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AHHOTALIUA

B pabotre omnucana cuctemMa 1O YAAJCHHOMY HU3MEpPEHUIO MyJbca U
MHTEHCUBHOCTH M SMOLUM, a TaKXe HMCCJIEIOBaHA KOPPEISUUS MEXIYy HX
3HaueHusIMU. [Ipoekt cocTouT U3 Tpex yacteil. B mepBoil pa3zpabarbiBaeTcs
WHTEpAaKTUBHAsT CHUCTEeMa IS TOJYyYEHHUS J[JaHHBIX OT BeO-Kamepbl U
U3MEPEHHUE MyJbCa KaK YacCTOThl HM3MEHEHHSI WHTEHCHUBHOCTH 3€JICEHOTO
KaHalla u300pakeHusi. Bropas - cepusi KiacCH(pUKATOPOB, PACIIO3HAIOIIMX
WHTEHCUBHOCTb AMOLMI. B TpeThell yacTh nMocTpoeHa KOppemsiuus 3HaUCHHMI
MyJIbCA U UHTEHCUBHOCTH AMOLIM.

[IpoekT OCHOBaH Ha MPEINOJI0KEHUU, YTO CYLIECTBYET KOPPEJSALUS MEKIY
W3MEHEHUEM CEPJICYHOTO PUTMA U MHTEHCUBHOCTBIO AMOLMK. JlJIsi pOBEpKU
ATOr0 MPEANONOXKEHUS OBbUIO MPEII0KEHO NOCTPOUTH CHUCTEMY, TIe
MOJIb30BATENII0 TIOKA3bIBAETCA BHUJIEO-CTUMYJ, B 3TO BpEMs €ro JHUIIO
3aMKUCHIBACTCSA C MOMOIIBIO BeO-KaMepbl U MPOBOAUTCS aHAJIU3 STOM 3aluCH.
PesynbraroM mpoekra SBISETCS OHJIAWH-CUCTEMA, PACIIO3HAIOLIAs IIYJIbC,
MHTEHCUBHOCTh OJHOM W3 YEThIPEX SMOLMI: CYACThE, THEB, YAHMBICHUE,
rpyCTh, TOKa3bIBaIOIIas I10JIb30BATEII0 BHJAECO3ANIUCh W OJHOBPEMEHHO
3alMCHIBAIONIAS JIMIO TOJIb30BATEINs, 4 TAKXKE HACUMTHIBAIONIAS YaCTOTY
cepAcuHbIXx cokpamieHuid. Cuctema Oblla TPOTECTUPOBAHA Ha JIECSATH

PECIIOHCHTAX.



BBenenue

IIpenMeTHasi 00/1aCTh M OCTAHOBKA 3a1a4H

O6nem ucnonb3zoBanust IHTEpHETOM pacTeT U3 roJa B TOJl, U CTaJI0 BO3MOXKHBIM
peaJn30BaTh TAKOM HOBBIM CETMEHT TEXHOJIOIMM KAaK IOJIyYCHHE YHAJCHHBIX
U3MepeHui (PU3NYEeCcKOro COCTOSHMS dYenoBeka. B moeil pabote, s cozmana
CUCTEMY AMCTAHIMOHHOTO OINpPEAENICHUS MHTEHCUBHOCTU 3MOLUNA C MOMOUIBIO
U3MepeHHs PU3NYECKOTO COCTOSHUS, TOIYYEHHOTO U3 Buaeo3anucu. [Ipodiemy
ONpENENICHNUs] IIyJIbCA TAaK)KE PEIIAI0T HEKOTOPblE KOMIAHWHM W Hay4dHO-
UCCIIEIOBATENIbCKUE LEHTPhl. KOIM4eCcTBO IPOEKTOB, B KOTOPBIX CIIELUAIUCTBI
VIAJIEHHO pelaTh pa3iuyHble MNpoOJeMbl U MPEJOCTAaBUTh KOHCYJIbTAl[UU
BO3pPOCJIO C PAa3BUTHEM TEJIEKOMMYHHUKAIMil. B 4yacTHOCTH, Bpauu pa3iuyHbIX
CHELHATbHOCTEN MOTYT UCIOJb30BaTh BUACOKOH(PEPEHLIUU WU BHUIECO-
oOclieloBaHUE TMAIlMEHTOB ISl IMOCTAaHOBKM WJIM YTOYHEHHUs JUarHosa,
KOHTPOJISI 32 XOJIOM 3a00JI€BaHUs U PE3YIbTaTaAMU JICUCHHUS.

[ToMrMO 0YEBUAHOTO UCTIOIB30BAHMS BUAEO JJIsi 00CTIeI0BaHUS MAIlMEHTa, €CTh
CrocoObl MCTOJB30BaHUS 3ANUCU CEPUU M300paKEHUN WM BUACO Uil Oonee
CIIOKHBIX M3MepeHuil. IlpuMepoM Takux M3MepeHHl MOTryT OBITh M3MEpPEHUE
YacTOThl CEPJCYHBIX COKpAUIEHUM, YaCTOThl AbIXaHUS M U3MEHEHHU pa3zmepa
3padka. OcoOblid MHTEPEC MPEACTABISAET MOJYyUYEHUE U300PAKEHUN, KOTOPOE HE
TOJILKO MO3BOJIIET OMNPEAETUTh (PU3NYECKOE COCTOSHHUE YeJIOBEKa B JaHHBIN
MOMEHT, HO U CYIUTh 0 OoJiee BHICOKOYPOBEHBIX Mapamerpax. [Ipumepom Takux
XapaKTEePUCTUK MOXKET OBbITh HACTPOCHUE 4YeJIOBEKa, €ro (HU3UyecKoe
COCTOSIHUE, BO30YX AEHHOCTb WJIA YCTAIOCTb.

Kpome Toro, uamepenne uMIrysbca ¢ MOMOLIBI0 CEPUH U300paKEHUH U BUACO
IOTOKa HEOOXOAUMO B TaKMX OOJIACTSAX, KaK MapKETHHI. MapKeTOJIOrn MOTYT
NOJYYUTh 3HAaYeHUE (QU3MUYECKUX H3MEPEHUU I ONpeaeseHUus
3 (HEKTUBHOCTH pPEKJIaMbl, Pa3BICUCHUN M BUPTYyaJIbHBIX BUICOUTP, UYTOOBI
ONpPENEINUTh HACTPOEHHE NOJb30BaTENsl W MPEIIOKUTh ONTUMAJbHBIN

cueHapuii. HeoOxoqumMo Takke yHOMSHYTh CHUCTEMY BHJICOHAONIOACHUS IS



MAIlIMHACTOB W BOAMTENEH KOMMEPYECKOTO TpaHCIOpTa - JUIsi HHUX TaKKe

pa3paboTaHbl CUCTEMbI HAONIIOAEHUS AJIA MPEAOTBPAIICHUS MOTEPH KOHTPOJI,

MOTOMY YTO BOAMUTEIH 3aCHYIL.

