIIKIIOUEHHS JCIKUX HEUPOHIB B MIapi Mij 4ac

TpEHYBaHHS, 1110 A0MOMAarae 3ano0irTu NepeHaBYaHHIO;
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- model.add(Flatten()). Homae map 3rmamkyBanHs 10 wMozem. Ilap
3TJIaJKYBaHHS BUKOPUCTOBYETHCS IS TIEPETBOPECHHS BXITHUX JTAaHUX B OJTHOBUMIPHUN
BEKTOD;

— model.add(Dense(512, activation='relu')). Jlomae moBHO3B S3HUIN IIAp 0
Moeni. [IoBHO3B si3HUM 11ap BUKOPHUCTOBYETHCS JIsl BAKOHAHHS Kj1acudikallii Ha OCHOBI
BHSIBJICHUX IIA0JIOHIB;

— model.add(Dense(7, activation='softmax')). Jlogae BuxigHuWii mmap 10
Mojeri. BuxigHuii map BUKOPHCTOBYETHCS JJIsi BHBEICHHS MPOTHO30BAaHMUX KIJaciB. Y
IIbOMY BHUITQJIKy BiH Ma€ 7 HEMPOHIB (OAWH JUIsl KOXKHOTO KJIacy) Ta (PyHKITiF0 aKTUBaIlii
softmax, sika BAKOPUCTOBYETHCS JUIsl IEPETBOPEHHS BUXIHUX 3HAYEHb Y HMOBIPHOCTI.

[Tics Bka3zaHHS HaJAMITYBAaHb JIJIS MOJIET, BKa3yEMO HaJIAIITYBaHHS ISl CAMOTO
MpOIIeCy HAaBYAHHS, IS JIETKOCTI HOTO TPOBEACHHS Ta 3PYYHOCTI KOPUTYBAHHS Yy

noaaneiiomy. [Ipoiiec TpeHyBaHHS MOJIeIl 300pakeHO Ha PUCYHKY 3.18.

3apaHTaMeHHR Ta _
i MoBynoea o
nonepeaHR obpobka oty ) KomninAuia moaeni TpeHysaHHA Mogeni
HaH apxiTekTypW Moneni

h

33BepLlUEHHA J0epeseHHs
TPEHYEEHHA MicnA HalEpaLworo CUjHES TOMHOCTI
LOCRMHEHHA HeodxigHol pe3yneTaTy mMogeni
KINBKOCTI TDERHYEEHL TPEHYBEHHA

Pucynok 3.18 — [loeTanHuii npouec TpeHyBaHHS MOJIEN1

[Ticnst TpeHyBaHHS Mojieli 0YJI0 OTpUMaHo Mojielb (hopMaty emotiondetection.hs,
10 € OJIHUM 13 po3mupeHs Mozaeni Tensorflow Ta 103BOJUTH BUKOPUCTOBYBATU JIaHY
MOJIeNb Hajaml st poboTH y cepi po3mizHaBaHHs BUpa3iB o0auuus JroguHu. OKpiM
IIOTO II€ JO03BOJIMTH IMEPETBOPUTH MoOjaeHb y ¢dopmar Lite Il BHKOpPHUCTaHHS Ha
MaJIOTIOTYKHHUX TTPUCTPOSX.

[Ticyst boro HEOOX1THO 3aBAaHTAXKUTH MOJIEIb, III00 MaTH 3MOTY ii MPOTECTYBATH
Ta JOOMPAIIOBATH MPU HEOOX1THOCTI.

HeoOximHi kOMaHu AJ1 3aBaHTAXXEHHS MOJIeN1 BKa3aHi y Tabnuii 3.3.
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Tabmuis 3.3 — Onuc koMaH 17151 3aBaHTAKEHHS MOJIET Ta 1X MpU3HAYEHHS

Komanpga

Onuc Ta IMPU3HAYCHHA

model json = model.to_json()

KomaHna KOHBEPTYE CTPYKTYPY
mozeni B popmat JSON. Lle ne
BKJIIOYA€ Baru MOJEJ1, JIUIIE Ti

apXITEKTypy

with open("emotiondetector.json",'w") as

json_file: json_file.write(model json)

L{st komaHa BiaKpuBae aitn
“emotiondetector.json” i 3anucy
(‘w’) 1 3anmucye JSON

MPEICTABIICHHS MOJIEINI B 1Iei (aiin

model.save("emotiondetector.h5")

Komanpa 36epirae BCro MOJIeIb,
BKJIFOYAKOYH 11 apXITEKTypy, Baru Ta
CTaH ONTHUMI3aTopa, B OJHH (ailn

HDF5

json_file = open("facialemotionmodel.json",

"r")

Komanpa BigkpuBae daitn ais

yuTaHHA (‘r°)

model json =json_file.read()

Komannia untae BMICT Qaiiny 1

30epirae ioro B 3MiHHY model json

json_file.close()

Komanpa 3akpuBae aitn nms

3BUIBHEHHS PECYPCIB

model = model from json(model json)

Komanzga cTBOprO€ HOBY MOJEIND 3

JSON, sikuif m1oiiHo OyB MpOYUTaHUIN

3 (haiimy

model.load weights("facialemotionmodel.h5")

Komana 3aBanTakye Baru MoJiedi 3
daitny “facialemotionmodel.h5” B

MOJEIIb.
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Tak, sx ana gochimxeHHs mnoTpiOHO Moxenbs Tensorflow Lite, HeoOxigHO
MepeTBOPUTH MOJIeb y opmart Lite.

ITicnst Toro, sik Oyno cTBOpeHO Mojenb TensorFlow, HEOOXiTHO BUKOpPHUCTATH
TensorFlow Lite Converter mist meperBoperHst mozeni ¢popmary Tensorflow y dopmat
TensorFlow Lite. KonBepTep onTumizye Momaens Uisi BUKOHAHHS Ha TIPUCTPOSX 3
O0OMEKEHUMH PECYPCAMHU.

KouBepTep BHKOHye KiTbka onTuMizaniid. BiH 3MeHinye po3mip Mojen,
BUJIAJISTFOYM HEMOTP10H1 BY3J1 3 rpada 00UnCIICHb 1 3aMIHIOIYH JIesKi oriepaliii Ha O1IbII
epexkTuBHI aHajord. BiH TakoX KBaHTye Bard MOJENi, 3MEHIIYIOYH iX po3Mip 1
MOKpPAIIyIOUX MIBUJIKICTh BAKOHAHHS Ta €()eKTUBHICTh BUKOPUCTAHHS €HEPTii.

[Ticns omTtumizamii mMonenb 30epiraerbes B (opmari daiiny .tflite. Leit daiin
MO>KHA BUKOPHUCTOBYBATH B JIOJaTKax Ha MPUCTPOSX, III0 BUKOPUCTOBYIOTH TensorFlow
Lite. Ilepen mouaTkoM KOHBEPTYBaHHSI HEOOX1AHO 3aBaHTaXXUTU 0107110TEKy tensorflow
Ta ycl HEOOXiH1 mapaMeTpu s ii poooTH. IIporiec mepeTBOpeHHs Moieli 300paXKeHHI
Ha pucyHky 3.20.

Komanu, HeoOXi1H1 11 KOHBEpTAaIlli MoJiesl, HaBeaeH1 y Tabmuii 3.4.

[Ticnst mpoBeneHHA KOHBepTalii y JocTymi Oyae 1Bl mogem st (opmary

Tensorflow ta Tensorflow Lite.

Tabnuns 3.4 — Onuc komMaH JJ1sl KOHBEpTallii Mojei

Komanpga Onuc Ta npyu3HaAYCHHS

Import tensorflow as tf 3aBanTaxye 010;mi0Teky TensorFlow st
po0OTH 3 MOACIISIMHA MaIlIMHHOTO

HaBYaHHA

Tt lite.tfliteConverter.from saved model | CTBoproe KOHBEPTEP 1151 IEPETBOPEHHS

moem popmary TensorFlow opMmar
(saved_model_dir) Aent gopmaty y ¢op

TensorFlow Lite




Kinens Tabmum 3.4
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Komanpga

Omnuc Ta IMPU3HAYCHHA

Converter.convert()

Konseptye monens y dopmat TF Lite,
o0 BoHa Oyia mpuaaTHa i1 poOOTH Ha

MOOLTBHUX MPUCTPOAX

Open(‘model.tflite’,’wb’) as f

Komanza BiikpuBa€e MoJIeib Y pexuMi

3anucy

f.write(tflite_model)

3a1mcye KOHBCPTOBAHY MOICJIb

BwcoropieHesi API
(if keras)

Mogene Keras

HuakkopieHesl AFI

(tf)

30eperxeHa MOOEN: DyHELT 0GpoSxn

k.

r

dain

KOHEEDTED MOZEnN
opmary Lite

Y

[0ToOEa MOOENL
mopmaTy Lite

Hara IHtppacTpyETY A

Pucynok 3.20 — [Ipouec neperBopenns mozaein y popmar Lite
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3.3 BHCHOBOK JI0 TPETHOT'O PO3ALTY

VY npoMy po3aim Oys10 BUKOHAHO 3HA4YHY pOoOOTY 3 pO3p0oOKH MOIEIeH MAIIMHHOTO
HaB4aHHs 3a nonomorow TensorFlow Ta TensorFlow Lite mys po3nizHaBaHHS €MOITIH.
Mogeni TensorFlow Ta TensorFlow Lite Oymu po3pobiieHi 3 METOI CTBOPEHHS
e¢()eKTUBHHUX Ta ONTHUMI30BAaHUX MOJIEJICH JJisg PO3IMi3HABAaHHS €MOII Ha 300paKeHHIX
obmuu moxaei. TensorFlow Lite, 30kpema, OyB BuOpaHuii uepe3 HMOro 34aTHICTH
IpaloBaTH Ha MOOLTBHUX MPUCTPOSIX Ta MPUCTPOSAX 3 0OMEKEHOIO MMPOTyKTUBHICTIO, 10
pOOUTH HOTO 171€aTbHUM JJIS PEATbHOTO BUKOPUCTAHHS B MOOUTBHUX 3aCTOCYHKAX.

Hatacer FER2013 OyB BHUKOpUCTaHUUN SK OCHOBHUM JaTracer Il TPEHYBaHHS
Mozenei. llel nmaracer MICTUTH BEIUKY KIIBKICTh 300pa)K€Hb OOJIWY JIOJEH, SKI
BUPAXalOTh PI3HI €MOIlli, M0 pOOUTh HWOro BIAMIHHUM pPECypcoM [jIsi TPEHYBaHHS
MoJIesIel po3Mi3HaBaHHS €MOIIIH.

Kpim Toro, 6ysio CTBOPEHO BJIACHUMU JATACET 3 €MOI[ISIMU 3a JIONIOMOTOI0 CEpPBICY
Roboflow. Roboflow - 11e moTy>xHMI1 IHCTPYMEHT, SIKHI J03BOJISE JIETKO CTBOPIOBATH,
ayrTMEHTYBaTH Ta YIPaBIATH JaTaceTamMH JIsi TPEHYBAHHS MOJENEH MAIIHHHOTO
HaBuaHHsA. Bukopucranus Roboflow 103Bosinino CcTBOPUTH BIIaCHUM JaTaceT, KUl OyB
CHeniajgbHO aJanTOBAaHUMU MIJ NOTPEOH MPOEKTY, IO JOJATKOBO MOKPAIIWIO SKICTh Ta
e(eKTUBHICTh TPECHYBAHHS MOJICTICH.

B minomy, mieit po3ain mokaszaB, sIK MOXHa PO3pOOUTH €hEeKTHBHI MOAEHTI st
posmizHaBaHHs emouii 3a gomomoroto TensorFlow Ta TensorFlow Lite,
BUKOPHCTOBYIOUH SIK TOTOBI JJaTaCETH, TaK 1 BiacHi. L{e migkpeciioe BaxIMBICTh BUOOPY
NpaBUJIBHUX IHCTPYMEHTIB Ta JATACETIB JJIsl JOCSITHEHHS HAaWKpallUX pe3yJbTaTiB MpU

PO3p0o0IIi MOJICNIEN MAaITMHHOTO HaBYaHHS.
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4 PE3YJIBTATHU TPEHYBAHHS MO/JEJII

4.1 Anani3 pe3ynbTartiB TPEHYBaHHS MOJIEN1

[Ticas 3aBepiIeHHS YCIX €TalliB, OMMCAHHUX Yy TPETHOMY PO3[LTi, y pe3yibTarti
oyno orpumano mojeini Tensorflow Ta Tensorflow Lite. Jlns 1poro aociiKeHHS
HeoOXimHUM € jumie monens Tensorflow Lite, Tomy anami3 merpuk Ta rpadiB Oyae
MIPOBEJICHO caMe JJIs IT1€i MOJIei.

HaiiBaxxmmBimuM JJ1s1 MOJIETi € TOYHICTh, ajpPKe camMe BOHA BHU3HAYAE CKIJTBKU
NpaBAMBHUX pE3yJNbTaTiB OyJe TMicas HaBYaHHS MoOJeNi. 3arajbHa TOYHICTH MOZEI

300pakeHa Ha PUCYHKY 4.1.

Model Accuracy Model Loss

— frain 181 — ftrain

val val
0.8 4

1.6

14

12 \
7 1.0 1

0.6 1

0.74

Accuracy
<
o
\
Loss

o
(%]

0.4 4

0.31
0.4 1

0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch

Pucynok 4.1 — 3aransHa TouHicTh Mojeni Tensorflow Lite

Ha rpadiky BumHO, IO MOJEIL Ma€ CEPEIHIO TOYHICTh OJMU3BKO 77%, 1m0 IS
MOJIeJll, pO3paxoBaHOi Ha MOOLIBHI MPUCTPOL € AY’KE FapHUM PE3yJbTaToM. Takox, y
pe3ynbTaTi TPEHYBaHHS MEpeka Ma€ HU3bKI MOKa3HUKU MOMWIOK, IO CBITYUTH PO
JIOCTOMHI pe3ybTaTu TpeHyBaHHs. Ha pucynkax 4.2 — 4.5 300paxeH1 OCHOBHI METPUKHU

M0 3aKIHUCHHIO HaBYaHHs Mojieni. OCHOBH1 XapaKTepUCTUKHU:
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- train/box_loss. Lle BTpatm oOmexyBambHOi pamku (bounding box) Ha
TpeHyBaJIbHOMY HaOopi AaHux. Ll MeTprka BUMIpIO€, HACKUIBKU A00pEe MOJEIb MOXKE

BU3HAYNTHU IOJIOKEHHS 00’ €KTIB Ha 300paKEeHHI;

train/box_loss train/cls_loss
2.0 —e— results
1.4 <=«< smooth
1.2
1.0 -
0.8 1
0 50 100 0 50 100

Pucynok 4.2 — Iloka3annsa box_loss ta cls_loss nnst moaeni TF Lite Ha TpeHyBanbHOMY

Habop1 JaHUX

metrics/precision(B) metrics/recall(B)
0.90
0.925 1
0.900 0.85 1
0.875 '
0.850 A 0.80
0.825 A J
0.75 1
0.800 - |
0 50 100 0 50 100

Pucynok 4.3 — Iloka3anns precision ta recall qmst mogeni TF Lite Ha TpeHyBagbHOMY

JaTaceTi
val/box_loss val/cls_loss
1.0 4
1.0
0.9 -
0.8 -
0.8 -
0.7 1 0.6 1
0.6 -
0.4 1
0 50 100 0 50 100

Pucynok 4.4 — [lokazanns box_loss ta cls_loss ans moneni TF Lite na recroBomy

maracerTi
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metrics/mAP50(B) metrics/mAP50-95(B)
0.85 1
0.92 -
0.90 o 080 ol
0.66: 0.75 -
0.86 -
I
e 0.70 - ?
0.82 1 . 0.65 -&
0 50 100 0 50 100

Pucynok 4.5 — Ilokazanusa mAPS50 ta mAP50-95 nnsa moneni TF Lite Ha TecToBOMY

JaTaceTi

- train/cls_loss. Ile BTpatu kinacudikaiii Ha TpeHyBaJIbHOMY Ha0OpI1 JIaHUX.
[{s MeTpuka BUMIPIOE, HACKIIBKH JI0OpEe MOJEIbh MOXE BU3HAYUTU KJIac 00’ €KTIB Ha
300pakeHHI;

- metrics/precision(B). Lle TounicTs (precision) mosedni. [{s meTpuka Bumiproe
BIJICOTOK MPaBUJIBHO BU3HAYEHUX OO €KTIB 3 yCiX 00’€KTIB, SIKI MOJEIb BU3HAUMIIA SIK
TIEBHMH KJIacC;

- metrics/recall(B). Ile moBHorta (recall) momeni. Lls Merpuka BUMIpIOE
BIJICOTOK IIPABWJIBHO BU3HAYEHUX 00’ €KTIB 3 yCiX AIMCHUX 00’ €KTIB MEBHOTO KJIacy;

- metrics/mAP50(B). Ile cepennst Tounicte (mean Average Precision) mpu
noporoBoMy 3HaueHH1 [oU (Intersection over Union) 0.50. Ll MeTpuka BUMIPIOE SIKICTh
MOJIEJIi 32 JIOMOMOTOI0 OJTHOTO YKCJIa, BPaXOBYIOUH 1 TOUHICTb, 1 [IOBHOTY;

- metrics/mAP50-95(B). Lle cepeans TounicTs (mean Average Precision) npu
noporoux 3HaueHHAX [oU Big 0.50 10 0.95 3 kpokom 0.05. L{g MeTprka BUMIPIOE AKICTh
MOJIEJIi 3a JOTIOMOTOI0 OJHOTO YMCJIa, BPAXOBYIOUM 1 TOYHICTh, 1 TIOBHOTY MPHU PI3HUX
IOpOroBux 3HayeHHsX loU;

- 3HadeHHs 3 TO3HAYKOIO val aHaJIoT14H1, aje i TCeCTOBOTO HAbOpy JaHUX.

Hactynmaumu MeTpukaMu € MaTpHIl MTOMIJIOK (3BHUYaifHAa Ta HOPMaJli30BaHa).
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Matpuus nommiok (Confusion Matrix) - 11e TaOauIIst, sKa BUKOPUCTOBY€ETHCS JUIS
onucy npodeciiHocTi Moaei Kiacudikarri.

Bona gomnomMarae Ham 3p03yMiTH, JIe MOJIeNIb POOUTh OMIIIKU. BoHa ckianaerbes
3 YOTHPHOX KOMIIOHEHTIB:

- true positives (TP). Ile KiIbKICTh MO3WTUBHUX BHUITQJKIB, SIKI MOJCIHb
NpaBUIbHO KiacudiKyBalia SK TO3UTHUBHI. SIKIIO MOAENb OTpuMana 300paKeHHS
OoONMYYs JIFOAWHHU, IO JAEMOHCTPYE '"pamicTh", 1 TPaBWIBHO BH3HAUWJIA WOTO SK
"pamicTe", 1e BBaxaeTbcsa True Positive. Hampukiman, sKio MoJenb aHami3zye
300paXeHHs] YCMIXHEHO1 JIOAWHU 1 Kiacudikye ii gk "macmuBy', TO el BUMAIOK
noaaerscs 10 TP;

— true negatives (TN). lle KiIbKICTP HETaTMBHUX BHIIAJIKIB, SKI MOJCIHb
MpaBWIbHO KiacudikyBaja sSIK HETaTWBHI. Ko JroauHa Ha (POTO Mae HEUTpaTbHUM
BUpa3 o0aMYYsi, 1 MOJIENIb MPaBWIbHO Kiacudikye ioro sik "HeWrpanbHuil", e True
Negative. To0T0 Mo/i€/Ib HE MOMIJIKOBO IPUITUCYE SKICh €MOII;

— false positives (FP). Ile KiIbKICTh HETaTMBHUX BHITQJKIB, SIKI MOJIEIb
MOMIIKOBO KJacu(ikyBana SK MO3UTUBHI. lle mommika, Koiaum MoOjelb MOMMIKOBO
Kiacudikye HeWTpanbHUU BUpa3 oOnuuus sk "wmacts". Hampukian, moanHa Mae
CHIOK1MiHE 00JMyYst 0€3 YCMIIIKH, ajie MOJIeIb HEMPaBMWIILHO BU3HAYAE i sIK "pajicHy";

- false negatives (FN). Ile KiIbKICTh MO3UTHUBHUX BUIMAJKIB, SKI MOJIEIb
NOMMWJIKOBO KJlacu(ikyBana sik HeratusHi. Lle e cepilo3Hima moMuika: sSKIIo JI0IuHA
CIpaBi BUpakae "37iCTh", ajie MOJIeNIb HE PO3II3HAE 11€ 1 KITacu(iKye 11 IK HEUTpabHy.
Taka cuTyamiss MOXe BIUIMHYTH, HAlPUKIAJ], HAa CHCTEMH OC3IEeKH, J¢ BaKIUBO
BU3HAYHUTH arpeCUBHY MOBEIIHKY.

HopwmamnizoBana matpuils nommiiok (Normalized Confusion Matrix) - 11e mpocTo
MaTpHIL TOMUJIOK, /1€ KOKHE 3HaYeHHs 0yJI0 MOA1IEHO Ha CyMy 3Ha4€Hb Y BiITIOBITHOMY
PAAKY.

Ile momomarae HaMm Kpale 3pO3yMITH, SK MOJEIb BUKOHYETHCS IJISI KOXXHOTO
KJIaCy, HE3aJIEKHO BiJ TOTO, CKIJIbKM MPHUKJIAAIB KOXKHOTO Kiiacy Oyio B HaOOp1 JlaHUX.

3a3HayeH1 MaTpHIli 300paxkeHi Ha pucyHkax 4.6 —4.7.
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Caonfusion Matrix

Angry

Disgust

1.50

Fear

1.25

Happy

1.00

Predicted

Neutral

- 0.75

Sad

= 0.50

=0.25

background Surprised

¥ 0 [ [] [} ] ] ] - l'.'I.EIU
Angry Disgust Fear Happy Meutral Sad Surprised background
True

PucyHnok 4.6 — Marpuns noMuinok

3rifHO yciX METPUK MOXXHAa CKa3aTH, 110 MOJENb € J00pe HaBUEHOI Ta

KJ1acru(pikoBaHOIO, IO JO3BOJISIE BAKOPUCTOBYBATH ii y poOOTI O€3 KOIHUX TIPOOIIEM.
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Confusion Matrix Normalized

a7

Angry

0.8

Disgust

Fear

0.6

Happy

Predicted

MNeutral

—0.4

031 ni?

Sad

17 =02

surprised

Background

W i i W i W ] [ - D.D
Angry Disgust Fear Happy Neutral Sad surprised  background
Trug

Pucynox 4.7 — HopmanizoBana MaTpuIlsi TOMHJIOK

4.2 TlepeBipka poOOTH MOjIel HA MOOLTEHUX MPUCTPOSIX

1106 mepeBipuTu podoty Tensorflow Lite Moaem y peansHUX YMOBax, HEOOX1THO
BUKOPUCTATH MOOUIBHUX TMPHUCTPIH 3 OOMEXKEHOI0 MPOAYKTUBHICTIO. g 11p0T0
JTOCITIKeHHsT OyJI0 BUKOPHUCTAHO OJIHOIJIATHUN KOMIT't0Tep Raspberry pi 5, sikuii mae
HEBEJIMKl MOTYXHOCTI, IO JO3BOJIUTH TMEPEBIPUTH POOOTYy Helpomepexi Ta
OpaBWIBHICTG 11 TpeHyBaHHsA. Raspberry pi 5 300paxeHuii Ha pucynky 4.8,

XapaKTePUCTHUKU IJIaTH HaBeAeH1 y Tabuuii 4.1.
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Pucynox 4.8 — Raspberry pi 5

Tabmums 4.1 — Xapakrepuctuku Raspberry pi 5

XapakTepucTuka

Ornuc

Tun npouecopa

2.4GHz quad-core, 64-bit Arm Cortex-
A76 CPU, 3 kemiem L2 512KB Ha siapo Ta

crnupHUM Keruem L3 2MB

I'pdiune saapo

VideoCore VII

KinpkicTs oniepaTUBHOI 1am’sTi Ta i BUJ

LPDDR4X-4267 SDRAM 8GB

Bepcisg Wi-Fi

JByxnianazonauii 802.11ac

Bepcis Bluetooth

5.0 / Bluetooth Low Energy (BLE)

Kinskictes USB Tta iX Buamn

2xUSB3.0,2xUSB 2.0

[IIsunkicte Ethernet

Gigabit Ethernet




Kinens Tabmaumi 4.1

XapakTepucTrKa Omuc
[aTepdeiicu ana kamepu/nucres 2 x 4-xananbH1 MIPI
Tun PCle PCle 2.0 x1 iaTepderic s MBUAKUX

nepudepiitHuX NPUCTPOiB

JKvBiIEHHS U1 TU1aTH 5V/5A DC ugepe3 USB-C, 3 miaTpuMKOO

Power Delivery

GPIO (nmoptu BUBOY/BBOAY) Crangaptauii 40-KOHTaKTHHI po3’ €M
Raspberry Pi
INonpunnauk peansHoro yacy (RTC) HanamroByeThcst OKpeMO Ta Mpalfoe Bijl

30BHIIIHBOI OaTapei

JIJ1st 3py49HOCTI epeBipKH poOOTH HEHPOMEpEeXkKi Ha TUIaTi 0yJI0 BUKOPUCTAHO
penaktop koay Visual Studio Code 3 yciMa He0OX1THUMHU JTOTTOBHEHHIMU IS
KOppeKTHOI poboTu. Pe3ynpTaTu nepeBipku 300pakeHi Ha pucyHkax 4.9 —4.11.

original image is of sad
1/1 [=================—=————=————--7] - @z 55ms/step

<matplotlib.image.AxesImage at @xlGabfeldese:

0
10

20

o] 10 20 30 40

Pucynox 4.9 — Pesynbrar nependauenns emortii (Cym)



original image is of happy
1,1 [==============================] - @= 42m5f5tep

<matplotlib.image.AxesImage at Ox1G6ac@@a3ore:

0

10

20

0 10 20 30 40

Pucynok 4.10 — Pesynbrar nependauenns emoii (PagicTs)

original image is of disgust
1/1 [==============================] - @5 57ms/step
model prediction is disgust

<matplotlib.image.AxesImage at 8xlGabfefddoe:

0

10

20

20 30 40

Pucynok 4.11 — Pe3ynbrar nependauenns emoii (Binpasa)
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Jl7i mepeBipKyU Ipale31aTHOCTI MOJIENl y peajlbHOMY Yaci, HE0OX1IHO AOJaTKOBO
NpUENHATH BeO-Kamepy 110 TuaTh. Y I[bOMY JIOCIHiIKeH1 0yiio BuKopucTtano kamepy Okey
WB280. XapakrepucTukd BeO Kamepu HaBeleHl y TaOmuii 4.2, 30BHINIHINA BUTIIA

KaMmepu 300pakeHH Ha PUCYHKY 4.12.

Tabmuus 4.2 — XapakTepUCTHKU KaMepu

PozninbHa 31aTHICTE BiJIeO KaMepH FullHD (1920x1080)
[Tone ornsamy, rpamyciB 90

PoKyCyBaHHS ABTO(dOKYC
KuBneHHs 1151 Kamepu USB

OcHoBHUM pO3’eM USB 3.0/ USB 2.0
KinbkicTh KazipiB y CEKyHIY 30

[aTepdeiic miaxmrOYeHHS USB 2.0

Pucynok 4.12 — 30BHIIHII BUTIISA KaMepu

Pe3ynbratu nepeBipky y peabHOMY 4acl 300pakeHi Ha pucyHkax 4.13 —4.15.



Pucynoxk 4.14 — IlepeBipka pe3ynbratis (Sad)

o ArEnrstaaiiele RN

79
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FERPLIE SRS S5 ]

[IepeBipka pesynbrariB (Happy)

Pucynok 4.15 —

Pucynox 4.16 — [lepeBipka pe3ynbTaTiB (Angry)
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4.3 MOXJIMBICTh MOKPAILIEHHS PE3YIbTaTIB

VY npoMy gociipkeHHl 0ysio cTBOpeHo Mojaenb Tensorflow Lite mis MoOLTBHIX
IPUCTPOIB, Ky Oyio nmepeBipeHo Ha Raspberry pi 5. 100 nokparmutu pe3yabTaTi, 0yio
BUPIIIEHO BUKOpHUCTATH npuckoproBau Coral, ssikuil po3poOieHnid uisi MpUIIBUIICHHS
Jii MOJIeli B YMOBaX, KOJIM MOTY>KHOCTEH MPUCTPOIO HE BUCTAYAE.

USB-npuckoptoBau Coral nomae cmiBnpouecop Edge TPU  no cucremu
KopuctyBada. Bin ocHamenuii poz'emom USB-C, sikuii MOXHA MIAKIIOYHATH JO XOCT-
KOMIT'FOTEpa JIsl BUKOHAHHSA pUcKopeHoi ML-00po0Okwu.

Boynosanmiit Edge TPU - 11e neBenuka ASIC, po3pobiiena Google, sika mpucKoproe
mozeini TensorFlow Lite B eHeproeeKTUBHUI BiH 3JaTHUN BUKOHYBATH 4 TPUIbHOHU
onepauiid B cekyHay (4 TOPS), BukopucroBytoun 2 Bt eneprii - To6To 2 TOPS Ha Bart.
Hamnpuknan, onun Edge TPU mMoske BUKOHYBaTH HallCy4acHiIII MOJIeIi MOOLTHHOTO 30Dy,
Taki sik MobileNet v2, 31 mBuakictio Mmaiixke 400 kanapiB B cekyHay. Taka o6podka ML
Ha TMPUCTPOi 3MEHIIYE 3aTPUMKy, MIABUIIYE KOH(IACHIINWHICTh JaHUX 1 YCyBa€
HEOOX1HICTh MOCTIHHOTO MiAKIoueHHs 10 [HTepHeTy. [IpuckoproBau 300paxeHuit Ha
pucysky 4.17. Jliia MmakcuMalibHOI €(PEKTUBHOCTI, MPUCKOPIOBa4Y HEOOX1AHO MPUETHATH
no po3z’emy USB 3 Ha mmari Raspberry pi 5. Heo6xigni moptu USB 300pakeHi Ha
pucyHKy 4.18.

[licns mix’egHaHHS MPUKOPIOBAaya /10 IUJIATH, HEOOXITHO HOTro HanmamTyBaTh. Jis
MOYaTKy, MOTPIOHO BCTAHOBUTU ONTUMANIbHY Bepcito Python, a came 3.9.12. 106 1e
3pOOHTH, HaM CJIiJi BAKOHATH HACTYIHI KPOKHU:

1. 3aBaHTaXUTH yCl OHOBJICHHS Ta BCTAHOBUTH X Ha IJ1aTy. BUKOpUCTOBYIOUH
koMmaHau sudo apt-get update Ta sudo apt-get upgrade. BukoHanHs 1uX KOMaH]I MOXe
3aHATH TPUBAIMI Yac Ta MICIs 3aBEPLICHHS HEOOX1THO MEePe3aBaHTAXKUTU NPUCTPIN IS
BCTAHOBJICHHS yC1X OHOBJICHb.

2. BceranoButu BipTyaneHe cepenoBuiie Python. Illnsxom BuKOHaHHS
koManu curl https://pyenv.run | bash Mu 3aBaHTa)kKye€MO OCTaHHIO BEPCIIO CEpeIOBHUIIA
JUISL TIOAQITBIIIOL pOOOTH.

3. HanamroByeMo koHDiryparito ajis BctaHOBIeHHs Python.
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4.  BcranoBienHs 3anexHocTell. 3a fonoMororo komanau sudo apt-get install -
-yes libssl-dev zliblg-dev libbz2-dev libreadline-dev libsqlite3-dev llvm libncurses5-dev
libncurseswS-dev xz-utils tk-dev libgdbm-dev lzma Izma-dev tcl-dev libxml2-dev
libxmlsecl-dev libffi-dev liblzma-dev wget curl make build-essential openssl mu

JIOBAaHTA)Ky€MO yC1 HE0OX1/1H1 010110TEeKH.

Pucynox 4.17 — 3osuimmii Burisin Coral USB Accelerator

Pucynox 4.18 — HeoOxiHi mopTH 715 IpUCKOprOBava

5. Bcranosnenns Bepcii Python. ¥V mpomy nocmigxeni Oyjno BCTaHOBJICHO
Bepciro 3.9.12, ane 3riIHO JOKyMEHTaIlii, Bepcis Moxke Oyt 3.6-3.9.

6.  Bcranommroemo Bepciro 3a 3aMOBYYBaHHSM. [[1s1 3pyuHOCTI poboTH Oyiio
BCTaHOBJIEHO Bepcito 3.9.12 cTaHIapTHOIO AJis BCI1€T CUCTEMH.

[Ticns 3aBanTaxenHs Bepcii Python, Bukonyemo xomanmy pip install edge-tpu-
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silva. Ils komaHma miepeBips€ HaJANITyBaHHS TMPUCTPOI0 Ta TMPHUCKOpIOBada Ta
JIOBAaHTAXKY€ HEOOX1TH1 MAKETH JJIS MMOJAJIbII0T pOOOTH.