B wmoeii pabGore s Oymy pemars MOpoOieMy IHCTAaHIIMOHHOTO H3MEPEHUS

GU3MYECKUX TMapaMEeTPOB TaKWX, KaK YacTOTa CEPJCYHBIX COKpAICHWA |

pa3paboTaro crocod MPOTHO3UPOBAHUS SMOIIMHM YEIOBEUECKUE, UCIIONIB3Ys ITH

nannbie. [IpoGiemMa COCTOUT U3 HECKOIBKUX YaCTEH:

* pa3pabOTKH OHJIAIH MHCTPYMEHTA JJIS 3alHMCH IaHHBIX OT BEO-KaMephl,

* MIOCTPOCHHS aJNTOpPUTMa IS TIONYYEeHHs] CHHXPOHHBIX H3MEPEHUN cepuu
M300paKeHUH,

* TIOJy4YEHUS TIOKa3aHHUH MyJabca U3 BUIEO

* QJTOPUTM MAIIMHHOTO OOYYEHHsS JUIsl ONPENENICHUs TUIA U WHTEHCUBHOCTHU

SMOIIUU MOJIB30BaTEII.

eab u TepMUHBI

Llens npoekra - IIPOBCPUTH BO3MOXKHOCTDH pa3pa60TI<H CUCTCMBI OIIPCACIICHUA U

IPOrHO3UPOBAHMS SMOLMN HA OCHOBE BUEO, MOJYYEHHOIO C BeO-KaMephbl
IIyTeM U3MEPEHMs MTOKa3arenel (pU3nIecKoro COCTosHUS yenoBeka. B padore

OyIyT UCTIOIH30BAHBI CIACAYIOMINE TEPMUHBI:

DU3NYECKOE COCTOSHUE - OBICTPO U3MEHSIEMBIE TAPAMETPHI TEIA YEIOBEKA,
HanpuMep YCC, yacroTa AbIXaHus, pa3Mep 3padka 1asa;

OMOILIMH - CyOBEKTUBHBIN, CO3HATENIbHBIN OMNbBIT XapaKTePU3YIOLIUNCS
NCUXO(PHU3NOTOTUIECKUMU PEAKIUSIMHU, OMOTOTHYECKUMU PEAKIUSIMU, U
IICUXUYECKUM COCTOSIHUEM;

IIPOTHO3UPOBAHUE AIMOLIMH - KJIaCCI/I(l)I/IKaHI/IH BMOHI/Iﬁ ITOJIB30BAaTCJIA B OJJUH M3

JIBYX KJIACCOB: HEUTPAJIbHBIN U YIUBIICHUE;

BHJIEO0, MOTYYEHHBIE ¢ BeO-KaMmephl - KopoTkue (15-30 cekyH) OTphIBKA

BUJICOPOJIHKA, TIOJTYUYEHHBIE C TIOMOIIBIO BEO-KaMephl Il aHaIu3a (PU3MIECKOTO

COCTOAHUA,



HudopMalimoHHas CHCTEMA - 3TO CUCTEMA, O0ObEIUHAIONIAs IO U

KOMITBIOTEPHI C ENbI0 OTyUYeHHUsI, 00paOOTKU WM UHTEPIIPETAIluN
uH(pOpMaLH.

CUHXPOHU3WUPOBAHHBIC U3SMCPCHUA - U3SMCPCHUA, ITOJTYYCHHBIC OT

MH(OPMAIIMOHHON CUCTEMBI, CIIPOCKTUPOBAHHON TaKUM 00pa3oM, YTO
HECKOJIBKO MIPOLIECCOB Pa3IMYHON MPUPOJIbl 00padaThIBAIOTCS ONPEIEICHHBIM
o0pa3oMm, Mpu ITOM BCE U3MEHEHUS (PU3UUECKOTO COCTOSIHUS YETIOBEKAa MOYKHO

JICTKO U TOYHO OTCJICAHNTD.

O030p JauTeparypsl

YtoObl MOJOUTH K PEIICHHUIO IMOCTaBJIEHHON Mpobiembl s paccMmoTpena 20
HMCTOYHUKOB, OOCYXIAIOIIUX TEOPHUIO W TPAKTUKY TONYYCHHUS W YCUICHUS
CUTHAJIOB IS OOHApPYyXEHUS CEPACYHOTO PHUTMA, METOABl W MPHUEMBI
dbopmanuzanuu, OOHApYXEHUS M HHTEpIpETAUU DMOIMH, a TaKKe
MOJrOTOBHJIa 0030p COBPEMEHHBIX CUCTEM pacno3HaBaHus sMmouuid. Hekotopeie
pecypchl MOpeACTaBIsSIlIOT co0O0M HayuyHble pabOThl, OMYyOJIMKOBAaHHBIE Ha
koH(pepennmuun AVEC (Audio-Visual Emotion recognition Challenge) -
KpyITHEHIIIeM COOBITUH B O0JIACTH CHCTEM pacio3HaBaHUs 3Monwuil. S nodaBuna
onKcaHusi HauboJee aKTyallbHBIX JIJIsl MOETO MPOEKTa paboT B ATOM 00JIaCTH.

[TepeunicneHHbIe TOKYMEHTHI M TIPOEKTHI PEINAIOT PsJT aKTyalbHBIX 3a]1ad B
o0acTH aHaJIM3a BBIPAKEHUS JIMLA U pacno3HaBaHus 3Mouui. [1epBolil mpoekT
3aKJII0YaeTCs B pa3paboTKe YHHU(PUITMPOBAHHOTO CIOCO0a KOIUPOBAHUS SMOITUI
u MuMuKkd. OIUH W3 OCHOBHBIX TOJXOMOB K JTOW TMpoOieMe OIuCaH B
Multimodal Emotion Recognition in Response to Videos [1]. Dta crarbs
npeacTtaBiasgeT co00il OOBEKTHBHBIM METOJ paclno3HaBaHUS HMOLUUI
MOJTb30BaTENsA, C IIEJbI0O BOCCTAHOBJICHUS TETOB B BHUJEO C IOMOIIBIO
sanekTposHuedanorpammbl (30I) M mokazaHuil peakiMu OT CeTYaTKU
nojib3oBarens. J{js BBITTOJIHEHHUsST pa0oThI, ObLIM BbIOpaHbl 20 BHUIEO KJIUIIOB,
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COJIEPIKAIIUX AMOIIMOHAIIbHO-HACKIIEHHBIE (DUIBMBI U UHTEPHET-PONUKHU. J1Jis
ATUX KJIUIOB OBUIM 3amucaHbl okazaHus OO u u3MeHeHus: pa3Mepa 3padyka y
24 y4acTHMKOB BO BpeMs INpocMoTpa (puibMoB. McxonHble 3HAYeHUS ObLIU
OTpenesieHbl Ha OCHOBE MEAMAHHOTO 3HAYeHHsI BO30YKIEHUS M BaJIOTHBIX
0anaoB, MPUCBOCHHBIX KIHUIAM B TMPEIBAPUTEILHOM HCCIEIOBAHUM, C
MCIIOJIb30BAaHUEM OHJIaiiH-aHKeT. Ha OCHOBaHMM OTBETOB YYacCTHUKOB, OBLIU
ONpEENeHbl TPU Kiacca JUIsl KaKIOro M3MEpPEHHUs. JTU KIAacChl 3aCTaBUTh
WHTCHCUBHOCTH: ~HEWTpanbHO", 'cpeaHee BoOJHEHHE" M “OMOIIMOHAJIBHBIN
noabeM' U BaJICHTHBIE KJIACCOB - “II0X0", “xoporio”, “cpeane”.