OcTaHHIM KpPOKOM € BHUKOHAaHHS KOMaHIu silvatpu-linux-setup, sika J03BOJIUTH
BUKOPHCTOBYBAaTH MPHUCKOPIOBAY pa3oM 3 mpucTpoeM. Ilicist 3aBepiieHHs BUKOHAHHS
KOMaHJM HEOOX1IHO BiJ’€JHATH Ta 3aHOBO MPUETHATH MPUCKOPIOBAY JI0 IJIATH JUIS
3aBapIIICHHS YCiX HAJIANITYBaHb.

[lepenbauenHs emMoIliii 3 BUKOPUCTAHHIM MPUCKOPIOBaya 300paxeHO Ha pUCYyHKaX
4.19 - 4.22.

[Ticmss TecTyBaHHA MOJENI 3 MPHUCKOPIOBaYeM, OYJIO TMOPIBHSAHO PE3yJIbTATH.
[IpuckoproBau 3MEHIIIMB HABAHTAXKEHHS Ha CHUCTEMYy Ta MOKpAIIUB 3aTPUMKY MIXK
pO3Ii3HaBaHHSAMH €MOII y peasbHOMY yaci. JleTanbHilie npo MoKpalieHHs podoTu 3

MPUCKOpPIOBaYeM 300pa’keHO Ha pucyHkax 4.23 — 4.25.

Pucynox 4.19 — [lepenbauenns emortii 3 mpuckoproBauem (Happy)



Pucynok 4.21 — Ilepen6auenns emotii 3 npuckoproBaueM (Sad)
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Pucynox 4.22 — [lepeabauenns emoliii 3 nmpuckoproBauem (Angry)

Latency.ms

With Coral Without Coral

Pucynok 4.23 — 3arpuMka y ms MK po3Ii3HABaHHSIM €MOIIii
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Pucynox 4.24 — BiacoTok npaBUiIbHUX Mepe0aueHb eMOLIii
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With Coral Without Coral

Pucynok 4.25 — KinbkicTb KaipiB y CeKyHAy MiJ yac po3Ii3HaBaHHS
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4.4 BUCHOBKH JI0 YETBEPTOTO PO3ALTY

VY mpoMy po3miii OyJI0 pO3TIITHYTO Ta MPOAHATI30BAHO PE3YJIbTATH TPCHYBAHHS
MOJIeJ, @ TaKOXK MOXJIMBICTh TIOKPAICHHS pe3yIbTaTiB MOJEII HUIIXOM TPHUETHAHHS
PHUCKOPIOBaYa JI0 TIATH.

B mporeci ananizy Oyno CTBOPEHO METPUKH, IO MOKa3YIOTh MPOIYKTHBHICTD
MO/ Ta 11 XapaKTepPUCTHUKH.

Takox, OyJi0 mepeBipeHo pe3yabTaTH Y peaJbHOMY Yaci MIITXOM I IKITFOUEHHS
KaMepH Ta HaJIAITYBaHHSA ii A1 poOOTH 3 pO3ITi3HABAHHIM. Y TPOIIECi pO3Mi3HABAHHS Yy
pearpbHOMY Yaci OyJI0 MOPIBHAHO POOOTY MOJIENI 3 BAKOPUCTAHHIM IIPUCKOpIOYa Ta 0e3,

Ta, BIANOBIIHO, c(hopMOBaHO rpadiki MPOLYKTHBHOCTI.
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BUCHOBKHA

Y po06oTi BHACTIAOK BHKOHAHUX MPAKTUYHUX Ta TEOPETHUYHUX JTOCHIIKEHb
pO3po0JEHO METOJ pO3Mi3HABaHHS €MOLIA Yy peaJbHOMY 4Yacl 3a JIOMOMOTOI0
KOMIT FOTEPHOTO 30pY, SIKUH ONTHUMAJIBHO MPAIIO€ Ha MOOLTBHUX MPUCTPOSIX/TIPUCTPOSIX
3 0OMEKEHHOIO ITPOIYKTHUBHICTIO.

VY nepriomy po3iii 0yJ10 po3riIIHYTO ICHYIOY1 PIIIEHHS Y METOAaX pO3Mi3HABAHHS
emoliid. bymo gociimkeHo cydacHi METOAM PO3Mi3HABAHHS €MOIl 3 BUKOPUCTAHHSIM
MalIMHHOTO HABYaHHS Ta KOMIT IOTepHOro 3opy. KpiMm Toro, Oyno mpoaHaiaizoBaHO
HalCy4YacHIIl TEeHJEHIIi y pO3BUTKY METO/IIB 3 BUKOPUCTAHHSAM IITYYHOT'O THTEJIEKTY.

Y apyromy po3aini Oyno mpoaHali3oBaHO METOAM KOPPEKI[li MOMUJIOK Mij] yac
posmizHaBaHHsA eMoIlii. Takoxk, Oyno OUIBII JETadbHO MOPIBHSHO HAsIBHI Cy4acHI
MO, K1 MIIXOAATh JJIsl IILOTO JOCIIJKEHHS Ta aHalli3 iX mepeBar Ta HEIOJIKIB Y
po6oTi. bysio po3risHyTO yci HE0OX1HI KOMIIOHEHTH JIJII KOPPEKTHOI poOOTH MOJIei Ta
MIJrOTOBKA ycCiX 010y10TeK isi po3mi3HaBaHHS emolliil. Takox, OyJio JOCHIIKEHO
JIATaceT, SIKUK 0yJI0 BAKOPUCTAHO y IIbOMY JOCIIKEHI.

VY TperboMy po3auii Oyyno po3poOJIeHO Ta MPEACTABIEHO METOJ Ta AJITOPUTM
TpEeHYBaHHS HEMPOHHOI MepeXi ISl po3Mi3HABaHHS eMoLlil y peanbHoMy vaci. [1ix gac
poOOTH HAJl ITUM PO3JLIOM OYJIO JOJaTKOBO CTBOPEHO BIACHHH JTaTaceT 3 BUKOPUCTAHHS
MEPCOHANBHUX (POTO MJisi TIOKpAIICHHS METOJIB HaBYaHHSA Mojeni. Takox, OyIo
PO3rSHYTO YCi HEOOX1H1 01010TEKH 711 MPABUIILHOT pOOOTH MOJIEIII.

VY uerBeproMy po3aull OyJ0 TPOAHATI30BaHO OTPUMAaHI y TPEThOMY PO3ALII
pEe3yJbTAaTH HUISTXOM MEPEBIPKU MOJIEI1 Y TOYHOCTI pO3Mi3HABAHHS €MOIIii 3 1aTaceTy Ta
3 BUKOPUCTAHHSIM KOMII FOTEPHOTO 30py. Takoxk, 0yJI0 OCIIKEHO CIIOCIO MOKPaIEHHS
pe3ynbTaTiB MOJENl NUISIXOM MiAKIIOYEHHS MPUCKOPIOBadYa Ta aHalll3 OTPUMAHMX
pe3yabTaTiB HUISIXOM TOOYA0BH rpadis.

3a TeMoI0 TUIIIOMHOT poO0TH OyJia Ommy0JIIKOBaHI CTaTTi:

- y 30ipHuKy “Bueni 3anucku” TaBpiiicbKOro HalliOHAJIBHOTO YHIBEPCUTETY

imen1 B.1. Bepnaacekoro, Tom 35 (74) Ne3 Yactuna 1 (KuiB — 2024 — C. 77-85);
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— y MDKHapoJHOMY HaykoBoMy kypHaii “Computer systems and information
technologies”, Volume Ne4 (Xmenbuunbkuit — 2024 — C. 15-21);
- y MIXKHapOJHOMY HaykoBoMYy >kypHam “Computer systems and information

technologies”, Volume Ned4 (Xmenpuutibkuit — 2024 — C. 37-44).
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JOIJATOK A
(000B’A3KOBMIN)
JICTAHT MIPOI'PAMHOI'O 3ABE3IIEYEHHS PO3III3HABAHHS EMOIIIN
JIIOAUHU Y PEAJIBHOMY YACI 3A JOITIOMOI'OKO KOMII'KOTEPHOTI'O
30PY

JlictuHr aitny TpeHyBaHHs Mojiell HelpoHHOI Mepexi Tensorflow

from keras.utils import to categorical

from keras preprocessing.image import load img

from keras.models import Sequential

from keras.layers import Dense, Conv2D, Dropout, Flatten,
MaxPooling2D

import os

import pandas as pd

import numpy as np

TRAIN DIR = "C:\\Users\\timha\\Mine\\Diplomna\\Images\\train"

TEST DIR = "C:\\Users\\timha\\Mine\\Diplomna\\Images\\test"

def createdataframe (dir):
image paths = []
labels = []
for label in os.listdir(dir):
for imagename in os.listdir(os.path.join(dir,label)):
image paths.append(os.path.join(dir,label, imagename))
labels.append (label)
print (label, "completed")

return image paths, labels

train = pd.DataFrame ()



train['image'], train['label'] = createdataframe (TRAIN DIR)

print (train)

test = pd.DataFrame ()

test['image'], test['label'] = createdataframe (TEST DIR)

print (test)

print (test['image'])

from tgdm.notebook import tgdm

def extract features(images):
features = []
for image in tgdm(images) :
img = load img(image,grayscale = True )
img = np.array (img)

features.append (img)

features = np.array(features)

features features.reshape(len (features),48,48,1)

return features

train features = extract features(train['image'])

test features = extract features(test['image'])

X _train = train features/255.0

X test = test features/255.0

from sklearn.preprocessing import LabelEncoder
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le = LabelEncoder ()

le.fit(train['label'])

y train = le.transform(train['label'])

y test = le.transform(test['label'])

y train = to categorical(y train,num classes = 7)
y test = to categorical(y test,num classes = 7)
model = Sequential ()

# convolutional layers

model.add (Conv2D (128, kernel size=(3,3), activation='relu',
input shape=(48,48,1)))

model.add (MaxPooling2D (pool size=(2,2)))

model .add (Dropout (0.4))

model.add (Conv2D (256, kernel size=(3,3), activation='relu'))
model.add (MaxPooling2D (pool size=(2,2)))

model .add (Dropout (0.4))

model.add (Conv2D (512, kernel size=(3,3), activation='relu'))
model .add (MaxPooling2D (pool size=(2,2)))

model .add (Dropout (0.4))

model.add (Conv2D (512, kernel size=(3,3), activation='relu'))
model.add (MaxPooling2D (pool size=(2,2)))

model .add (Dropout (0.4))

model.add (Flatten())

# fully connected layers
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model.add (Dense (512, activation='relu'))
model .add (Dropout (0.4))

model.add (Dense (256, activation='relu'))
model .add (Dropout (0.3))

# output layer

model.add (Dense (7, activation='softmax'))

model.compile (optimizer = 'adam', loss = 'categorical crossentropy',

metrics = 'accuracy' )

model.fit (x= x train,y = y train, batch size = 128, epochs = 100,

validation data = (x_test,y test))

model json = model.to Jjson ()
with open ("emotiondetector.json",'w') as Jjson file:
json file.write (model json)

model.save ("emotiondetector.hb")

from keras.models import model from json

json file = open("facialemotionmodel.json", "r")
model json = Json file.read()

json file.close()

model = model from json (model json)

model.load weights("facialemotionmodel.h5")

Jlictunr aitny nepeBipku MoJeNl y peaJbHOMY Yaci
import cv2
import numpy as np

import tensorflow as tf



import time

# Load TFLite model and allocate tensors.

interpreter = tf.lite.Interpreter(model_path="D:\\Emotion_Detect\\emotion_detection_model-
master\\model.tflite")

interpreter.allocate_tensors()

# Get input and output tensors.
input_details = interpreter.get_input_details()

output_details = interpreter.get_output_details()

def process_frame(frame):
# Initialize fps to avoid UnboundLocalError

fps=0

# Resize frame to match model input size (64x64)
resized_frame = cv2.resize(frame, (64, 64))

# Convert frame to array

img = np.array(resized_frame)

# Expand dimensions to match model input shape (1, 64, 64, 3)
img = np.expand_dims(img, axis=0)

# Convert data type to float32

img = img.astype('float32')

# Normalize pixel values

img /=255.0

# Set input tensor
interpreter.set_tensor(input_details[0]['index'], img)
# Run inference

start_time = time.time() # MoyaTKoOBMI Yac ANA BUMIpIOBaHHA Yacy iHbepeHcy
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interpreter.invoke()
end_time = time.time() # KiHueBulA Yac gna BUMIpIOBaHHSA Yacy iHdepeHcy
# BusHavyeHHA FPS
time_difference = end_time - start_time
if time_difference !=0:
fps = 1.0 / time_difference

return interpreter.get_tensor(output_details[0]['index']), fps

def main():
cap = cv2.VideoCapture(0)
face_cascade = cv2.CascadeClassifier(cv2.data.haarcascades + 'haarcascade_frontalface_default.xml')
while True:
ret, frame = cap.read()
# MepesipKa, Y1 BAANOCA OTPUMATH Kaap
if not ret:
break
# IHiuianizauin fps nepes 06pobKOtO Kagpy
fps=0
gray = cv2.cvtColor(frame, cv2.COLOR_BGR2GRAY)
faces = face_cascade.detectMultiScale(gray, 1.3, 5)
fori, (x, y, w, h) in enumerate(faces):
face_img = framel[y:y+h, x:x+w]
# Process each face
out, current_fps = process_frame(face_img) # OTpumaHHs 3HauyeHHaA fps pasom 3 out
fps = current_fps # OHOBNEeHHA 3HauYeHHs fps
emotion_label = 'Unknown'
if np.argmax(out) == 0:

emotion_label = 'Sad'
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elif np.argmax(out) == 2:

emotion_label = 'Angry'
elif np.argmax(out) == 3:

emotion_label = 'Neutral'
elif np.argmax(out) == 4:

emotion_label = 'Happy'
elif np.argmax(out) == 6:

emotion_label = 'Fear’
# Display emotion label

cv2.putText(frame, f"Person {i+1}: {emotion_label}", (x, y - 10), cv2.FONT_HERSHEY_SIMPLEX, 0.9, (O,
255, 0), 2)

# Draw rectangle around the face

cv2.rectangle(frame, (x, y), (x+w, y+h), (255, 0, 0), 2)

# BinobpaxkeHHs FPS

cv2.putText(frame, f"FPS: {int(fps)}", (10, 30), cv2.FONT_HERSHEY_SIMPLEX, 0.9, (0, 255, 0), 2)

cv2.imshow('Emotion Recognition', frame)
if cv2.waitKey(1) & OxFF == ord('q'):
break
cap.release()
cv2.destroyAllWindows()
if _name__ =='_ main_":

main()



NOJATOK b
(000B’s13KOBHTA)

IIpe3enTaniiiHi marepiaau

MeToa po3ni3HaBaHHA eMOLiM /IAMHU Y peaslbHOMY
yaci 3a JONOMOro KOMN’IOTEPHOro 30py

JAunnomua pobota
Crygenta rpynu KI2m 23-1 lcaesa Tumypa Ceprifioanaa

Kepisumk pobomi: Kucine Tetana MikonaisHa

MeTa, O6’eKT Ta lNpegmeT AdocnigeHHs 2

Meroro kBaiidikaiiiHoi poOOTH MaricTpa € CTBOPEHHS METOJy pO3Ii3HaBaHHS
eMOIlii JIOMWHH Y peajbHOMYy 4Yaci, M0 TMpaIoBariMe e(eKTHBHO Ha
MOOUIbHHX IIPUCTPOSX.

O0’ekTOM JIO0CJHIPKEHHS € [1BULICHHS NPOAYKTHBHOCTI poOOTH Mojenei
IITY4HOI HEHPOHHOI MEpPEKl Ha IMPUCTPOSIX 3 0OMEKEHOIO MOTYKHICTIO.

Ipeamerom H0CHUPKEHHS € 3aCTOCYBaHHA HEHPOHHOI Mepexki I CTBOPEHHS
HOBOTO METO/Ty PO3Ii3HABAHHS EMOITiH.




HaykoBa HoBu3Ha JocnigeHHs

HaykoBa HOBM3HA OTpUMaHHMX pe3ylIbTaTiB MOJATa€ B
YIOCKOHAJICHHI METOJy ONTHMI3allli HEMPOHHUX MEpex I 3a1ad
pO3MI3HABaHHA  €MOII, MO0 J03BOJNSE€  IUIABHIIUTH  iXHIO
HPOAYKTHUBHICTb Ta 3a0e3neunTh e(EKTUBHE (YHKLIOHYBAHHS Ha

MOOUIbHUX NPUCTPOSAX 3 OOMEKECHUMHU PECYPCAMU.

3agavi JocnigkeHHsa 4

= CTBOPUTH BJACHUM HaOlp AaHMX IS MiABUIIEHHS TOYHOCTI PO3IMI3HABAHHS
EMOIIIH;

= PO3POOMTH BJIACHI METOAH PO3ITI3HABAHHS;

= HaTpPEeHYBaTH HEMPOHHY MEPEXKy Ha BIIAaCHOMY HabOp1 JaHHX;

® [IOKpAILUTH PE3yIbTaTH MOJCI BHACIII0K BUKOPUCTAHHS IIPUCKOPIOBAYa.




AKTyanbHicTb JdocnigXeHHs

AKTyabHICTh JIaHOI poOOTH monsirae y po3polIill Ta IMIUIEMEHTYBAaHHIO
METOJly PO3IIi3HaBaHHA €MOIH JIIOJUHHA y peaJbHOMY 4Yacl 3a JOIIOMOIOIO
KOMIT'FOTEPHOI'O 30pY, SAIKM OM BUKOPHUCTOBYBaB INIMOOKY HEHPOHHY MeEpeKy
Ta 3a0e3MedyBaB BUCOKY INBHJKICTh Ta TOYHICTh aHAII3y BIJCOJAAaHUX Ha

MaJIONIOTYKHUX IIPUCTPOSIX.

[y6nikaui

3a Temolo rmIoMHOI pobora Oyaa omy6sikoBaHi crarTi:

y 30ipauKky “Bueni 3anmcku” TaBpiiichKOro HamioHaILHOTO yHiBepcutery imeni B.I. Bepnajcekoro, Tom 35 (74) Ne3

Yacruna | (Kuis — 2024 — C. 77-85);

Y MDKHAPOAHOMY HaykoBOMY skypHaii ‘Computer systems and information technologies”, Volume Ne4 (XmensHUDBRHIT

—2024 - C. 15-21);

¥ MiXKHApOXHOMY HaykoBoMY XypHami ‘Computer systems and information technologies”, Volume Ne4 (XMensHunsxnii

—2024— C. 37-44).
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Bu6ip MNnatdpopmm/KiHueBOro npucTpoto

d R T A e = " 5
W N T ’. PadQudbrdatd. Ll P ) Tun npouecopa 2.4GHz quad-core, 64-bit Arm Cortex-
1 1 8 = | A76 CPU, 3 kemem L2 512KRB Ha s1po 1a
2 - 1 | p { COiNBHIM KemeMm L3 2MB
i 1 Tphigse 2upo VideoCore VII
. | | KinekicTs onepariBHol nam'sri 1a il iy | LPDDR4X-4267 SDRAM 8GB
& | [ Bepcis Wi-Fi Isyxaianasonnmii 802, 1 lac
_. | Bepcix Bluetooth 5.0 / Bluetooth Low Energy (BLE)
. i 1
- I J Kintexicrs USB T1a Ix Brum 2xUSB3.0.2xUSB 2.0
- J| HsiukicTs Ethernet Gigabit Ethernet
= |l Tatepdeticn 18 KaMepH/ uicIuIes 2 x 4-xaHameHi MIPI
§ Tun PCle PCTe 2.0 x1 iaTepdeiic 118 MBILZIKIIX
nepu@epiiiHuX upucTpois
B JKIIBNICHHSA IUIA ILTATH SV/5A DC yepes USB-C, 3 DIATPHMKOKO
— - Power Delivery
Raspberry P'i 5 GPIO (noprit BIBOAY/BBOIY) Cranaapranii 40-KoHTAKTHINT po3’em
Raspberry Pi

Po3ain 1

Y mepmomy po3auni Oyno pO3MISIHYTO ICHYIOYl pIMIEHHS Y METo/ax
PO3IMI3HABAaHHA €MOIiid. bylo HOCIDKEHO CydacHI METOAM PpO3Ii3HaBaHHs
€MOILI 3 BHUKOPUCTAaHHAM MAaUIMHHOIO HaBYaHHS Ta KOMII'IOTEPHOIO 30pY.
KpiM Toro, Oyi1o mpoaHali30BaHO HAWCyYacHINIl TEHJEHLII Yy pO3BUTKY

METOIIiB 3 BUKOPUCTAHHAM HITYYHOI'O iHTeﬂeKTy.




Po3ain 1
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Po3ain 2 10

Y japyromy posauni Oyno npoaHami3oBaHO METOJMM KOPPEKLli IMOMWIOK I 4Yac
pO3Mi3HaBaHHSA emomiil. Takok, Oyi0 OUIBII NETATbHO MOPIBHSHO HASBHI CY4acH1 MOJEII,
SIK1 TMAXOMITh Ui ObOTO JOCITIDKEHHS Ta aHaml3 ix IUIIOCIB Ta MIHycIB y poborti. bymo
PO3MIIAHYTO YC1 HEOOX1THI KOMITOHEHTH JJIS KOPPEKTHOI poOOTH MOJIEN! Ta MI/ITOTOBKA yCiX
010m10TCK A pO3Mi3HABaHHA cMomid. Takox, Oyoo HOCHKCHO OaraceT, KWl Oyiro

BHKOPHCTAHO Y IbOMY JOCIIIKEHI.
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Po3ain 2 11

KinbKicTb 306paxeHb: Habip gaHWX MICTUTb
npu6an3sHo 30,000 306paxkeHb 06any.
Poamip 306pax<eHb: KoxHe 306paxeHHA Mae
po3mip 48x48 nikcenis.

Tunu BupasiB 061144a: Habip gaHnX MiCTUTb
7 TMniB BUpasiB 0611M44s(0 = 31mi,

1 = Bigpasa, 2 = Ctpax, 3 = LLlachuBum,

4 = CyMHuM, 5 = 3q1uBOBaHMMH,

6 = HentpanbHun)

Posnogin 306paxeHb: Bupas o6amuus
“Bigpaza” Ma€ MiHiManbHy KiJbKiCTb
306pameHb - 600, Togi AK IHWI MITKM MarTb
marke 5,000 3pa3KiB KOXHa.

FeR2013

Po3ain 2

I 0

ZABANTENEHHE Ta o
'* n A NINRLIA WOaem T R ni
10 em:;-mocoooa apxi n'amou Mue, Ko iA Moe: PEHYBasHIR MOTS

3asepwanHn JSepeme-sn ’
TPENYSEHHA NICNR HafrpaWoro Oul+ka rosHocT! . 1 le
:oc-ruo»ua HeoGxiaHo! peaynsTary moaen
KiTwxOCTI TPRRYS3IN. TPOWYRaHHR -
T

D HgpactpyTyon

Mpouec TpeHyBaHHA Tensorflow mogeni lMpowec nepetBopeHHs Tensorflow y TF Lite
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Po3ain 3 165]

Y TperboMy po3aun Oyi0 po3poOieHO Ta NMPEACTaBICHO METOJ Ta aJrOPUTM TPEHYBaHHS
HEHPOHHOI MEpPEXkK1 I PO3IT3HABAHHS eMOIIiH y peambHOMY daci. [Ty gac poGoTi Haa M
po3AuIOM Oyll0 JOJaTKOBO CTBOPEHO BJIACHWM JAaraceT 3 BHKOPHUCTaHHS NEPCOHAIbHHX
$hoTO VI MOKPAIICHHS MCTOMIB HaBYaHHSA MOJACHL. Takoxk, OylIo po3rsHyTO ycl HCOOX1IHI

010moTexn i MpaBuiIbHOT poOOTH MOAEII.

Po3ain 3

@ rebolow
Orag and drop Iages anmelabars, and videos. St s S Fien

TTTTTTITLY
EEEEERRBRN
R D | ‘
AIITIIIYY

T ENT BN B B BE O EBE O mEec
3aBaHTaXXEeHHSA 300pa*KeHb

Let's create your project.

OspctDetcsn

Insteco Ssgretnen ypare Comcion

lMNpouec cTBOpPEeHHA BAACHOro Habopy AaHWX
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Po3ain 3

Mpouec mapKyBaHHA doTo (Neutral) lNpouec mapkyBaHHA doTo (Surprised)

Po3ain 3

= Sequential()

ionaol a; ' Py . 1 a1
s & 2 nodel, cospile(optinizer = 'adan', loss = 'categorical crossentropy', metrics = 'accuracy
ations'relu', input_shape~(45,48 = = - =

nodzl. fit(x= » train,y = y train, batch size = 128, zpochs = 180, validation dats = (x test,y test))

vatione‘relu'))

HanawryBaHHAa Ans TpEHyBaHHA MoJeni

model_json = model.to_json()
3 vation="relu')) . o 3 ) - A ul . . X
wodel.add(MaxPooling2D(pool_si ) with open("emotiondetector.json"”,'w') as json_file:
model.add(Dropout(8.4)) json_file.write(model_json)

’ et S . model.save("emotiondetector.hS"™)
model.add(Conv2 12, kernel_s A ivation="relu'))
model taxPooling20{pool_si

model.add(Dropout(8.4)) from keras.models import model_from_json

model.add(Flatten())

® fully connected Loyers json_file = open("fa
o

cialemotionmodel.json", "r"
model.add(Dense(512, activation="relu'}) - 4 = g = < )
model_json = json_file.read()

model.add(Dropout(8.4)) i
model.add(Dense(256, activation='relu')) json_file.close()
Deopout{®:3)) model = model_from_json(model json)

model,load_weights("facialemotionmodel.h5™)

HanawtyBaHHsa moaeni 36epeXxeHHa moaeni
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Po3ain 4 1174

V uerBepromy po3auil Oyli0 ImpoaHali30BaHO OTPUMaHI Y TPETHOMY PO3LII
pE3yJIbTaTH LUISIXOM MEPEeBIPKU MOJENl Y TOYHOCTI PO3Ii3HABaHHS €MOLIH 3
Ha0opy HaHWX Ta 3 BUKOPHCTAaHHAM KOMIT IOTepHOTO 30py. Takoxk, Oyino
JIOCII/DKEHO CIIOCIO MOKpAMICHHSI Pe3yabTariB MOJAEIL IUISIXOM MIIKIIOUCHHS

NPHUCKOPIOBada Ta aHAII3 OTPUMAaHHUX Pe3yIBTaTIB MUIIXOM MoOya0BU Tpadis.

Po3ain 4

Modsl Accuracy Nodes s train/tor loss v oss aavn foss  metrcsiprucision(8) ™
.- ults 164 0%+
| — wom P 1 tran 2 ff oo 09025 *
| b 7 \ 144 [ o smoen 151
" w o \ w 09004 onsd
* = \ | Ls "
/ 11\ o854
e \ 134 |
| / } %0 amo |
ar{ - “ \ s 1o 124 99
—/// i \ ” | 0825
\ nE4 i u o151
P /. > 10 \ . . L . - 104, : . eaco i} i ) | ) i
i e " N " § © e d o 3w 10e 5 % e & % 10
§ 7 3 b N valjhox Joss valfcls_loss valih foss metrca/mARS0{B) metricmAPS0-95(8)

ToyHicTb moaeni Tensorflow Lite Ha6ip giarpam 3 pesyabtaTamu TPEHYBaHHS
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Po3pin 4

MNepep6aveHHs emouil
(Sad)

&

lNepeabayeHHs emouii - MNepea6ayeHHa emouii
(Neutral) ¥ (Happy)

Po3ain 4

T — MopTtu Ans NnpucKoproBaya
Google Coral USB Accelerator




114
Po3pin 4

MNepepbaveHHa emouii
(Sad)
' i
%

MNepeabayeHHs emouil : Mepea6ayeHHs emouii
(Neutral) (Happy)

Po3pin 4

Accuracy.%

3aTprvmKa MiX
po3nisHaBaHHAMM 3
np1cKoploBayem Ta 6e3

Latency.ms

With Coral Without Coral Without Coral

TouHicTb Mogeni 3 KinbKicTb KaapiB y cekyHay 3
np1cKopioBayem Ta 6e3 npUCcKoploBaYyem Ta 6e3

With Coral Without Coral




BucHOBOK 2

Y po0oT1 BHACIIIJIOK BUKOHAHUX MPaKTHYHUX Ta TCOPETHIHUX
OOCIIIKCHb PO3pPO0JIICHO METOH PpO3IlI3HAaBaHHA EMOLIH Yy
peajbHOMY Hacl 3a JOMOMOIOI KOMII FOTEPHOIO 30Dy, AKUUN
ONTUMAJIBHO MPAIOE Ha MOOUIBHUX MPHUCTPOSX/TIPUCTPOAX 3
0OMEKEHHOIO MTPOYKTUBHICTIO.

/1AaKyto 3a yBary!
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NOJATOK B
(000B’s13KOBHTA)

KOIIIi CTATEN

Crarta y 301pHUKY “Bueni 3anucku” TaBpiiicbKOro HalllOHAJIBLHOTO YHIBEPCUTETY

imeH1 B.1. Bepnaacekoro, Tom 35 (74) Ne3 Yactuna 1

Indopmaruka, ofuHCIIOBAIBHA TEXHIKA Ta aBTOMaTHIANA

WK 004 932

feacs T.C,
M MenenHOLEKHI H2OI0HATEHHIT YHIBEPCHTET

Kuctas T.M.
KMenbHIBER T HaloEansHHE YHIBEPCHTET

METO/ PO3IMI3HABAHHSA EMOLIH JHOJAHHHA
Y PEAJBHOMY YACI 3A TOINMNOMOT O MAINIMHHOTO 30PY

¥ omowe wac fenysome piand demodu §piand oanan, SR A0y SUIL 8ROl 208 paaniiinaadiins
by | eMonill, maKiy JK obtuyyd, mekcst, wasa §omak danl. Bupas ofiwanss ceped NEX € FEiRpaiions.
Buseaens exnoyit Moo PO SHEODRCIOoRVEinea |V OR20ms0x O SR, makix 8K povaiiis noseoine
JthercHEN,  SUAGTENNR Nowriuiiee poztadis, GuRatenns esonil woded v wamoani mowgo. Vo sanponoiosanii
KOMUERUTT PosHizinasains eMonitt oS sWekcng  pooltume wa sy emane. Hao nepueoany emani
@AOVEACTITBCA SURETEHNR ARNICHRO20 ORAYSA o 3ooparcennl 3 Kavepu, nomin ia dpvaosy emani exioni
dantl QRARIIVEORBCR WG OCHOGT O3HAK 30 O0ROMOZ0NE ol IopnKodes neipaiiiny arepese (CNN). Ha
Semanibasy enrani efdiveaemses Kracudhicagia aedcsciy esonin na 7 ocioaiey RaImesopin: cipnex, 2,
P, oV, holavea i, retimpraannn ma podicnms. Towus dunas, Tanponoiosara Modeth poiditena la
S ecRioakl WIRED BUAERGNMA OTNY, POIRiINGsaNng o3y ma Krecudivagia emotpin. Posnianasanig oamaey
Mere GOSN GGG TRCOCVERRE W PIIHIY cgbepay, akiy 8K depuifiiayis ocofn, Gemera, Gloaenmpin,
SN - KAPHREL, CHeMENN cRoCITER e mongeo. Minika nepeddac Nesep Tl Choma. ARE siolzpaiom
FANCAHAY PRk V wincocotemichur sidnocunax. Cucmeva Cognitive Emation Af - ye npoyec idenmeghivanyii
euoniiieso chiasy asodubn, Ociosiog Meltore datiosa dociidyceiing © poipotid Madiftiol clcimem, Ak
MONCE SUARTANN Mg posninasamu odcerl evonit 3 onpaeey mpanciayin. Memodoaosia wiel cucmeany
BAIVERLCH B QRGN SRMaNaX — Poaniiia Ganis ofTeyus sl CHacibeR ROTExon elvuerid kackady Xaapa ma
FPOERIEHARANHA P OFTIYNA 20 donancsoi atsopumady Biooun-drconen, a nomiv aidGveaombor Repesipea ma
POTRIIHEEaNEA enonll 30 Sonanosmo vemaodis wmeaioso Tnmerermy. CHemedd RPRILWEs IRANCEHRNR S0
Kotk @ SRocmi aefony ey, T WLIAXon araaizy Iedpancenin Modeil, SHEORVCIMBCR ORepedna oBRaing ma
GULTENNA U ORILNYA, TICTS “O20 CHCmeMd BPaziesve evouiined cman. VY danill patomi hao spofseo
IFOPRTGEY Helporint repednn) das rraciefiisayil vodcpri enouil 3a  olHauivion winikows ofRTeyes o
Freaanio) ook, Taroome, oo Rpesedeia HOssa i Nawol Cucimesn 3 susopuentaiiein soden Tensovflow ara
Gyig naeveran Kidcudiikvaamu Todchil esonil. B uropucmaiey GIORpumy Gasy Dl ir o0 anee Hisaae
(bR HARNANIE MDeRE, & marede £racil diomo QAR noxkpauiennn pesyasmany. i afootpaNcen g pesvibmania
Gy iR Towens Meurul sioeonomi. Crpueaid Peavthiiam i e oReER VNN MONCTIG OIS 20 CMOCYEaNniR
MO0 MY MEPERS 8 IThiaM ) el D8 SUARTERNR TRNICHEIY eaniln.