[Ipu orieHKe BAMSHUS PA3IUYHBIX MYJbTUMEAUMHBIX MaTepUaioB HA SMOIUU
npu 00ydeHnH 3(P(HEKTUBHOCTh BU3YaJIbHBIX U BEpOaJbHBIX CIOCOOOB MOAAYU
Matepuana ooOcyxknaercs B Assessing the effects of different multimedia
materials [2]. MynpTuMenuiiHbIe MaTepuajabl B HACTOSIIEE BpPeMs BCE dallle
UCIOJb3yeTcs B o0o0Opa3zoBaTedbHBIX Nporpammax. TeM He MeHee,
WHJUBUyAJIbHbIE TPEANOYTEHUS] MYJIBTUMEIUNHBIX MaTepHaloOB HAa OCHOBE
BU3YAJIbHBIX M BEpOAJIbHBIX KOTHUTHUBHBIX OCOOCHHOCTEH MOTYT BIHSTH Ha
AMOIIMM U Pe3yNIbTaThl ydyarmxcs. Takum o0pa3om,B paboTe MCCIENOBAHO KaK
pa3nuyYHble MYJIbTUMEIUNHbIE MaTepuanbl BIUAIOT Ha 3(QPEKTUBHOCTH
oOyueHus 1 3MoUuHU yyamuxcs. Kpome Toro, MHOrue yueHble yTBEPKIAIOT, YTO
AMOIIMM OKa3bIBAlOT HEMOCPEJICTBEHHOE BIHsAHHE Ha 3(H(PEKTUBHOCTD
obpa3zoBanusg. Takum o0pa3om, najdpHEHIIME HCCIEIOBAaHUSA, KOTOPBIE
MOJTBEPKIAI0T B3aUMOCBSI3b MEXKIY SMOIMSAMH M YCIIEBAEMOCTBIO yUalUXCs
JA0T MPUKIAAHbIE 3HAHUS ISl MPOECKTUPOBAHUS AJallTUBHOW MYyJIBTUMEANA
CUCTEMBI O0YYEHHS C UHAUBUAYAJIbHBIM MOAXOOM.

Komnanueit HeartMath Ow1 pa3paboran wHCTpyMeHT smonmii emWave,
KOTOPBIN, MCHOJIB3YETCS JJI OLEHKU Pa3IUYHBIX 3IMOILMOHAIBHBIX COCTOSHHMA
IUIsl BepOanbHBIX M BU3YaJbHBIX 3(P¢eKkToB B mpouecce oOyudeHusd. Tpu
pasznuyHble crnocoba MpenCcTaBlICHUs MaccOBOW HH(POPMALMU: CTaTUYECKUUI
TEKCT, M300paK€HHS HAa OCHOBE MYJIbTUMEIUWHBIX BHUIEO MaTEpUaJIOB,
WHTEPAKTUBHBIX M AHUMHUPOBAHHBIC MYJIbTUMEAUNHBIE MaTEpUAJIOB ObLIH

pPacCMOTPCHBEI. ]_IeJ'IBIO CTaBUJIOCh MCCJIICAOBATL, KaK BIIHUAIOT Pa3JIMYHBIC
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CrocoObl MpeJCTaBICHUS Meaua-Marepualibl Ha MNPOU3BOJUTEIBHOCTD
WHJIUBUIYyAILHOTO OOyYE€HHSI M Ha HACTPOEHHE OOydYarolmMXCcsi, a TakxKe
ONMpEeneNUTh B3aUMOCBSA3b MEXJAY OOy4YEeHHUEM U OMOLHUSAMU.
DKCTIepUMEHTANIbHBIE PE3YJIbTaThl MOKA3bIBAIOT, YTO MYJITUMEIUNHBIC BHUICO
MaTtepuanbl MpeajaraloT Y4yl MTPOU3BOAUTENLHOCTE. Kpome ToOTO,
JTUHAMHYECKUIN KOHTEHT, COACP KAIUX BUIEO M aHUMAIIUIO OOJBIINE MOIXOMAST
JUTSl BU3YaJIbHOTO YE€M JIJIS CTAaTUYECKOTO MEINAa-KOHTEHTA, COACPIKAIEeTr0 TEKCT
u n3o0pakeHus. HakoHer, ecTh yacTUYHAs KOPPETAIUS MEXKITY HETaTUBHBIMU
AMOITUSAMH ¥ O0yUCHHEM.

B Using emotion recognition technology to assess the effects of different
multimedia materials on learning emotion and performance [3] aBTOpHI
MOAHUMAIOT BOINPOC O MPU3HAHUM HHTEHCHUBHOCTU 5SMOIMA B KaueCTBE
napameTpa JJig CpaBHEHHS Pa3IMYHbIX UCTOYHUKOB 00yueHus. C mocTeneHHbIM
BBEJICHHEM MYJIbTUMEIUNHBIX TEXHOJOTUHA B 0O0pa3oBaTelbHbIM Mpolecc,
YBEIMYMJIACh MOTPEOHOCTh B YIIIyOJIEHHOM HCCIEIOBAaHUM TOTO, KaK pa3HbIe
CIIoCOOBI IPEIOCTABICHUS MYIBTUMEIUIMHBIX MAaTEPUAJIOB BIHSIOT HA YMOIIMH H
YCIEBAEMOCTh yYalluXcsi. ITO UCCIEI0OBAaHUE MPUBEIO K pa3paboTke CHCTEMBbI
emWave - 1eTeKTopa UHTEHCUBHOCTH 3MOIMOHATBHBIX COCTOSIHUM.

Ha npensaputenbHON CTaauM, UCCIEIOBATENN MPOAHATU3UPOBAIN COOpaHHbIE
JAHHBIE M SMOIIMOHAJIBHYIO OIEHKY HPOU3BOAUTEIBHOCTU O0OyueHus. B
MCCJIEIOBAHUN OHHM PACCMOTPENH, KaK pa3uvHble MYJIbTUMEIUNWHbIC yaeOHbIE
Marepualbl BIMSIOT HAa SMOLMHA, U B KOHEYHOM HTOTE€ Ha YCIIEBAEMOCTb.
[IpenBaputenbHble pe3yabTaThl IMOKAa3ald, YTO MYJBTUMEIUUHBIA yUCOHBIM
MaTepuall Ha OCHOBE BHUIEO OOECHEUMBAECT HAUIY4YIIyH 3(P(EKTUBHOCTH M
CaMbl€ TMOJIOKHUTEJIbHBIC JMOIMH CPEAN TPEX THUIOB MYIbTUMEIUNHBIX
MaTepuaoB OIICHEHHBIX B JaHHOM HcclefoBaHuu. Kpome Toro, yacTudHas
KOPPEISIITUS MEXIAY HETaTHBHBIMHM SMOIUSIMH M IPOU3BOAMTEIBHOCTHIO OblIa
OTMEYEHa. JTO MCCIEOBAaHUE MOITBEPKAAET, UTO IMOLUU MOTYT MPEICKA3aTh
3 PeKTUBHOCT, OOyYECHHUS CTYACHTOB, €CJIM HCIOJB3YeTCS BHICO HA OCHOBE

MYHBTHMGﬂHﬁHBIX MaTcpruaJIOB I U3YUCHUA.