Kawwoesl caoeq: poaniaiasanid cuoyit, onaaimern, Mpenveanns  Mooerl, peaasiull wae, A e
HOEHCHA, SRR TR eRT,

Mocranonka npodaesu. Emonll gacto onoce-
PEIKOBYIOTh | NOMeTIIYIOTE B3arMoaio M T00LMI,
TakuM qUHOM, POSYMIHEA eMOUIi YacTo BHOCHTL
KONTEKCT ¥, jnapanocs O, XMMepiy Ta/ado crmamy
CONIANBEY KOMYHIKANI0. EMomi Moskia poanisnaTy
33 A0NOMOTOI0 Hinol HEIKH 3acofiB, SK-OT! rojoc,
IHTOHALIA, MOBE TiNd Ta OiNBM CKIATHHME METO-
AaMH, TakHMH AK enexTpoennedianorpagia (EED)
[11]. Onmak, GinLI OPOCTHM | OPAKTHYIIHM METOEOM
€ QOCADEeHNd MiMIKH, [CHYC CiM THOIR T0OCEEHX
eMoLlil, 9Ki, K §yNe J0BEIeHO, € YHIBEPCANLHHMH
ana mcix moneil [2]: ruie, migpaza, cTpax, LACTA,
CMYTOK, 3HBYBANHA Ta HefiTpansuuil pupat. Taknm
YHHOM, YTHRTA, SK8 POInNisHac esollil 38 BHpasoM

ofIHYYE, Moma O SHaiTH IHPOKEe 3ACTOCYBANH.
Japnanis poImiIHABAHIEA eMOUiH © ocofUTHBD CRal-
HHM 3 Qpox npuass: 1) He icuyc senaxol Gani Jamix
HARMANLHHX 300pdaedtk 1 2) Kaackpikanis eMmoii
aMode OVTH CKIANHOK B TANeHOCT] BEO TOTO, HW
¢ BXIAHE 300paeHHs CTATHHHHM, 4H I00pamKkenHs
pyxacThed, blasmicTs oporpaM po3mizHaBaHuE eMo-
uiil  goCHOKYIOTE CTaTHHHI I00pascHHd BHpasy
ofnauas. Jocaiaenna IacTOCYBANIA STODTROBHX
sefiponnnx vepes (3HM) ana posoisuapanns emo-
L Y peankHoMy 9aci 32 1000MOTDIe BXLIHerD Bige-
OMOTOKY € JIyHKe BAAUIHEBHMN Ha chorogHl. Bpaxomy-
08 OOUHCTOBATEHT BHMOTH T2 CKRAMHICTL IMTYHHOT
sMonem, oIrrHMizanis  sepesi a8 e eKTHEHHX

i
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ofuRCIeHs and mokaaposoi mokaaposol knacndi-
kauil ¢ neofxinmow. Kpiv Toro, seobxinuo mpa-
XOBYBATH  Eapiafil  OCBITACHHA Ta  [ONOHSHHS
of'ckrie. Byao pospofiledo cHCTEMY 108 BHHE-
TEHHA THICEKHR eMOoii v pIiiHX clUeHaX, PaKypPoax
T4 YMOBAX OCBITACHEE B PERHMI PEATEHOND Yacy,

Ananiz ocrannix gocairkens i nyvbnikaniit. 3a
DCTAHM OB3 JECATHAITTA ADCTITHHER THAYN0 Mpo-
CYHYIHCA B POIniiHaBapii MOACKKHN eMouiii ua
ofIuYYl HE J0TNOMOTole KoM I0TepHOMD 3opy. leto-
PHYHO CKUANOCE TAK, 1o icHyEano Garato nijgxodin
110 BHPIeHAA micl npodmeMy, BRIOHAI0YH BIEOPIC-
TaHHA MipaMijanLiny rictorpas rpagicnris (PHOG)
[12}, AU mo spaxomyc PHCH OOGHHYYR, NOKPALIEHI
LBP-geckpuoropn 1a RNN [13). Ozpax mewo-
JaBni naikpam poSoTh, noan Ba koaEype «Esoii
B kil npuposie 2020 poky [18] rukopucToRyRATH
rboKl ropreesl veiiponnl mepesi (CNN), wo
JEMOTE 30 62 Y TOMHOCT] TECTY,

Hemonasna poapobea G. Lewi et al [14] noxa-
3afNd IHEUHE MOKPLINeNHs POInidHABANHA eMOUI
Ha OOIHYMI 32 JOMOMOTOR INTYYHOTO IHTENCKTY.
lonopnowe npofnesmole 4708 gocniguakis oo 1) mana
KUILKICTE JaHHX, JOCTYNHHX 408 HARYanus M-
Doknx melipommny sepew, Ta 1) papianil soBeim-
HLOTD BHITIAAY, Sk aisuuai copuusmeni sapiaoi-
AMH DCEITRCHHA, Boun BUKOPHCTORYBANN NOKANLHI

Pue. 1. Mpouee ininiaoisanil oporpasim
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Ginapui narepuy (LBP) ang nepermopenns sobpa-
MEMHA B IHBApIanTHUI 10 OCRITICHHA TPHBRHMIPHI
NPOCTIP, AKHH MOKEe COYTYBATH BXLTHHMH JaHHMu
ang CNN.

La coneniamera obpelka fanux 0ViIa 30CTOCOBANA
0 pIHHE FErATRHOIOCTYIHEX MODYIIE, TAKHX SK
WG S [15]. inansm petyiETaTh NOKAAIH TOYHICTS
Tecty Ao 34,56 Y. lenye Garato niaxomie 00 HEEMAHTA
MOZEm, 418 BOHH He MAKTL AHATTY TONHOCTI potnis-
HRBAHHA EMOLIIL, 0 € BEAHKHM HeOiKoM ToMy, 1o
AHANLS TOUHOCT] MOJET ¥ PealkHOMY Yach JOmomMOoKe
MOKPAIIHTH CHMY MOOSIL Ta KPalle IposysMiTH #ki
aKTOPHE BIUIHBAIOTE HA 1T pofoTy Ta 0o noTpifne 18
OTPHMAHIE CIITHMATIEHOTO PEIYILTATY W0 BREOpIC-
TOBYEATH MOTEIE DUILI JOCKOHAND,

Nocranosra 3asianng. Metow podori © cTBO-
PEHHA MOIET], 100 A0TRONHTL AHANITYBATH eMouiii-
MU CTAM MIOMHE Y peaikioMy Yaci.

Buinan ocuonnoro Marepiany. Craopenus Ta
NOCHIHREHHA MOOenl 17 FACTOCYEIHHAM MAIHITROID
T WITYYHOTD IHTENeKTY BLOPISHACTRCA BIA poapodkH
ZIIATEIR, ITPOIPEM Ta TOR Y TOMY, MO TPOLEC MOTeTo-
BAHHA BEITOMAC NOCTIHHED J0CTI#eHHA Ta 0HORISHIA
JANHY, 3OIHCHIONNN  eKCOepUMeHTH, W00 HaBuHTH
HeiipoHRY Mepe:xy poapizaatd of'ckTH Ta esouii
MK, Y MALTHIHOrD HABYANNA BUSCHHI HUTTCBHIH
LMK, 0 03HAYAC NPOXOTHEHNA AN Yepes nendi
€Tany poipobil Ta BIPORLTKEIHA CHCTEMM NPOTHO-
IyBanta. B nopiBaansi s GHEIoM pospokn nporpan-
HOre 3abeineueHid, CTROPEHIA MOdeneil MAILHHHOTD
HABYAHHA BRIOMAC ETAN eXCTIEPHMENTYRANES T Habo-
paMi JaHHX ANs JOCATHENHS NOCTARTENHN mined
[ 3aB0aHE, TPH OLOMY BHEOPHCTORYIOTREA HOBL Madi
MiCAS MPOXOTANSEIA STATY HARGANHA.

Nouaror poGoTn it Moger1o ra i Tpenysanna

Ha puc. | noktsano cTpyETYPY 3a0ponodosaol
B ULOMY Aocoigsenii cicTemu. fAr nokaiamo ua
puc. 1, Gyno BHEDPHCTaHO Aba DIAXOAH O08 BHAB-
JIEHIA eMOLIH CyG CRTA: BHARICHHA eMOiil 3a Jomno-
MOPOH MIMIMHEX OPICHTHPIR Ta BHABICHHS eMOLH
aa gonosorow curname EED [11].

Hra Tpenyeanna moneni veobxinno Gyno obpath
BLOIKPHTY Basy 1aHux, SKa MICTHTE KEpTHHKH moaei
1 PiTHHMA eMOLIAMIL T3 HAJACTE IMOTY HATPENYRATH
cueTeMy AocHTh rapuo. Byno ofpano Galy Aammx
Fer2013 [16]. L Gasa Jannx sHaxoInTLCE ¥ BlaKpH-
TOMY ACCTYIL, 2 OTHe Kowen Oaawmuil Ges npob-
TIEM IMOGKE BHKOPHCTITH KapTiiks G painky. Bona
MICTHTE JOCHTE GaraTo KapTHHOK nwgeid pianoro
Biky, AKi MOKAYIOTE piad esonil, Camy cuerenmy Gaz
JIAHHX I3 KEPTHHESMY 300paeio ua pue. 2.

Y ompomy pocnipremii Syno suxopuctano HD-
EaMepyY And difoMin ofmau oy CRTIE Ta CTROPEHRA
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300paKEHHS ¥ BIATIHKZX CIPOTrO(0aTKOBO
70 HASBHHX 300pazens ¥ cuereMi Fer2013).
Lle cnpocmivio nporec po3nisHABAKHA BHpasy
obnnuus 1pH posniznasaisl Mimikd. orin,
BHKOPHCTOBYIOUH 300PLKEHHS Y BIATIHKAX
CIPOTD, BHIHAYAIOTHCA Ol CYO CKTA. | JecaTs
BIPTYAILIHX Maprepin (O1uHIE 1) posMi-
IYIOTECE Ha 0finyyi ¢yl cKTa ¥ BHIHAYeHHX
MICHAX 32 JIONOMOTOI0 MATEMATHYHO! MO

ANTOpHTM 9HTAHHA eMONii 13 300pa-
JKEHHA TPYHTYCTHCH HA anropHTMi IXHLOIO
POMIZHARAHNIA, AKHI BHKOPHCTOBYCThCA,
wanpurian, y FacelD. [ng supinienis
IHX 3aB1aHL 13 300pakeHh BHTATYIOTHCH
crieliaisnl Jeckpunropu obing, ado Bek- 4
Topit osHak. CrouaTky Mepexa mmiHOO-
KOTO HaBUANHA TPEHYCTLCS PO3INiHABATH
pucH 00IHYYs, PoGISYH LE 32 JONOMOI0I0
KAPTH TOYOK HABKOIO OCHOBHHMX HOro wac-
Tl {oui, Oposy, Hic, TybH). Biacrans Mix
IHMH TouKaMK 1 ¢ Bextop ozuak. [logibuo
A0 BIIOMTKA NanmbliA, BEKTOp O3HaK Oyne
IHAHBIIYANLHAR 108 KOKHOI  THOAMHA.
Xowa pucn oOaMuus  § HLAUBLAYAIBMNI,
BHPAT OIHX | THX CAMHX MOl o/iraxo-
BHi ¥ OiasmocTi aoaeit. [ng ixusoro poi-
IM3HABAHNES BHKOPHCTOBYIOTE FPYNH TOYOK
i3 Bextopa o3nak. Tak, Hanpuknax. maiom

B

" " o P o) ]

. &P

) 193 -3 o ™

. "R

Puc. 2. @parment cucremu Has qanux FER2013{16]

IPYIH TOYOK §118 KYTOMKIB poTa CBIAYHTH
Npo NOCMIMKY, 3BEACHHS FPYIIH TOUOK Ha
Oposax — npo Hacynnenicts Toupo. Mpouec
posnizHaBauis W00paKeHHIT Ha puc. 3.
Anropursy onriuroroe notoxy Jlykaca-
Kange sukopucroBycThCE 218 mepeadi
MOJOAKSHHS KOKHOIO BIPTYanBHOIO Map-
Kepa, wod BIICTEXHTH HOTO NONOKelHA
Il Hac eMouiitHOre BHpakelns cyd' ckra.
JHecars 03naK BHBOAATLECA 9K BIACTAHL MIK

B "‘,.{-‘\'
Happnes \/

KOAHHM MapKepom 1 To4K010. Y notouHoMy
AocaiAReHH] BCl Aani npo BiacTaui obuic-
MOIOTLCA 3a flonomoreio Teopemn Ilida-
ropa. [Torism soun 36epirarorses y dopsart CSV mia
yac npouecy 300py AAHAX UL 101a0B1H0T 00poOKH.

Ocrosua GyHKUIS HLOTO METOAY — 1e A0CIIKeHHS
BICTAHEH MK 04HMA Ta HOCOM, HOCOM Ta POTOM TOLIO.
Le aac 3mory 3po3yMiTH HOYYTIS JUOIMHH BHACIHI-
JOK jJochiiKenHs 1l MIMIKR Ta ocodaMBOCTEl BHpaty
ofnuuus. 3BICHO, Y KOKHO! JIOAHHH CBIf BIAACHHIT
BHpa3 OONHYYA, ane 33 J0NOMOIOK 1LOre METOmy
MOKHA JOCHANTH P3N eMOLIT Ta HABUMTH MOIEIL
PO3NIZHABATH YCI O3HAKH MIMIKH T2 BHpasis obnny
moan. Lel nponec € Z0cuTh CRIAIHAM, ale BHACII-
0K PO3BHTKY TeXHOZOFIH, IO CHCTEMY MOKHA J0CHTE

Puc. 3. lpouce posniznasanns emonii |2]

AETKO IMIJIEMEHTYBATH 3a JA0TOMOFOI0 INTYYHOTO 1HTe-
JIRKTY Ta MAIIHHHOIO HapyaHHs. Yseck mpotec pos-
AEsHANHA 00MHYYS TIOINHH 300paskelHii Ha pic. 4, e
BKA3aHO0 OLILIICTE OCOBIHBOCTEH 0DIHYYS JTIOIHHA Ta
npotiec ioro irenridikanii.

Sroprropa neitpoiia mMepexa (CNN) Dyna suxo-
pHCTaHa B HaIiH cHCTeMI /U1 MOKpalleHHs po3nis-
HABaHHA eMomiil 0BAHYYS, OCKIIBKH BOHA 3aCTOCO-
BYETLCH B IHIIHX KOMITTOTEPHHX FATy3sX. TAKHX AK
posniznaeanns obauy Ta BugBneHHs ob'ckTin. Kpiv
TOro. nependaueHus IPYNTYIOTHCH Ha idopMmail,
HaJanii y neBHIii MOMENT Hacy.
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A — " —N Ha prc. 5 noxazano cTpykTypy Mepeski. SKa BHKO-

PHCTOBYCTLCS NS POINMI3HABAHEA eMOLI 3a Jono-
MOToIo opicHTHpIB Ha obmyul. Ls Mepexa oTpumye
BXIZIHe 300pamkenus | HaMaracTses rnepeadaunTi
BEXIIHY emonio. Bona mae sictw eranip, sxiioua-
H0UH 3rOPTKH, 00 ¢1HaNHS | NOBHICTIO 3'CIHAN] LIAPH
3 onepamigMi  BHOPAMICHAX THUTHEX OJHHHALL
(ReLU), axi 36epiralors Xopouy SKicTs, age pobnsrs
30ixiicTs nadararo msuawoio. Kinskicrs dinstpis
cradoBura 32, 64 1 128 3 poimipom inzerpa 5%35
JJ18 3OPTKOBHX IIAPIE, @ KUILKICTL BHXIAHMX BY3NiB
¥ MOBHICTIO 3 €/IHAHOMY [Uapl ¢TaHoBHAa 6 3 ONTH-
mizaropos “Adam” [19] 1 koediicarom sincisy 0,3.

Lo0 suKOHaTH NOCTaBICHE 3aBAanNng, HeoOXiAHo
CTBOPMTH BAACHY NPOrpaMy, SKa JO3BOMHTE HATpe-
R (%) HVBaTH CHCTEM) Ta NEPeBIPHTH OTPUMAHI 3IHAHHA
¥ peansHOMYy vaci crocofoM migKNIOYEHHA MAllHH-
HOIO 30PY.

Obit

BxioHe

JACTOCYBAHHA

Opyrui eTan

Kinuesna
pesynerat(Enmouia)

Puc. 4. Hponee posnizuanan obanays jomnn (2] Puc. 5. Mpouee posniznasanng cucrenmon CNN
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Jlna TpenyBais 6yN0 RHKOPHCTAND CeperuRrHILEe
Jupyter Notebook [17] 1a sony nporpamyBanis
Python,

Jna edexmnpuoi pobotH 3 wogoM  noTpibuo
TARANTAKHTH Joaatku 10 Python - naxern, axi coe-
HiaIEEe pospobaedi 108 coemgIunny 34049 Ta THa-
qHO CTIPOLYETE POGOTY 7 KOA0M T HOr0 IMBHIKICTE,
Evno suxopucrano Taki naxketi: Tensorflow, Keras,
Opency, pandas, numpy, 0s. 3apanTamelis 100aTKin
MOENA NOOAMETIE Ha pic. 6,

Micns migemouends yeix gogarkis, neobxiano
SABAHTAHHTH I00pAHEHIA BCEPeIHHY MOJeTl JUTA
nogankimore  wasgamsd.  [lpouec  sasantamenns
300pakennil Ha pHe. 7, Oe KapTHHKN Bie po3gimei
HE HABYANLAI T4 TPEHYRAMLN (HABYATLHL Q78 [Apo-
HECY HABYAHIA MOTENi, 2 TPENYEATLHI — caMonepe-
RIPKH MOZEN] TA OUIHKY AKOCT] TPeHyBAHNE ),

[licng sapantaxenns 100pameHs NOTPIGHO HANA-
UWITYEATH MOIEIL T4 XAPakTePHCTHEH TPCHYBAHHA
A7 GUIRLD TOMHOTD TINOIY CHCTEMH 0 HaBgaHHa,
Hananrrysaums sopeni g mamoe] cHcTeMy 3o0pa-
weno ia puc. §. Byno cnegniikosano Hananmysang
HAIIOT MOJem Ta I9Jack0 napaseTpi, neobxiauni ana
HERTAHILA.

[Ticns WanamTYEaUAS XAPAKTEPHCTHE A8 TPEHY-
panudg, BiadveacTLca case Tpedyveanng mogeni. e
mponec € JOBFOTPHEANIM Ta MOEE 3aiHITH Jy#e
Garare gacy. Yac Tpenysaiia tane®nThE B XapakTe-

PHCTHE OPHCTPOR, HA SKOMY BLIOVBEACTRCA NpOUEC.
[Mo sain=ennn M oTPHMArMO rpahisn moge Tod-
HOCTI T2 KOppeRCTHOCTI Moeni (pre. 9).

Ha rpaiy, sxnii o0paxennil ua puc. 9, sigo-
Opamena TOUHICTE NI M3c HABYAHHA T4 CAMOMNe-
peBIpKH MOZenl Buacnigox 0araTeox eTanie nepe-
BipEn Ta Basuanud. Jna nokpamenHa ToUMCT
noTpifae cdopMyBaTH HOBl METOIAH TPEHYBAHMA,
GBI NOTYREILE MPACTPOT A0S NPOREICHHE Opo-
Lecy Hapdauui Ta Hosinl ganifsobpaseHHA 1ns
OOKPAIIeHHA POIYMIHIA MIMIKE D00l cCHCTeMOD.
[Neperipka pe3vanTaTy TpPeHYBIHHA Ta Nependa-
weHns sonen obpaweno uwa pue. ) Cnovarky,
OyMa BRAZAHA eMOUIS, KV DamacMo OTPHMATH BID
MOZENE, & NOTIM CaMa MOJSNT: HAMATACTLE Nepe-
OAUHTH eMOLIK, AHATIIYIONH KAPTHHEY Ta MIMIKY
JOIHHH AKa zo0pameda #a oro. Ouikyeaingii
pelvaLTaT ~ ne cym. Mogens Brasana, wo e cym,
4 OTHE BOMA JOCHTL Ao0pe BLAPLIHAC eMmouii no
fpore. e opun npukaan emoull 3o0paKeHo Ha
puc. 1. Ouigkyeanuil pesynesrar — nigpata, o cHe-
TEMA HaM 1 noKazana,

Crsie,  pesyiLTaT TPEHYBAHHA € JOCHTL BHCOKHM
TaK, 4K MOJIETE JIATHA POUTITHATH MO Ha KAPTHHRL.

Hle opun cnocif nepesipuTi MOLEIE — LUe [po-
TECTYRATH Ti ¥ PeankioMy yaci, Wod ynesHuTHCE 4l
BiINOBEI A6 MOJE0h HAIMM BHMOTanM, 91 1. Peiyib-
TaT nepesiprn solpaskennil na prc. 12,

[6]: from keraz.utils inport to_categorical
from keras_preprocessing. imege import losd_img
from keras.models import Sequentisl
from keras.layers import Dense, ConviD, Dropowt, Flatten, MaxPoolingZD

import as
import pandas as pd
import numpy as np

Puc. 6. 3asanrasennn naxeris 1oan Python

train_festures = extract_featurestrain|'imege']]

vor [ 7252110634000, 8036

CohUsers\ rimha \Applata' Lacal\Pregrams  Python | Pythons 11 LibY site-packages \keras

e2se use color_mode = "grayscale”

warnings.warn ‘grayscale is deprecated. Plesss usze "

test_features = extract features{test| 'image’ |}

Pue. 7. Mponee sapayrasennd 100pasens
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Bueni sanuckn THY imeni B.1. Bepnanceroro. Cepin: Texuiuni naykn

model = Sequentizl()

# convolutional Layers

model, add{Conv2D(128, kernel_size=(3,3), activation='relu', input_ shape=(48,48,1)))
model , add(MaxPocling2D(pool_size=(2,2)))

model. add({Dropout(8.4))

model.add(Conv2D(256, kernel_size=(3,3), activation="relu'})
model,.add{MaxPooling2D(pool_size=(2,2)))
model.add(Dropout(8.4})

model.add(Conv2D(512, kernel_size=(3,3), activation="relu‘'))
model. add(MaxPooling2D(pool_size=(2,2)))
model. add(Dropout(8.4))

model. add({Conv2D({512, kernel_size={3,3), activation='relu'))
model. add(MaxPooling2D({pool_size=(2,2))}
model ., add({Dropout (8.4} )

model. add({Flatten())

# fully connected Layers

model, add(Dense(512, activation="relu'})
model. add(Dropout(@.4))
model.add(Dense({256, activation='relu'})
model . add(Dropout(8.3))

# output Llayer

model.add{Dense(7. activation='softmax'})

Pue. 8. Haaamryeamns Moaceni L Tpesy sanmns

Maodel Accuracy

Pue. 9. Tounicrs sogenai

B2 Towm 35 (74) N2 3 2024
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dicrim Iy #flsgent

Stiih Loage dxerimage 2% Pnlfatdafddog.

Puc. 10. Mepeadavenns emouii (Cym)

ha

Puc. 11, Mepeadauennn emonii (Bigpasa)

. 987%

Puc. 12, Mepeadavuenns emouil y peaasnomy vaci

Bucnosku. Y ganoMy aociuikert 6710 posimsiyTo
npofneMaTiKy posnizHaBanis MIMIKH IOIHIH Ta Hpo-
AHANMI30BANO CHOCIO, 110 AONOMOKE BHPIILHTH 10 Npo-
GreMy Ta 03BONNTE TOKPAlHTH B3aCMOII0 JHOHNA Ta
MalHRH ¥ MaiibyTHboMY. Byio cTBOpeno Mozens, xa
PO3MIZHAC eMOLIT JIKIHHH y pealbiiomy uaci. Moneias
OY710 HABYEHO 3a JONIOMOT0I0 HelipoMepe:Ki Ta BIKPH-

TOi GasH AAHHX 13 300paKeHAM eMOLI PI3HUX J1o1eil
Cueteny Gy/10 IPOTECTOBAHO Ha CTATHYHUX 300paKen-
HAX T2 Y (HOPMaT] peanbHOro BiIEONOTOKY.

Byu10 npoBe/ieHo anat’s TOUHOCTE MOJE Ta Bapi-
aHTH i1 MOMKIHBOIO NMOKpalleHHs. 3aranoM, Mojenb
N0Ka3a1a JA0CHTh HENoraHni peiyiibTati Y posiisHa-
BAHH] eMomiit.
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Isaiev T.5.. Kysil TM. A METHOD FOR RECOGNIZING HUMAN EMOTIONS
IN REAL TIME USING MACHINE VISION

Nowadays, theve ave differemr methods and different fearures that can be weed to recognize faces and
emotions, such as face, fexe, speech, and so on. Factal expression s the best among them. Emotion detection
has also been widely wsed in many fields such s understanding human behavior, detecting mental disorders,
detecting the emotions of people in a crowd, and 5o on. fn the proposed concept, face emotion recogiition
can be divided into three stages. At the fivst stage, a henan face s detected in the camera image, then ar
the second stage, the inpui data is analvzed based on features using a convalutional newral network (CNN)
model, At the fast stage, fuman emotions ave classified into 7 main categories: fear, anger, divgusr, sadness,
surprise, neutral, and joyv. Thus, the proposed model iy divided into three main goals: face detection, face
vecogiition, and emotion classificarion. Face recognition has many important applications in various flelds,
such as identiny verification, secuvity, bomerrics, smart cavds, surveillance systoms, ete. Facial expressions
convey ron-verbal signals that play an important role in interpersonal refationsiiips. Tle Cogaitive Emotion
Al system is a process of identifving a person’s emational state. The main goal of our research is o develop
i Fobust system thar can detect and recognize human emotions from live broadeasis. The methodology of this
systent is hased on twa stages — fnce recagnition i performed by exiracting the Haar cascade and recognizing
Sacial features using the Viola-Jdones algorithm, and then emotion verificarion and recognition is performed
wsing artificial invelligence methods, The svstem rakes an image or a frame as input, and by analvzing the
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model image, preprocessing and focial feature extraction is performed, after which the syvstem predices the
emotional siate. We have develaped a comvolirional newral nenwork 1o classifyv human emetions from dvnamic
fircied expressions in real time. We trained our svstent using the Tensorflow madel, which was trained to classify
hemin emaoitions. We used an open database of images to train the modeld, ox well oy our own photos to mprove
the resulis. A live video stream was connecred 1o display the reswdts. The results demonsivare the possibility of
using newral netwovks in real time to detect human emotions.

Key words: emotion recognition, analytics, model fraining, rveal-fime, machine learning, aviificial
intellivence.
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Introduction

In recent years, the need to improve the performance of convelotional neural networks (CWNE) has growm
rzpidly dws to their increasing deployment in varieus real-warld applicetions. These applications span diverse fislds,
including bealthrare, finance, automomaon: systems, and smart citiss, reflacdirg the versatility and affectivensss of
CWNs= in tackling complex problems. Thiz demand is fusled by the availakiliny of spedalized accelerators, like the
Google Coral TPU [1-4] (Terser Processing Unit), which enabls users to optimize trzining and inference procssses
without requiring extensive kmowledge of hardware-level optimizations. The imtroduction of such accelsmtors has
revolutionized the approach to deploying machire leaming models, making it possible for developers and
rezearchers to foous more on madel dezizn and less on the intricacies of hardware. Leverazing thess acceleratars kas
become eszantial in achieving high compuatational efficiency and ensuring fast, r=liable performance across a diverzs
ranze of tasks, from image classification to real-time object detection.

The zoal of this work is to develop 2 method for enhancing CWN performance by mteprating the Coral
TPV acczleratar and desizning 2 system that optimizes both the trainirg and infererce proceszes. This mvalves 2
comprehensive approach that ot only secks to improve the computational capabilitiss of CNIz but al:o enkences
their operational efficiency in practical applications.

To achisvs thiz goal, the following Raks nmst be completed:

1 Optimize the CMN architecture This entails fine-tuning the design of the TNN to tzle full
advantzge of the Coral TPU's architectore and capabilifies. Technigues swch as pruning, layer fiusion, amd
specialized activation functons can be employed to ensure the mods] 2limns with the TPLTs strengths

b Test and wvelidate the performance of the CMN model using the TPU. Conduct rizorous
beachmarking tr evaluzie the madel's performance on the Coral TFU compared to traditiona] CPUs and GFUs. This
st=p is critical to ascertain the achoal benefits pzined from using the TP in terms of speed ard acouracy.

3 Implement 2 scalzble system. Desizn and deploy a system that suppents rezl-time inference and
efficient mode] updates. This includes creating a wzer-friendly imterface that zllows developers to imteract with the
model, monitar its performance, and updats it 2z neaded with new data.

Accelerators like the Coral TPU play 2 findamental rele in CHI optimization. as the speed and accuracy of
2 model deperd beavily an the hardware used for both trziring and inference. The TP is specifically desizned for
markine leaming waorkloads, allowing CWN=z to nm on respurce-constrained devices whils mamtaming high
performance This czpability makes them ideal for edse applicatons, where traditional computing resources might
not b2 available or feasible [7-13)

In fields like computer vision, CWN model:s are often deploved for tazks such 2= objsct detection, image
classification, 2nd medica] diaznosis. These tazks require hizh-spead inference with minimal latency, particalarly in
real-fime systems whare decizions must be made swiftly based en incoming data The Coral TPU sizmificanthy
raduces training time by performing compuatztipnally imtensive operatipns, such as comvolitions, more efficianthy
than standard CPUz or GPUs. This capability allows developers to iterate guickly on mede]l architscbares amd
Iyparparameters, ensuring the final mods] i acourate, robust, 2nd well-soited for the intended applicaton

The Caoral TPU is opiimized for edze computinz, where models must provide prediction: in real-time
withont relying on cloud infrastroctore. In robotics, awtopomaous vehicles, and smart sarveillance systems, low-
latency predictions are crudal for effectve functioning. Far example, in sutonomoe: vekicles, the ability to make
rezl-fime decizions based on sensor inputs can determine safety and operatonal smocess. With TPU-accelerated
infarence, these systems czn opeszie indspendently, elimimating delays associzted with cloud-besed solobons and
enabling real-tims derision-makinz directly on the device This independence not anly improves performance bt
2lsp enhances privacy and security by keeping sensitive data on-device rather than transmitting it to extemal servers.

Eeyv Componsnts of the Optimization Process:

1 Mpdel Architecture Optimization Adjustieg the CNN architecture to lewerage the TPU™s
czpabilities includes optmizing layer ammanesments and employing techmigues soch 23 depthwdize separable
comvalutions to enhance performance. This 2lse encompasses suppoert for guantization to radoce mode] size whils
maintainmg accuracy, 2llowing for efficient use of memory and computational resources

b Traiming Accelemtion. Ofleading matrix operations to the TPU significantly reduce: training
time, allowing developsrs to test multple confizurations mare efficiently. This expedited rainins process is crocizl,
especially in ressarch amvironments whers rapid prototyping and experimsntation are eszential for innavation

3 On-device Inference. Deploving models on devices egquipped with Corzl TPU for real-time
pradictions ensures fast and reliable performance without extermal dependencies This capehbility iz especially
16 MIOEHAPCTHR SAVECEHN FYPHAT
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impartant for applications liks anzmented reality, where user experience ralies heavily on immediate feedback from
the systam

The TPU supports quantized modzls, which reduce memary usge and compufation costs, making them
mitable for deployment on Internet of Things (ToT) devices, drore:, and mobile platforms [10-15]. Thiz ensares that
high-performance CHNs can mun contimipusly oa devices with limited powsr and computational respurces. The
ability to maintain performance while mirimizing respurce consumption is 2 significant advantzze n emvironments
whers battery life and processing power are constrained Additiomally, the TPU allows for parzllsl deployment of
mmltiple accelsratars, further improving the system's throughput for fasks like real-time vidso mnalysis, where
mmltiple streams of datz muost be processed simultansously.

The Carzl TPU also enablss moremental madsl updates, allowing CWNs to adapt to new datz without
Teguirins complete retraining. This feapore iz particularly wseful i dynamic environmests, such 23 autoasmons
wehicles or security systems, where maodels need to guickly adjuost to new conditions or threats. Faor instance, in 2
seourity application, 2 modsl may nesd fo learm to identfy mew types of suspicious behavior bazed on recent
marveilllance footage. With the TPU handling the compatztional worklead, on-device fine-tuning ensures that modals
Temain acourate and responsive over time, leading to better performance and reliability in practical applications

Owerall, the imtsgration of the Coral TP into the development amd deployment of CWIN: marks a
significant advencement in the Seld of machine learming. By optimizing mode] perfoomance throush targsted
enhancements, real-ime processzins capabilides, amd the ability to operate effectively n resource-constraimed
environments, the Coral TPU facilitatss 2 mew era of intellizent systems capablz of tackling the challenges of
mpdern applications.