B FaceFetch: A User Emotion Driven Multimedia Content Recommendation
System Based on Facial Expression Recognition [4] npuBeneH npumep Takou
cucteMbl. Pacno3HaBaHME MUMUKH MOJIb30BaTENEH MO3BOJSET UCCIEI0BATENAM
CTPOUTh KOHTEKCTHO-3aBUCHMBIX MPUJIOKEHHUS, KOTOpbIE aJanTUPYIOTCA B
COOTBETCTBHH C 3MOIMOHAIBHBIM COCTOSTHUEM ToJib30Baress. Pacro3HaBanue
MHUMHUKH SBJISETCS AaKTUBHOW 00JIaCThIO HCCIEIOBAaHMH B COOOIIECTBE
KOMIIbIOTEpHOTO 3peHusi. B »toii crarbe mnpo FaceFetch HoBas cucrema
KOHTEKCTHBIX PEKOMEHAAIMN MYJIBTUMEIUMHOTO KOHTEHTA PACTIO3HAET TEKYIIIEe
SMOIIMOHAJIBHOE COCTOSIHME MOJIb30BaTeNs (cyacThe, Ieyalb, CTpax,
OTBpAlllEHUE, YIUBJICHUE U THEB) Yepe3 JACKOAUPOBAHWE MUMHUKHU. DTa CUCTEMa
MOJKET MOHUMATh 3MOLMOHAIBLHOE COCTOSIHUE TOJIb30BATENS YEPE3 HACTOIBHOTO
KOMIIBIOTEPA, a TakXe C MOMOLIbI0O MOOMJIBHOTO MOJH30BATEIbCKOTO
uHTepdeiica U BIOpaTh MeIMa-KOHTEHTA, TAKUE KaK MY3bIKa, PUIbMbBI C YIETOM
MHTEPECOB MOJIb30BATENS B PEKUME PEATHLHOTO BPEMEHH.

B Emotion detection using sub-image based features through human facial
expressions [5], aBTOpBI pacCMaTpUBAIOT METOJbI KOJWPOBAHUSA M MpEJiararoT
oOmuit MOJXO K Paclo3HABAaHUIO JUIA BRIpaXEHUH. JIMII0 yenoBeka - BaKHAS
4acTh YEJOBEYECKOr0 Teja, KOTOpas HUrpaeT pelamilyl pojb BO
B3aUMOJECHUCTBUM JIIOAEH M 4YelloBeKa C KoMmubroTepoM. [losTomy BakHO
pa3paloTarh HAJACKHYIO CHCTEMY JJIsl OOHAPY>KEHHUS IMOLIMHN JJIsl IPUMEHEHUE B
IIUPOKOM CIEKTpe 3ajad, Harnpumep, s 3(h(OEKTUBHOTO B3aUMOJICHUCTBUS
YyelloBeKa M KOMIbIoTepa. BeipakeHue nmia obecneunBaeT HeBepOajIbHOE
oOmenue. B wuccnenoBanuu BbIsSIBIsSIETCS MpoOiemMa MOTEPU JIaHHBIX MPH
MPU3HAKOB MO NPUYMHE OrPAaHUYEHHOTO YKCJIa 3aKOJAWPOBAHHBIX MO3UIUI
JUINEBBIX MBI, s yiaydiieHuss TpOu3BOAUTEIHLHOCTH OOHApYKEHUS
npejjiaraeTcsi paccMaTpuBaTh OTHOCHUTEJIBHYIO MPOU3BOJAUTEIHBHOCTD.
Knaccudukanus ocymecTBisieTcs: ¢ MOMOIIbI0 aBTOMATU3UPOBAHHON CHCTEMBI
oOHapyXeHHS 3MOUMM W MHUMHUKH, HCIOJb3YIOIIEH KIAaCCUPUKATOP Ha
ocHoBaHUM SVM. Pe3ynbTaThl NOKa3bIBAIOT, YTO MPEIJIOKEHHAS! OTHOCUTEIbHAS

IMPOU3BOAUTCIILHOCTD ITOBBLIIIACT KAYCCTBO KJ'IaCCI/I(l)I/IKaHI/II/I



B Dynamics of Facial Expression Extracted Automatically from Video [6],
aBTOPBI OOCYXIAIOT AU3aliH CUCTEMbI PACIO3HABAHUS AMOIMH, MPUHUMAIOIIEH
BHUJICOMOTOK B KauecTBe BXOJAHBIX. Pabora mnpeacrtaBiasieT coboi
CUCTEMaTHYECKOE CPAaBHEHHE METOJI0OB MAIIMHHOIO OOy4YeHMsI, IPUMEHSEMbIE K
npo0OiieMe MOJHOCThI0 ABTOMATUYECKOTO PACIO3HABAHUS MUMUKH, B TOM YHUCIIE
AdaBoost, SVM, u LDA. Kaxnpiii Bugeokaap npeaBapuTeIbHO 3aUChIBACTCS
B pEXKUME pEalbHOI0 BPEMEHM MJisi OOHapyXeHHs (PPOHTaIbHOU NPOEKIUU
JUIa B BEpTUKAJIBHOM MoJjoxkeHHH. Jluma macmrabupyercss A0 U300pakeHun
(hUKCUPOBAHHOTO pa3Mepa, cxaThiX prbTpom ["'abopa, a 3aTeM KOAUPYIOTCS, TIO
CEMU U3MEpPEHUSIM B PEXKUME pEAJIbHOTO0 BPEMEHM: HEWTpalibHOE, THEB,
OTBpalllEHUE, CTPax, pajoCTh, Neyanb, yauBieHue. B pabore cooOuiaercs o
pesynbraTax Cepuu 3KcnepuMeHTOB. Hammyuiine pesynsraTsl ObLTH MOTYYEHBI
myTeMm BeIOOpa nmoamMHoxkecTBa punbTpoB ['abopa, ucnons3ys AdaBoost, a 3atem
TpenupoBka SVM Ha Bbixojax ¢unbsTpa, BeiOpaHHOro AdaBoost B kauecTBe
MPU3HAKOB. TOYHOCTH alirOpUTMA JIJIsI CHHTETUYECKUX JAHHBIX cocTaBuia 93%,
a I OTKpBITBIX 0a3 JaHHBIX cTaja enie Beime. HeoxunmanHo ObLIO
OoOHapy»KEHO, YTO B PETUCTPAIMU CTPYKTYPHBIX OCOOEHHOCTEH JUIla HE OBLIO
HE0OXOJIMMOCTH, MOCKOJIbKY y3HAaBaHHE UeJIOBEKa HE 00eCleYMBAIOT TOYHOCTD
OoOHapy>KeHUS JIs1 IMOLIUH.

B Fully Automatic Facial Action Recognition in Spontaneous Behavior [7] Ta
K€ Tpymmna aBTOPOB JIENaeT JOIMOJHUTENIbHYIO PadOTy, YTOOBI MPEIJIOKUTH
croco0 MHTEPIPETUPOBATh MUMHKY 4YEJIOBEKa €IMHbIM 00pa3oM. Pe3ynbrars
pa3pabOTKU MOJHOCTHIO aBTOMAaTHYECKOIO pACMO3HABAHHME JIMIIA B PEXKUME
pEalbHOrO0 BPEMEHM IIPEACTABICHBI B BUIE cucrteMa komupoBaHus FACS,
KOTOpasi MOXET CTaTh OTPACIEBBIM CTaHAAPTOM B 00NACTH KOJUPOBAHUS
BbhIpakeHuil numa. CucremMa aBTOMAaTUYECKH OIpenessieT (GpOHTAIbHYIO
MIPOEKIHUIO JHUIAa B BUACO-NIOTOKE M KOAUPYET KaXIbli Kaap C nomoibio 20
enuHMl] JedcTBug (action units). [lpeaBapurenbHble pe3ylbTaThl PELICHUS
npoOseMbl OOHApY)KEHUST MHMHMKH B CIOHTAaHHBIX BBIPAKEHUSX BO BpeMs
pasroBopa. CpaBHUBaeTcs Imocie o0paboTku kiaccudukatopamu SVM u

AdaBoost. Haubonee nHTepecHbIE HaXOJIKH B 3TOH paboOTe OOBICHSIETCS TEM,
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YTO HAWJIYYIIUE Pe3yJbTaThl B PACIO3HABAHWW AMOLUK OBLIM TOTY4YEHBI B 3
mara MamuHHOro oOydenusi, riae AdaBoost ucnonb3yercs Ha mepBoM 3rare,
¢unsrpanus ['abopa Ha Bropoit u SVM nenaercs Ha Beixogax ¢unsrpa ['abopa.
Some practice implementation applicable to the real life problem was discussed
in Recent developments in openSMILE [8]. openSMILE - nomnynspnas
OubIMoTeKa, KOTOpas M3BJICKAST MPU3HAKU U3 MYJILTHMEIUMHOTO CUTHAJA JIUIa
yenoBeka. Bepcus 2.0 o0bearHsIET OOBEKT pacliO3HAaBAHUS PEUH, MY3bIKY, 3BYK
1 00mue coOBITUS C OCHOBHBIMH (DYHKITUSIMUA BHJICO ISl MYJIBTUMOIATBHBIX
cpencTB. Ayauo W BUACO JIECKPUIITOPHI (OMMCAHUS) MOTYT OBITh 0OpabOTaHBI
BCE BMeEcCHE, OHJailH 00paboTku u odduailH makeTHOW 0O0pabOTKOM, M B
pe3yabTare MOTYT OBITh TIOJYyYEHBI CTATUCTUYECKUE (PYHKITMOHAIIBHBI, TAKWE
Kak TOuYkW, MUK ©u T.n1. OHU BKIIOYAIOT B Ce0S CTATHCTHYECKUE
kinaccuukaropsl, Takue kak SVM U MOTYyT SKCHOPTHpPOBaTh (aitm st
nanbHene 0opadoTku. JlocTymHbIE TeCKPUIITOPHI HU3KOTO YPOBHSI BKITFOUAOT
B ce0s peub, My3bIKy U BU€0 GyHKIMHU. CucteMbl ObICTpo paboTtaet Ha Unix u
Windows miatdopmax.

To move forward with the development part, the ideas and methods from Error
Weighted Semi-Coupled Hidden Markov Model for Audio-Visual Emotion
Recognition [9] were reviewed. This paper presents an approach to automatic
recognition of human emotions through the audio-visual signals using a
bimodal EWSC-HMM. The proposed approach combines the SC-HMM-based
states bimodal alignment and Bayesian classifier to obtain optimal results
emotion recognition based on audio-visual bi-modal synthesis. A bimodal
strategy based on states, alignment SC-HMM, is designed to harmonize the
temporary connection between the audio and visual streams. Bayesian classifier
is then used to investigate the contribution of SC-HMM-based classifiers for a
variety of audio-visual couples to get certain emotions. To assess the quality of
the work, the two databases are read: MHMC database and Semaine database.
Experimental results show that the proposed approach is not only superior to

other methods of emotion recognition.
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The most important event in the world of emotion recognition is AVEC. The
results of AVEC 2011, 2012 and 2013 are discussed below.

In AVEC 2013: the continuous audio/visual emotion and depression recognition
challenge [10] notes the methods for online emotion recognition of video. The
worsening of mood associated with emotions. In particular, the behavior of
people who suffer from mood disorders such as unipolar depression shows a
strong temporal correlation with the size of affective valence and arousal. Also,
psychologists and psychiatrists watching facial expressions and tone of voice in
the assessment of the patient's condition. Depression can lead to expressive
behavior, such as slurred facial expressions, avoiding eye contact and the use of
short sentences with a flat tone. The AVEC 2013 had two objectives: first, to
predict continuous values affective dimensions valence and arousal at each time
point. Second one predicts the value of a single indicator of depression for each
record in the dataset. The result of the work was in the system that predicts
depression based on the formalized surveys and Local Phase Quantisation
(LPQ) as that was found to attain higher performance in facial expression
recognition tasks.

In a Multimodal Fuzzy Inference System Using a Continuous Facial Expression
Representation for Emotion Detection [11], the results of AVEC 2012 are
presented. This paper presents a multi-modal system of fuzzy inference to detect
emotions. The system retrieves and combines the visual, auditory and
contextual parameters. Experiments were performed under AVEC 2012.
Mimicry plays an important role in detecting emotions. And having an
automated system for the detection of facial expressions from unknown actors is
a challenge. A method that adapts to the morphology of the person and which is
based on invariant representations of facial expressions. The method is based on
the eight key expressions of emotion. In the system, each video image sequence
is determined by the relative expression of these 8. 8 These expressions are
synthesized for each subject through a neutral person subject. Emotion is
described in the four dimensions: valence, arousal, intensity, and duration. The

results show that the duration of high intensity is smiling expression that makes
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sense for continuously detecting valences and can also be used to improve the
detection of excitation. Major changes in the power and duration are given
according to the context.

Meta-Analysis of the Facial Expression Recognition Challenge [12]. Automatic
recognition of expression was an active topic in computer science for two
decades, in particular, the coding system of facial expressions, as well as the
definition and classification of some discrete emotions. Standardization and
comparability received some attention; For example, there are some widely
used database of facial expressions. Nevertheless, the lack of a common
protocol and evaluation, the lack of sufficient details that are necessary to
reproduce lead to the fact that it is difficult to compare the results of individual
independent. This, in turn, hinders progress in this field. AVEC initiative in
2011 attempted to solve the problem of standardization and described the
typical elements of facial expressions. At the moment, they are the de facto
standard in the field. In this project, a subset of FACS system of facial
expressions coding was used including only “Surprise” and “Neutral” classes
was found. This work is a great source of feature extraction ideas.