Apalysiz of Exizting Solutions

The increasing miegration of specialized accelerator: in machine lsaming warkflows has tansformed the
wzy coavelutional peural networks (CHNz) are optimized for real-warld tasks. This transformation is particularly
evidant in the realm of artificial intellizence, where the rise of sophisticated alzorithms has signifcantly advanced
capabilitis=s in image recosnmition and classification The dsployment of CWNNs has become mors efficient and
accessible on edze devices, thanks in larze part to the advent of accelerators lika the Google Coral TPU (Tenser
Processing Unif). These accelerators ars desizmed specifically for hish-performance mackine leaming tasks,
enzblinz modsls o be deployed in envirorments that demand both speed and eficiency.

Thiz advancement ha:z driven the exploration of TPU-accelerat=d modals acro:s various applications,
includins robotics, aotonemeus vekicles, and security systems. In these felds, the ability to proces: data in real-time
is crucial far meking timely decisions and ensuring operztional safery. For mstence, in robotics, quick processing of
semser datz allows for immedimt= adjustmentz to movement, enhancing overall effidency amd effectivenssz
However, deployving CNIN= on hardware accelerators imealves umique challenges that nesd to be addressed for
optimal performance:

1 Computatioral Demands. Large medels require siznificant computational power, ard traditional
CPUs or GPUs may strugsle to handle complex metworks efficiently within acceptable time frame: This
inefficiency can lead to delays in processing, impacting the overall pm"wmn:lhe of applications reliamt on guick
Tespansss. Accelerators such s the Caral TPU are specifically enzinesred to address this challangs by siznificansty
gpecding up operaticns liks comvolution: and matrix mulbiplicatieas. This capability enabless developers to deploy
more complen models without the fypical corsiraints associzted with coaventipnal kardwars.

1 Performance Varizbility. The performance of CMNs cam vary across diffsrent real-warld
conditions, och as variatons in lishting, angles, o7 environmental peise. For emample, 2n image caphured in bright
melight may vizld different resolts comparsd to one taken in low light. Thiz variability makes it ezsential for TPU-
accelarated modsls to effidently handle diverse input data, ensuring rebustnes: during real-time execuotion. To
achkieve this, medels muost be trzined on 2 wide variety of scenarioz ard dziz 1o prepare far r=al-woald applications

3 Challangz: with Unseer Data. Inference or unsean data remaing a significant challapza ie the 'ml.d
of mackine [saming. Even hizh-performing CWIM: may strozgle when exposzed to new inputs that were mot part of
the trzining data. Thiz emphasizes the need for onzoing updates and incremental learming on the device
Implemerting t=chnigues suck 23 continoal leaming allows models to adapt to rew data imputs, thus mproving
accuracy and parformance aver tima.

4 Weed for Human Owersizht Certain industries may still require humar validation for semsitive
applications, such as surveillamce or healthcare. Whila TPL acceleraters can emhance CNN performance and
improwe efficisncy, buman overzight remain: critical in ensuring acooracy and ethical deployment. For instance, in
medical applications, 2 CHIN may identify potential health iszaes, bat 2 trzined bealthrare professional must validate
the razalts bafore amy dizznpsis or reztment iz admmistered.

Several projects hawe demonstrated the potenfial of imegrating Coral TPU far CNIM-bassd tasks,
showozsing the technelogy's versatility and effectivensss. For instance, 2 research team from MIT swocessfolly
optimized a WM specifically for detecting traffic sizns in autonamous vekicles. They smployed transfer leaming
with 2 MobileNet architecture, achieving remarkable inforence times of less than 10 milliseconds per imaze on the
Coral TPU. This efficiency allowsd for real-time recogmition without compramizing vehicle safefy, an eszential
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factor in the deplovment of aotonomoens driving systems where split-second decizions can be crucial

In another inmovative praject, a zroup fom Stanford University developsd a TPU-accelerated CWN far
drams-bazed enviroamental monitoring Their mods] anatyzed aver 50,004 zerial images, identifyins plant health
and crop siress with impressive accuracy. By offloedineg computation to the Corzl TPU, the drone was able to
provide real-tdms feadback, making the seloton scalable for agricoltaral wse. This capebility not cnly enhamces
productivity in farmieg but also supparts sustzinable practices by enahbling timely interventions based onr the health
of crops.

Fey Components of TPU-Based Optimization

1 Mpde]l Optimization Technignes. Mamy CWN architectures are optmized throush advanced
techrigques such 23 pruning and quantization These methods reduce the model size without sacrifideg performance,
making it feasikle to deploy them on edge dewices with limited resources The Coral TEU supports guantized
models, which significantly improve energy efficiency and mnfererce spesd, oudal for battery -opsrated dewices or
those with restricted power availability. This optimization emables real-time applications in settings where power
COnSUmMption i3 2 majel COnCem

2 Instant Predictions. Models deploved on Coral TP dewices achisve instant predictions, making
them ideal for real-tme applications like robotics of smant surveillance, where response times are crifical For
example, in smart surveillance systems, the ability to guickly analyze video fesds and idsntify potential threats
enhances sacurity measures and allows for prompt resporses to incidants

3 On-device Leaming Capabiliies. The Coral TP enables on-device learning throush fine-tuning,
allpwinz models io be updated incrementally based on new data This feature is particularly useful for dynamic
environments where the system ne=ds to adapt rapidly to new corditions. In industries liks finance, whare market
conditions flocate freguently, the ability to update modals in real-time ensures that predictions remain accurate and
ralevant

The system utiized a lightweight CWN fo idemtify authorized personmel] with high precision, providing
near-instant verificetion. This setup replaced traditional coud-based sohrtons, significantly minimizing latency and
climinating privacy concems 2ssociated with remote data storaze. By processing dafa locally, orzarizations can
enhance secarity and protect sensitive information, epsuring compliance with regulztons regarding datz privacy.

Anpther innavative project imvohved nsing the Coral TPU in wildlife monitoring. Fesearchers in Canada
deploved camera frap: powsred by TPUs fo detect endanzered species in remotz areas. The CMN-bazed model
achisved over 83% acouracy in identifying animals in various lishting conditions, enabling real-time notifications to
consarvation teams. This timely information allows for mare affective conservation =ffonts, 23 teams can respond
swifily to protect endangered species from thoeats like poaching ar habitat Joss.

Ovenll, the imtegration of specialized accelerators such 23 the Google Coral TPU haz revelutonized the
optimization of comvelutona] nenral networks, allowing them to perform effectively in real-world scemarips. By
2ddreszirz the umique challenges of deploying CWN= on hardvrare acceleratars and demonstrating their capabilitias
across various applicztions, these advancements pave the way for more imtsllizent, sfficient, and respomsible
mackine lsamins selations in the future.

Improving results of CNN

The process of ceating a moede]l optimized for Geogle Carzl Edse TPU imvelves systematically
handling data. applyinz ransformation:, and trzining medel: uzing teols ke Poboflow. Below arz the key step: to
creats an efficiant image claesification modsl for Coral devices

1. 5tant by determiring the specific aim of vour dataset For instance, if vour gzoal is to idemtify
various rzal-warld objects liks animals, vehicles, or plants, emzare that vour dataset is tailored to thiz objective. Thiz
foons will direct the subsequent steps in preparing vour datasst.

1  Compile a diverse amay of imazes that depict each categary or class you plan te include n your
model. If your focas is on classifying animals, zather pichures of different types, such as cats, dogs, and birds

3. Aim for an even distribution of imazes across classes to prevent bias in the training phase. Thiz
mears cellecting a similar mmber of imases for each catzgary.

4 Create szparate folders for each clas: (=g, one for cats, another for dogs, etc.) and place the
relevant imagss into theze folders. This argardization iz vital for effective data management and training

3 Ensure that all images are accurately labeled accordins to their respective folders. Proper labeling
iz crucizal for the model’s learming process, 2s it directly nfheences how well it can distingnizh benwssn classes

6. For modsls desizned for the Edze TPU, opt for TenserFlow Lite (TFLite) 2= the datazet format.
This firmat iz specifically optimized for mobile and edze devices, making it suitable for nse with the Corz] Edze
TPU.

Download the structhured dataset along with the Iabeling file, which helps map class labsls and

ensures the mode] acourately connects images to their reypective labels during training

8 Import the imazes and labels into TensorFlow, which will be the framework uzed to constmuct your
maodal.
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0. Select a Hzktweisht architecture that 5 compatible with the Edze TPU, such as MobdeNetV2 or
EfficientMet. These models 2re desizned for efficiency, making them ideal for edee devices with Limited procassme
pawEr

1§ CQuantization reduces the maodel's size and enhances s inference speed by comventine i3 waighty
from floating-point 1o intezer format This step iz essential for optimimng the medel’s performance on the Edze
TR

L1 After guenfizetion, uze the Edge TOU Compiler to comeert vour TFLite model min a version that is
competible with the Edze TP This step farther optimizes the model for efficiznt operation on Coral hardvare

12 Get your Caorzl USE Acceleratar ar Coral Dev Board ready by following the marufecnmer’s
mstmctions for instellaton 2nd conmection, epsaring sverythine is confizured properly to mae your model

[3.  Firally, svzhuzte the model’s predicizons vsing lve inpmi= through the Comal TPU. Thi: testing
phaza allows you to check the modal’s performance in rezl-fime scenarips, confirmins that it achieves the dasired
level of accuracy and responsivenass

50
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FPs
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Fig, 3. Frames per second during medel"s werk

Tha three graphs provide 2 comparative analysis of the performance of 2 machme learming model with and
without the uze of Google Coral for Edze TPU acceleration:

1y the first graph shows that when uzing Coral, the mods] achieves arourd 350 FPB, significantly
outperforming the less tham 30 FP3 recorded without Coral This stark differesce indirates that Comal greatly
enhances the speed of processing, makins it soitable for rezl-time 2pplications

i the zecond graph illostrates that the latency with Cosal remains under 10 ms, wherea: withouat
Caorzl, it increases to appromimately 30 ms. This lower lztency with Coral means faster predictions, which is
essential for applicatons that require immediate feedback, such as video amalytics

EN the third graph reveals that the model achisves around 81% acoaracy when using Caral, compared
to 2 lower acouracy when not utilizing the hardware acceleration. This means that Coral not enly improves speed but
2lsp help: maintain a competitive level of acourcy, which i= vitz] for efective mode] performance

Owarall, these zraphs collectively smphazize the sizmificant advanfages of integrating Google Coral in
maching learning tazks, particularly in terms of speed amd respomsivensess, which are crucizl for applications
demandinz hizh performance

Concluzions

The process of integrating Google Coral with machies leaming medels for enhanced performance presents
2 comprehenzive approach to optimizing real-time applications This imtzsration begins with evaloating the bazaline
performance of models without kardwars acceleration, which highlights the limitations in speed and latency. By
incorporating Corzl. users can significenily emhence frame rates, ackieving impressive FPE rates that enable
responsive applications.

Furthermors, the analysiz of latency indicates that the use of Corzl reduces processing times, which is
crucial for applications requiring quick feedback, such 2z video mnalysis or object detection. This decrezze n latency
not paly improves nser experisnce but 2lse opens up possibilities for real-time dacision-making invaripos domaing

Acrcuracy assessments reveal that despite the substantial tmprovement: in speed and latemcy, models
utilizing Coral mamtain competitive accuracy levels. This belance ensures that the imtegrity of the medsls
pradictions iz upheld while benefiting fom the efficiency that hardware acceleration brings

Crverall, the combination of high-speed procsssing and low latsncy afforded by Coogle Coral allows for
more effective deployment of machine l=aming models in practcal scenarips. The ability to swiftly analyze data
whils mainfainimz acooracy makes it an imvahiable 2:zst in fislds sock as autonomous systems, robotics, and real-
time amalytics. Thiz approack to modsl echamcement throush hardware integration not only streamlines the
workflow fram develppment to deploymsent but also paves the way for inmovative applications that demand both
spead and relizbility.
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Introdaction

In recemt yearz, thers haz been 2 rapid increase in the meed fo Create costom damsets for training
comvahrtional neural netwarks (CHH:) to solve practical fasks in variows domains. Thiz growth iz largely driven by
the avatabiity of fTemeworks that alow users to desisn and train mewral networks without reguiring deep
mathematical expertise [1-3]. Therefore, building costom datasets to mest spedfic objective: has become an
ezzential task in the development of neurz] network models, enabling these systems to perform acouratsly across
diverse applicztions.

Ths zoal of this wark iz to develop 2 methed for creatre custom datzsets amd to desizn a system that
optimizes the training process of comvohrtional meural networks.

To achieve thiz goal, the followins tasks must b= dons

- create 3 raming datasst tzilored to the specific neural nemvork task;

— dezizn and test a CNIN maodel using the costam datasst,

- implemsnt the dataset creztion pipeline n 2 scalzble and aotomated system

Cuoztom datasets are findamental in trzining neural metworks, 2= the guality of 2 model's performancs
depends heavily on the data it learn: from Each dataset must contain samples that represent the real-world
conditions the medel will epcowntsr. Depending on the domain, these datzzets may inclode images, videos, ar sensar
data tailared to t2sks soch 2s object recosmitian, semtiment analysis, or medical diaznosis.

Ir the feld of compater vision, datasets often comsist of lzbeled images that help neural networks leam fo
detect pattems. Creating suwch dafsets imvelves not only data collection but alse careful preprocessing.
auzmentztion, and aneefation io ensure the samples are both varied and represenfative. This ensurss that the trzined
maodel generalizes well and performs accurately when expozed fo pew, unzeen data

Omns widely-used tool for buildns datazets iz Roboflow, 2 platform that simplifie: the process of datasst
creation, manazement, and deployment Foboflow allows developers to sasily collact. orzanize, and lzbel data for
nearal networks. It also offers features for data auzmentation, such as adjusting brishiness, contrast, or rotztion,
which helps increase dataset diversity and prevents overfitting during mode] raining

Eey Components of the Datazst Creation Methed

1} datz cellection: Collecting raw daotz from relevant sources soch as camerss, puoblic repositories, or
proprietary datzbases. Thiz siep ensures that the datasst reflects the conditions and scenarios the neural
netwark will encowmter,

2} preprecessing and ausmemtzton Applving trensformations to improve data guality and simulate
different real-world condition: With Foboflow’s topls, imazes can be scaled, rotated, flipped, or kave
roize added, making the datzzet mare robust and varded;

3} aonotation and labeling: Tazging each sample with the appropriote cla:s labsels. For tasks ldee object
detartion or emotion recogmition, this could invelve drawing boundins bozes or assigning specific
categories to images. Accurate labeling iz crocial for the CWN to leam meaninsful relationzhips
betwesn input: and ouiputs.

A rustom dataset must be diverse and wall-balanced to 2void bizs. For exampls, if one class of images iz
overrepresented, the CNIN may leam to fver that class, resulting in poor performance on other categories.
Faoboflow belps address this {ssue by macking class distribution and suggesting ways to belance the dataset Thiz
enzurs: the modsl gareralizes well across all categories [7-E].

Creating custom datassts tzilored to specific CNN tzsks plays a vital role in ensuring the suocess of neural
nemwork models. By using Foboflow, developers can streamline the data collection, preprecessing, and amnatation
proceszes, leading to mors efficient and scalable workflows. This method rot aely ensures higher accuracy in modal
pradictions but also enhances the network's z2bility to gereralize across different envirooments and tasks. As deep
leaming technalpgies comtimes to evalve, the demand for hish-quality, tesk-specific datzsets will remain 2 critical
factor in the developmsnt of intellizent systams.