The following findings allow to get deeper in methods and techniques of
filtering and machine learning algorithms such as AdaBoost, Gabor Filter,
SVM, Magnification.

In Generalized Multiclass AdaBoost and Its Applications to Multimedia
Classification [13] presented the features and applications of AdaBoost
algorithm used in the project. AdaBoost has received considerable attention
from the media, the research community in recent years. It was originally
designed for classification problems with two classes. To cope with the number
of classes has been developed many extensions of AdaBoost From a statistical
point of view, AdaBoost can be seen as a direct step of the additive model using
the exponential function loss. In this article, we obtained generalized form
AdaBoost for multiclass classification based on the exponential function loss.
To prove the effectiveness of, it has been tested some multimedia tasks of

different nature. Experimental results show that the new algorithm is superior to
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other improve. Also, the generic algorithm increase can be used to build a
multiclass classifier from binary.
AdaBoost achieves boosting by combining many “weak” classifiers (ht) to

produce a “strong” classifier (H):

H(x) =) cthi(x)

For a K-class classification problem, we assume a set of training samples {(xi,
yi), 1 = 1,....m} are given, where xj belongs to a domain and yj is the label of

k

instance 1. Let U™ = {ul,...,uK} be the unit base vectors of a K-dimension space

K

R™. The labels can be represented by a base vector, 1.e., yi = un if the instance 1

is in class n. The classifier h(x) produces a vector belonging to RK, or h(x)EUK

if h(x) is discrete. Final algorithm is presented below:

1 Initialize the weight w; (i = 1,...mandj = 1,...K):

0 Vi =Uj
Wij = .
1 otherwise

2 Fort=1..,T:
a. Normalize w;;.

b. Train h(x) by minimizing loss function:
L= Z::l Z; w, exp((u, —y,)-h(x)) (1)
c. Update the weight matrix w;:
wij <= wijexp((u, — ;) - h,(xi)) 2)
3 Final classifier:
H(x)=> h(x)

The parts of Theoretical Views of Boosting and Applications [14] were used for
better understanding of the application of boosting in real life projects. Busting
a general method for improving the accuracy of a learning algorithm. Focusing
mainly on the algorithm AdaBoost, a brief review of theoretical works on

boosting, including the analysis of errors in the AdaBoost learning and the
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generalized error, and boosting communication between game theory, methods
of determining the probability of the use of extensions and boosting AdaBoost
to solve multiclass classification. The most valuable part of the work is an
approach for error estimation.

Training error:

AdaBoost is a procedure for finding a linear combination f of weak hypotheses
which attempts to minimize

Ze:vp(-yif(xi)): Zezp

i

Y, E atht(xi))

Generalization error:

yEah(:E) _(Jd

Pr Z o + 0 7

Real-Time Face Detection and Facial Expression Recognition: Development

and Applications to Human-Computer Interaction [15] is a great example of a
review of all the tasks that can be performed using Facial Expression
Recognition. The most important of them is the assessment of emotions.
Computer animated program and bring robots to the social aspect of human-
computer interaction, and forced to think in new ways about how computers can
be used in everyday life. Face-to-face real time is working for about 40
milliseconds. The level of uncertainty in the timeline considerably, making it
necessary for man and machine, relying on sensory perception primitives, and
not the slow process of symbolic output. The paper presents the progress in one
of these projects through the perception of primitives. The system automatically
detects the front face in the video stream and encodes them to 7 measurements
in real time: neutral, anger, disgust, fear, joy, sadness, surprise. Face recognizer
uses a cascade of filters, boosting trained. Image Recognizer receives samples
of the image. Gabor representation is then processed by the bank SVM
classifiers. The new combination and AdaBoost SVM performance
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improvement system. The system has been tested on Cohn-Kanade dataset
related facial expressions. In this work, the researchers suggest a way how to
identify a face for further analyzing by using and Integral image filter.

To decrease the dimensions of the tasks, researchers often use Gabor
transformation. In Gabor wavelet transform and its application [16], they
discuss how to prepare data for further transformation and how to assess the
output of the filter. This report is dedicated to wavelet transform and Gabor
filter applications. The wavelet transform can extract time (spatial) and the
frequency data from the signal. Among the types of wavelet transforms, Gabor
wavelet transform has impressive mathematical and biological properties and is
often used in imaging studies.

The next step of the implementation of the system is visualizing the inputs and
outputs of Gabor Filter. In Gabor Filter Visualization [17] paper, the tools and
best practices of visualization are discussed. The biggest value of the work is in
using the shape of the graph also to valued parameters. A system for imaging an
important signal processing techniques - Gabor filter. To do this, you need to
overcome the problem of representation of multi-dimensional space on a static
graph. We used an interactive widget to change the visible area of the predicted
sizes, as well as additional charts that summarize the answers in the projected
dimension. Therefore, seeing this four-space through 2-dimension projection
can understand all aspects, and not just the projection plane. It was found that
the implemented system had helped to understand better the Gabor filter. On
figure 8 an example of visualization system is presented. In that particular
example, the system calculated the frequency of appearance of different colors
and frequency of appearance of the lightest pixels. Lower right image is
minimized and ready to be encoded.

The most popular static dataset of labeled emotions is Cohn-Kanade dataset
[18]. Database coded facial expressions Cohn-Kanade used for research in the
field of the automatic face, such as analysis and synthesis of image and
perception surveys. Cohn-Kanade is available in two versions, and the third is
in preparation.
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Version 1, the first issue includes a sequence of 97,486 models. Each sequence
starts with a neutral expression and proceeds to a peak of expression. Peak
expression for each sequence encoded tag given emotion. Tag emotions means

that the expression of emotions was proposed but not that it really can be done.

Version 2 (CK +), it includes both staged and spontaneous expression, and
additional types of metadata. To create expressions, the number of sequences is
increased by 22% and the number of subjects by 27%. As in the first version,
the expression for each target sequence is completely marked. Also tested were
added e metadata tag proven emotions. Thus, the sequence can be analyzed for
and action blocks and prototypical emotions. Also, the IC + provides the
protocols and underlying results for the face-tracking features, and the unit of
action and emotion recognition. To determine the actions and expressions has
been used linear SVM classifier (2010).

The most promising method of identifying pulse by video record is Eulerian
Video Magnification. It is discussed in [19]. They aimed to detect temporal
variations in videos that are difficult and even impossible to identify with the
human’s eye without additional devices and sensors. The method call Eulerian
Video Magnification takes a standard video sequence (RGB) as input and
applies the spatial decomposition to its channels. Temporal filtering is later
applied against the outputs of spatial decomposition. The resulting meaningful
signal is amplified to reveal hidden information after that.

This method allows to see blood as it fills the face and also to amplify and
reveal small

motions. Blood vibration can be recalled as heart rate so that magnification
allows to measure heart rate. As a result they completed four steps:

(1)selected a temporal bandpass filter;

(2)selected an amplification factor, q;
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(3)selected a spatial frequency limit (specified by spatial wavelength, Ac)
beyond which an attenuated version of a is used;
(4) selected the shape of the attenuation for ao—either force a to zero for all A <
Ac, or linearly scale oo down to zero.
The wavelength band of concern can be chosen automatically in some states,
but it is often important for users to check the frequency band corresponding to
their purpose. In our real-time application, the amplification factor and cutoff
frequencies are all configurable by the user.
They checked the performance of the method for color amplification using two
videos of adults of different nations and one of a baby. An adult subject with
lighter complexion is shown in facel (Figure 10) while an individual with
darker complexion is shown in face2. For both samples, the objective was to
increase the color change as the blood passes through the face. In facel and
face2, a Laplacian pyramid and set a for the finest two levels to 0 were used.
They downsampled and filtered with a spatial lowpass each block to reduce
noise and to increase the implied pulse signal.
For each video, they passed each sequence of frames through a bandpass filter
with a band of 0.83 Hz to 1 Hz. Finally, they applied a large value of a = 100
and Ac = 1000 to highlight the tone change. The final video was produced by
adding the data back to the source. They observed periodic green to red
movements at the heartbeat rate. baby is a video of a newborn recorded in situ.
In addition to the video, they collected vital signs from a hospital grade monitor.
They used this data to prove the truth of the heart rate estimation and to verify

that the color amplification signal.
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Pulse detection

Theory:

The human visual system has a limited space-time sensitive, but many signals
which are out of range of perception may be informative.

For example, human skin color varies somewhat with the strengthening of the
circulation. These changes are invisible to the naked eye, it can be used to
measure pulse. Besides motion with low spatial amplitude difficult to
distinguish a person may be increased to show the mechanical movement. The
basic approach is to consider the time series of color values at all points of the
image and exacerbating fluctuations in the band.

Amplification shows the facial flushing caused by blood flow. In this example,
temporal filtering is applied to reduce the spatial frequency in order to identify
complex distinguishable input signal.

The analysis is based on a linear approximation related to the assumption of a
constant stream of image brightness. It allows you to enhance the appearance of
movement, do not select the object and determining the movement itself.
According to Euler considerations, physical properties of the fluid such as
pressure and speed change with time.

Similarly seen a change of pixel values over time. In the Eulerian approach,
movements can not gain fixing movement, temporary changes in color enhance

certain points. The process of detection and amplification changes is shown in

Figure 2.

Input Spatial Temporal Output
PUt Ly P .. Processing ¥ Reconstruction —» . b

video Decomposition (pixel-wise) video

Figure 2: division into bands and signal amplification components.

First video is decomposed into spatial frequency bands. These ranges can be

reinforced in different ways because (a) they may have different signal to noise
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ratio (b) may comprise the spatial frequency for which the linear approximation
is impossible. In the latter case, reducing the gain for these ranges in order to
suppress the influence of artifacts. If the purpose of spatial processing is simply
to improve the temporal relationship of signal and noise by combining several
pixels using a filter which eliminates the low frequencies and decreases the
resolution of the image being processed to speed up the computation. Then, the
processing time of each spatial range.

Consider a series of corresponding pixel values in the frequency range and
apply a filter to extract the frequency bands of interest. For example, to select
the gain pulse frequency within 0.4-4Gts that corresponds to 24-240 beats per
minute. One can manage to remove the heart rate, and use a narrow range
around this value. In this case, the processing time can be uniform at all spatial
levels, and for all pixels in each level. The Matlab code illustrating how online

pulse detection can work is presented on the listing 1 below:

Listing 1: filtering the video sample

vid = VideoReader('0P1l.mp4');

nFrames = vid.NumberOfFrames;%vid.NumberOfFrames
delta = 24;

alfa = 100;

% video = read(vid, [1 nFrames]);

oNOULA WNRE

10 vidHeight = vid.Height;
11 vidwWidth = vid.Width;

13 mov(l:nFrames) = ...

14 struct('cdata',zeros(vidHeight,vidwidth, 3, 'uint8'),...

15 ‘colormap',[1);

16

17

18 videoamp=video;

19

20 videomean = [];

21 for i=1:(size(video,4)-delta)

22 videoamp(:,:,:,i)=videoamp(:,:,:,i)+alfax(videoamp(:,:,:,i+delta)-videoamp(:,:,:,1i));
23 videomean = [videomean mean(videoamp(:,:,:,1i),2)];

24 % videomean = [videomean mean(repmat(videoamp(:,:,2,1),1,1,3),2)];
25 end

26

27 for k = 1 : nFrames

28 mov(k).cdata = repmat(videoamp(:,:,2,k),1,1,3);

29 end

30 figure;

31 % imshow(uint8(videomean));

32 imshow(imresize(uint8(videomean), [208 452]));

34 hf = figure;
35 set(hf, 'position', [150 150 vidWidth vidHeight])

37 movie(hf, mov, 1, vid.FrameRate);
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This piece of code reads a video record. In my case it is a 15 seconds sample
collected by web camera at daytime to avoid an influence of electric lamp
vibrations. According to [21] I can look at the changes of frequency of the green
channel of the video only.

According to [20] I used alpha = 100 and delta = 24 as a values for identifying
frequency of blood flow over a face. I used this values and applied them as a

filter. On Figure 3 you can see a graph of green channel.
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Figure 3: values of the green channel

The next step is applying Fast Fourier Transformation against this signal to find
a meaningful harmonic. The results of FFT is presented on Figure 4.
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Figure 4: output of FFT
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As it is seen on the graph, there is a local maximum on harmonic #8 (pointed by
a red arrow). It means that its frequency can be considered as a heart beat
frequency. The same results can be observed on figure 5 where a mean value of

the image over time is calculated over an source unfiltered image and a filtered

image.

(a) Input

(b) Magnified

Figure 5: series of input images (a), a series of enhanced image (b) and strip them by

appropriate temporal frequencies.

As we can see on the first image the mean image is constant or almost constant
meaning that human’s eye can’t detect the changes of color or tiny movements
on the face. The second filtered image has only one change in increased
amplitude of of the green channel with delta=24 and alpha=100. We can see that
the contrast among the images increased a lot though for absolute values this
change is not that significant.

Comparing 2 figures of time series: the first series looks almost as a line an it’s
impossible to detect a frequency of heart rate over it. On the second series
vertical series are easy to detect. Knowing that the length of the fragment was 1
minute and having about 70 vertical lighter lines we can conclude that these

lines give us a value of the human’s heart rate. [19]
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Practice:

In this part I will discuss how to implement video magnification filtering in a
web service. The approach continues the same:

(1)select head;

(2)select forehead area to process;

(3)detect frequency of green channel;

(4) measure the momentum values;

(5)perform Fast Fourier Transformation;

(6) find meaningful harmonic;

(7) give heart rate value.

To perform the first step I’ll use clmtrackr [21]. It is a JavaScript library for
fitting facial models to faces in videos or images. It reads user’s face and builds
a series of edge points. An example of clmtrackr work is presented on figure 6.