Ons of the key advantazes of Comvolutional Mewral Networks (CWNz) is their ability to suwtamatically
extract relevant feztares from data. This means that instead of requiring a mamal selection of featares or a detriled
analysiz of how the mput variable: are related, CHN= leam to identify the most impartant pattemns and relztionships
Iy them:elves during training

Far example, in traditicnal machine learming approaches, 2 lot of ttme and effort mizht be spent analyzing
data to understand which characteristics {or fzatures) are mest important. [n mage classification, this could mean
manually deciding if celor, shape, or tewhure should be priortzed With CINIMs, this step is not necessary. The
nemwork uses itz layers fo proeressively leam which features matter most for the task 2t hand

Beczuse of this capability, CWN:z reduce the need for 2 pre-amabysiz of data comelations Instead of
manually identifying what might be impartant, the network "leams® by itzelf through exposure to the trrining data.
This autamatic feature extraction =aves time, minimizes human emor, and often leads o better modal performance
smee CWMN3 can uncover subtle patterns that may not be immediately albwious to 2 persen
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Amalysiz of Existing Solutions

The mcreazing mtegration of technolesy in various fields has l=d to the emerzence of mumercus online
platforms for compiling and sharing diverse datasets, greatly enhancing accessibility and participaton for
ressarchars globally. The rise of artificial imtellizence, particularly in the domain of image recoenition, has made it
feasible to automate processes such as the classification of objects, incloding ancient artifacts. This advencement has
prompied the exploration of machine leaming technigues for variows applications, including the stady of historical
items, artworks, and even nafural specimens. Cumently, mtomating the classification of ancisnt artifacts often serves
moTe 23 2n academic pursuit than a practical solution due to several key faciors
1) many existing detesets are limited in size, with most modsls requiting thousands of samples to 2chieve

rzliable acoaracy. Datasetz with fewer than 1,000 tmage: often lead to overfitting, where the medel
leamns noise rather than the undeslying patiemns;

1) mo single mathod poarantess complete accuracy in classification Thizs unceramiy is compounded by
the variability in the quality of images, including differences in lighting, angles, and backerounds,
which can adversely affect the model's performance;

3) many modsls strugzle with recosnizing item: that were not included in their trzinimg sets. This
lmitation hizhlightz the importance of diverse waining data that encompaszes various types,
conditions, and contexts in which artifacts may appear;

4y the meed for such systems iz mot commercially driven; collectars or museums: ofien prefer empen
amalysiz over machine leaming selutons that still require human verification Thiz reliamce an
cxpertize underscares the complexities irvolved in understanding the histerical context and
sigmificance of each it=m, which carmot alwzys be capiured by 2lzosithms

Despite these challangss, sevenl inmovative systams have besn developed for classifying varions artifacs
For example, a ressarch group from the University of Tokyo desizned a CWNN specifically for categorizing ancient
pottery shards. Their datasst comprised over 15,300 images of potery, orEenized into multiple classes based am
historical significance. material, and decarative styles The tezm employed the VGEGE1S architecturs, wtilizing
trnsfer leaming to leveraze pre-raired weights Afier 130 epochs of tzining, they achisved an impressive
clazsification accuracy of 84%, demonstrating the affactivensas of their approach and contributing vahuable Mmsizhts
inta the pottary's historical comtemt [21].

In another instamce, researchers from Stamford Uriversity oeated 2 classification mode]l for identifying
different species of ancient coins, combining state-of-the-art mackine learning with archa=ology. They compiled an
emtensive datzset of 20,000 hizh-reselution imases of coins fom varions eras, meticulously ctegorized by
demomination, material, znd desizn fegtures. This datzset formed the backbaone of their project. enabling the t=zm
trzin their maodel using the EfficientNet architectars, chosen for itz optimal balamce betwssn compuatational
efficiency and accuracy. EfficientMet, with itz scalzble desigm, allowed the researchers to efficiently process and
mnalyze the iniricate detzils of each cein, such as inscriptions and fine engraving: Their mode]l achisved a
clazsifiration accuracy of up to 90%, skowcasing how advanced deep leaming techmigues can provide valuable tools
for raditional fields like archasalpgy. This breakthrough not oaly aids historian: and numizmatists n identifying
and cataloging anciert coins but 2lse serves as 2 template for similar shodies in coltoral preservation, facilitating the
digitization and amatysiz of pther historical antifacts [27]

Furthermaore, a team of data scienfists in Cznada demonstrated the practicality of comvelutiomal neural
networks (CWINE) in modem financial systems Their project foruzed an idertifying and classifying COIIEmpOTrY
currancy notes, addreszing challenge: liks frand detection and anthenticity verification Using 2 dateset of 10,000
imagss of various currency denominations, they smploved techniques such 2: deta 2ugmentation, nommalization, 2nd
the zemeration of synthetic data thronsh compater graphics o enhance the dataset’s diversity and robnsmess. Datz
miEmentation introduced variztions in lighting, angles, and backsrounds, simulating real-world conditions. As a
result, their CNN achieved zn impreszive 97 T accuracy on walidatom sets, hishlichtinz the potential of deep
learnieg 1 improve relizbility and effiviency in applications requiring high precision. such as banking and
security [13]

Similarly, 2 mefable project am the collzberative platform Madium focused on developing a mokile
gpplication aimed at helping collsctors identify rare and wvalvable coir: Thiz project adopted a user-cemiric
gpproach, relying on commumity comtributions to build 2 dymamic damset TUsers uploaded imagss of their
collectons, which were then anepdated to create a srowins datasst tailored to the recognition of rare editions and
minting arars. The lightweizht CHIN architechure powering the app was dezizned to operaie efficiently an mokile
devices, balancing computational constraints with robust performance With 2 preliminary classification accuracy of
0%, the application not only provides immediate value to cellectors but alse sncourages actve user parbcipetion,
enriching the dataset over time and snzarns the moda] remains relevant and affective

Angther irmovative approach gaining momentum is the e of generative adversarial netwarks (GAN<=) o
mzment limited datzzets GAN:, with their ability to zenerate realistic synthetic dafa, are proving to b= a zame-
changer for antifact classification tazks. Fesearchers have employed GANS to create hizh-quality imagss of anifacts
that mimic rezl-world conditions, such as varving levels of wear and lighting. This synthetic data complements
gristing datzsets, zllpwing modsels fo leam from 2 broader range of inpats and reducing the fsks of overfiting
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Preliminery studies gsing GAN-zuzmentad dataset: heve repenied sisnificant improvement: in clessification
accuracy, 2s model: rrined on the:e datzzety demanstrate enhanced gensmlization tp unseen data This method has
tha potential to revolutionize the fisld, perticulasly for niche applications where acquiring larze wolumes of rsal-
world daia is challanging

In summary, the feld of anifact classification throush desp learning i= experiencinz mpid advancaments,
but challsnzes ramain. Current resesrch undsrscorss the importamce of taidared approaches, with ressarchers
leverazing standard CMH architechires, efficient preprocessing technigues, and cuting -sdee innovations Iz AN
to achizvs hkish performarcs. However, the lack of 2 unfrerzal zolofion kishlishts the nesd for contimueed
experimentziion and refinament The integraton of diverse, high-quality datasets and the explaration of newvel
methedolagies will play 2 gudal ol e overcoming exdsting limitationa As these techmolesies manme, thair
apphication promises to pof anly antomats cla:sification @sk: bat alzo despen our umderstanding of culmaral anifacts,
creating ppporuRities to pressmve md appreciate the nchnes: of human hiztory

Creating Datazet using Roboflow to train custom moedel
Creating a custom dztzset using Roboflow for 2n emetions dataset mvelves a series of methadical seps,
from data collection to mode] training
13 dafine objectives;

i dzta collection;

Exl arzanize mages,

e create ar log into Boboflow accoant,

53 32t Up & new project,

) click o "Mew Project,” provide 2 project name, ard select the approprizte project tvpe ;
T uphoad imazes;

B} Izhal imazas,

0 zpply data ausmentation;

10 export the dafazst,

11y downlead additionz] annotztion fles, mach a5 CEWs, for better class trzinms

Initially, Grst step 1= to define the objectives of the project If [x peces:zry to detarmins the purpese of the
empiion: dataset, specifically whether to classify emotion: in images, videos, ar text For the purpeses of thix
example, it was decided to focus on images repressniing various emettons, such 23 beppiness, sadness, angsr, and
Srprise.

Next, step = to gather 3 collection of imaps: that depict thesze different smotions. Curirg this project it was
dacided o use zuthors’ owm fmage: by taking scresnshot: from webcam to gather various mages It iz esssmiial to
ensure that there is a balanced nomber of imapes for each emotion clas: o avoid bizs i the modsl

Omce the siep of collecting imagzes is doma, It iz pzential to organize them mip folders, each helad with
the commesponding emation. For instance, crezting foldsrs mamed “happy,” “sad” “anzmy,” “surprized” and
“neptral.” This systematic oreznization facilitrtes the subzaguent l2bsline process

Afer arzarizing the imagze:, we zesd to create 3 Foboflow account by visiting their website and sizwing
up, i we do net already possess an account Owece logzed in, click an the “New Projact™ bution, choosins 2 project
nams mnd seriing the type of praject to "Imape Classification,” a3 this alizn: with our carrent project on emations
dataset (Fig 13

[,

Lty cuss yuar promc:

[2=-aa ]
Fiz_1. Setrings for creacng dacaset in Robaflow wervice

In the preject dashboard, find the option te upload images, We can ejther dras and drop my maEs foldars
ar 138 the uplead buttan to salect the folders. Roboflow suppart: bulk upleads, allowing us to uplead all the magae:
simultansously (Fiz. 2
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Once the images have been uplozdzd. proceed to the labeling phasz Roboflow providss tools for [2beling
pmages, enzbling users to 2szizn labals te e2ch imagze based on the emotion it reapresenis This stzp is critical, 25 3t
defines the categorie: from which the modal will lem'-. (Fiz 3).

Drog ard doop tmages aootatizns, 30d videss D Skio e D Seee fose

> \ L

o U
i y 4

R R O R e R W e e
Fig. 1. Proces: of dewsloading imsage: to Rebofl

After 2ll mmagzes 2re labeled, 2dvance to the damset auzmentation phaiz Roboflow offers various
ausmentation tecknigues, such 23 rotation, flipping, 2nd color adjustmants. Thase tacknrigue: anhance tha robusmeass
of model, uzad i this papsr, by mcraasing the diversity of the taining daa Fig 4)

Once we havs 2pplied the desired ausmentations, we can axpon the dataszt Roboflow zliows users to
chooz= the format for exporting, such as TansorFiow, PyTorch or YOLOC. Users can zelect the format that is
compatible with tha famawork they tntend to us2 for trainins custom mede] model Fig. 3)

Additonally we can downlozd marking file to help ‘modal batter determine clazses and kelp it to train more
accurataly (Fiz. §).

With the dataset exported, the wamning process baginzs. Users can import the datasst inte thair machine
lzarning framtework, zet up the model architacturs, 2nd confizurs the training peramaters During waming, the model
lz2rns to clazsify emotions based on the labzlzd images that was created using Roboflow and custom method.

Finally, after completing the training, next :2p i to evalute the model: performance on 2 separate
validation 22t to ensure it generalizes well 2o uniean datz Depending on tha resulis,uzers may n2ad to fine-tune the
modsl or gatker additional dat2 1o improve its 2ccuracy. This proce:s of creaing 2 custom dasaset uzing Roboflow
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provides 2 streamlined approack to preparinz data for machine learning tasks focuizd on emotion racognition.
Additiorally, it s very e2sy to 2dd new images to the datasst using Roboflow platiorm.

Preprocessing

G Wrar cam praorsaeasing do?

O £ a0 172001 110 1T 408 INCTaase parformance by Apnlymg imeas

VAN MAtaNs 10 WHiMmaHes o [R5 Gatass
Auto-Ornient Edit

Restze

Stetch v 640830

° Adid Preprocessing Step

© Add Augmentation Step

Fig. 4. Auzmenration setring: of Datsoet
Export
Format
[ THn R Now Object Datection V]
Paxcal Voo .
™Y

YOLO Donenet

YOI C) vl S

YOLOD va& Py Tomn

Scakd vOLOWA

YOLOwS Tnectec Boomhing Soses
MY OLONG

YOI O vE PyTamn

YOLO v7 Pytorch

YOLOwA

YOLOVE Oneetec Bounaing Bowes

YOLOVS {
cSV

Tensortiow CGojoct Detecton |

ReanraniNey Kar s I}

-

Mugti-Labet Chassification
Other

OpenAl Sagr Canalfiation

YornsorNow YWReced

Fig. 5. Proces: of choozing rocsdel wo dowsload cuscom datsset
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Fiz. 6. Additions] C3U file for bevter traiuizg

Conclusions

The custom dateser craation procs:s using Robeflow for smotion recognitiorn provides an end-to-end
solution that ensurs: high-quality data preparation for training machins lsaming models. It begins with uploadng
and orsanizing raw images, followsd by 2ccurate lzbeling of emosions, which lays the foundation for building robust
models. D2t2 2ugmentation techniques 2pplied through Roboflow enhance dataset diversity, improving the modsl's
ability to zaparalize 1o real-world scaranos. Once labsled and augmanted, the damzat can be exportad in muliple
formats, competible with different machins learning frameworks, ensuring flexibility iz modal development.

This structared 2pproack supports afficient and seamless preparation of dat2 for furher mining and
validation The system ensures that ressarchers can focus on optimizing their modelx rather than dealing with dat2
inconsiatenciz: or formarting issue: Additiomally, by emabling imtegration with Fameworks h‘lne TansorFlow,
PyTorch, or YOLC, Roboflow simplifie: the transition from data preparation to mode! trainirgs and deployvment

With the prepared datazet, the tr2ired modsl can reliably classify emotiona] states, addreasing the challenze
of recoznizirg ruanced human emotions, Such models find 2pplications :n are2s ke sentiment analysis, mental
he2izh menitoring, and kuman-compater interactior. Cverall, Roboflow p'ovi.des 2 streamlivad solution to manage
the complexities of dataset creztion. commibuinz to the devalopment of more accurate and reliable emotion
racoznition nrodels and opening raw opporiunitia: for real-world uss case: )

It iz planned to rzsearch and implsment dataset, created in thiz maruscrips, asing krown modsls to chack
the r2zults and compare it to different datasets in later works
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MIHICTEPCTBO OCBITH I HAVEH VEKPAIHH
KMEJITBHHITEKHI HATTTOHANBEHWH YVHIBEPCHTET

PELIEH3IA HA KBAIGIKAIIMHY POBOTY MATICTPA

3oooyeas:_ Tmuayp ICAEB

Teua: Merono posSmsHABAHHE eMOINH THOOHEH YV PeaTbHOMY Daci sS4 JoIoMoToRD

EOMI FOTEPHOTD SO0y

CoemianmesicTs: 123 «Koun roTepHa iIHHeHepLE:

Oocar xpamidiramisci podoTH MaTicTpa:

KinexicTE IHCTIE KpecleHs _ —  KEUTBEICTE CTOPIHOK Samacka 84

1. KopoTERA sMicT pOOOTH Ta MPpHAHATHX piIeHE ¥ po0OTi SANpONOHOBAHO METOT
POSIISHAFARHA eMOINHA [JEJHHH Y PEeATEHOMY daci. AKHH 0OYVIe [DpaIFOEATH Ha

BIATOITOTY FTFDE MDFC TN

—~

2. BHECHOECKE Opo EANOEIAHICTE pPOOOTH JHINICMEOMY SAETIHHEC
Eramidieaniina pofoTa MArCTpa EIINOELNAS ERIAHOMY SAETAHHEY

3. XapaKTepHCTHEA EHEOHAHHA KOXHOID POSIUTY, CTYIIHE EHEOPHCTAHHA OCTAaHHIX

JOCATHEHE HAVEH 1 TEXHIKH 1 NepeJoEHX MeTOZiE poboTH: _ VY mepmowMy posfimi ovio

POSTIANYTO ICHVEOT] PIIIEHHA ¥ METOIAX POSMISHAEAHES exioni. byno gocoigseno cygacH!

METOITE POSMiZHAESHHA EMOITiH 3 EHEODHCTAHE AL MAMHARHOTO HAFJI AT Ta

KOMI FOTEpHODD Sopv. Fpin Toro., OWIC ODpoaHAMISOBRAHD HARCVWACHINT TeHISHINL v

POSERTEY METOMIE = EHEODHCTAHHANM IMITYIHOTD :I-_HTE.'.[E:E;&'.

W mpyToMy pOSOUTl @VI0 OpOAHATISOEAHOD METOOH KODPEEINI ITOMEIOR ITLN Sac

posmisHaeanmEd enoinif. Tawox, 6yvao GIMBIN JETATEHO NOPIEHAHC HAREHI CYYACHI MOJET

AEl MIgXOOATE 08 NEODC JocTiq#eHHd Ta SHATIS IX DepeEar Ta HeOOTIKIE v poboti. Byvmo

POSTIANYTO Vol HeoOXiOH KOMIOHEHTH ATd KoppekTHOL poSoTH MOJemi Ta MATOTOEEA YEIX

DI0II0TEE ONd POSHISHAESHHA enMOoInH. Tapod. OVIO IOCTIM#SHD JaTACST. AKHH OVIID

EHECPHCTAHC ¥ NEOMY JOCTITEEH]

W TpereonMY pOSIUTL OVIIO pOSpODIEHO TA OPEACTAENSHD METON TA ANTO{ETH

TPeHVEAHHA HEeHpOHHCI Mepesi OUd pOSMSHABAHHA eMOH v peanemomMy gaci. [Ting =@ac

PODOTH HAT OHEM DOSIUIONM OVII0 IOIATEOED CTEQODPEHD ENACHHH JATACET & EHRODHCTAHHT