(a) (b)

Figure 6: a: clmtrackr scheme of end points. b: application of scheme on user’s face

It can find 70 edge points. It is the best way to detect certain part of the face
with their coordinates. The idea that this points are rebuilt every second so the
developer can not only detect certain areas but also monitor them and update the
coordinates of the points dynamically. To locate the forehead I used clmtrackr. I

assumed that the area to monitor on the human’s forehead is a rectangle
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between eyebrows. I selected the area bounded by eyebrows and 100 px of

height. It’s projection is presented on figure 7.

Figure 7: forehead area selected and filled with red using clmtrackr

The next step is to perform Fast Fourier transformation to identify the frequency
of the heartbeat. To do this part I used jsfft library [22].

This function the graphs of momentum values of green channel and FFT based
on it are performed. On figure 14 the final graphs are presented. The last step to
perform is get the value of heart rate based on FFT harmonics. A series of
experiments gave me an understanding that harmonic #3 returns the expected
value. The last step to perform is calculate Heart rate by knowing the harmonic
number and amplitude. To get the heartbeat value the system takes the
maximum value of the frequency of harmonic #3, take an average over 1 second
and take and average over 15 seconds, dropping every last second. The reliable
results appear after the 15th second. The system also allows to write the pulse
values to a file for further processing.

Practical implementation of pulse detector was developed on Javascript is built
to locate the face of the user and highlight the forehead area. The system
collects time series data to make the simultaneous calculations . It measures
mean optical intensity of the forehead area and provides a value of the green
channel (the proportion of other channels may be varied to have an optimal
value, but the blue channel tends to be very noisy so green-only results were
good enough for the implementation).
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In optimal conditions and with little noise due to motion, a heartbeat should be
sampled in about 15 seconds. Arrhythmic signals should also be visible in the
raw data stream.

Once the user's heart rate has been estimated, real-time phase variation
associated with this frequency is also computed. This allows for the heartbeat to
be exaggerated in the post-process frame rendering, causing the highlighted
forehead location to pulse in sync with the user's own heartbeat.

In the listing 2 the function of identifying forehead, taking the value of green

area changes and FFT is performed:

Listing 2: draw pulse function drawLoop()

207 V| function drawLoop() {

208 requestAnimFrame(drawLoop);

209 overlayCC.clearRect(0, 0, 400, 300);

210 |V if (ctrack.getCurrentPosition()) {

211 ctrack.draw(overlay);

212 overlayCC.fillStyle = "#FF0000";

213 //18-end of left brow. 22-right brow

214 var draXL = ctrack.getCurrentPosition()[18] [0];
215 var draYL = ctrack.getCurrentPosition() [18] [1];
216 var draXR = ctrack.getCurrentPosition() [22] [0];
217 var draYR = ctrack.getCurrentPosition() [22] [1];
218 //console. log(draXR-draXL) ;

219 overlayCC.fillRect(draXL, draYL - 20, draXR - draXL, 20);
220

221 imgData = overlayCC.getImageData(draXL, draYL - 20, draXR - draXL, 20);
222

223 var size = (draXL - draXR + 1) x 21;

224 // console.log("size=" + size);

225 var index = 1;

226 var green = 0;

227 |V for (var i = 0; i < size; i++) {

228 green = green + imgData.datalindex];

229 index = index + 3;

230

231 | = b

232

233 greenArray.push(green / size);

234 updateChart(green / size - 100);

235 fftCount();

236 | - }

237 cp = ctrack.getCurrentParameters();

238

239 er = ec.meanPredict(cp);

240 // console.log(er[0]);

241 |V if (er) {

242 updateDatal(er);

243 |V for (var i = 0; i < er.length; i++) {

244 |V if (er[il.value > 0.4) {

245 document.getElementById('icon' + (i + 1)).style.visibility = 'visible';
246 |V } else {

247 document.getElementById('icon' + (i + 1)).style.visibility = 'hidden’;
248 | - }

249 | = }

250 | - }

251

252 | = }

2R
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Emotion intensity detection

Theory:

To detect the intensity of the emotions I'll implement a three-step machine
learning procedure using Cohn and Kanade’s DFAT-504 dataset [18]. The
dataset contains 100 college students aging from 18 to 30 years. 65% were
women, 15% were Africans, and 3% were Latino. Video samples were take
using an analog camera placed directly in front of the subject. Subjects were
asked to perform a story of 23 facial emotions. The students started and finished
each display with a neutral face. Before showing each emotion, the user
described it. Series of images from neutral to all others display were encoded
into 640 by 480-pixel files of 8-bit grayscale images.

To perform the learning, testing and validation I selected 313 groups of images
out of the dataset because they were labeled and contained all 6 emotions. The
samples were taken from 90 students. The first and ending frames (neutral and
maximum) were utilized as training images The already trained classifiers were
applied to the entire sequence afterward. [7]

The first step of the facial expression recognition is to locate a face on an image.
To do it in real time the best approach is using boosting technique. It can be
improved with Gentle boost instead of Adaboost, smart feature search, and a
cascade training procedure. All these features are implemented in Open source
face detection framework [23].

The detector of a face was trained over 5000 samples and millions of non-face
samples from an 8000-image dataset. Accuracy on the dataset is 90% false-
negative and 1/million false positives, which is good enough.

All faces in the analyzed dataset were detected successfully. The samples were
rescaled to 48x48 px. A typical distance between the middles of the eyes was 24
pixels. The images were converted into a Gabor magnitude representation, using
a bank of Gabor filters with five spatial frequencies and eight orientations (four

at sixteen pixels per cycle). [16]
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Gabor filter is a linear filter applicable edge detection in image processing tasks.
Gabor filters orientation and frequency representations are likely to human's eye
signal capturing and processing so that they can be used for discrimination of
images and features. In the complex domain, a 2D Gabor filter can be
represented as a sinusoidal wave. [17]

Image analysis using Gabor filters are similar to the perception of the human
eye. A sinusoidal wave determines an impulse response (in case of 2D Gabor
filters a plane wave) multiplied by a Gaussian function. Because of the
multiplication-convolution property, the FFT of a Gabor filter's impulse
response is the convolution of the FFT of the harmonic and the FFT of the
Gaussian. The filter has a real and an imaginary component representing
orthogonal directions. The two components can be added into a complex
number or used individually. [16]

Complex:

-M)COS (i(?’fl’%—}"@b))

9(z,y;A,0,¢¥,0,7)=ezp

20
Imaginary:
" +v'y” (o, 2
g(m,y;/\,O,%b,U,’r):ewp(- %0 sin(z(zﬂz\“b))
Where:
x’=2xcos 0+ ysin 6
and

y'=-xsin #+ycos b

In the equation above, A stands for the wavelength of the sinus, 6 shows the

orientation of the vertical to the horizontal stripes of a Gabor function, y is a
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phase, ¢ is the standard deviation of the Gaussian and y is the spatial ratio
parameter.

The first step of facial expression classification is based on support vector
machines (SVM’s). SVM’s are appropriate to this task because of the high
dimensionality of the input data (Gabor representation O(105)) does not harm
training time. The training time depends only on the number of learning
samples O(102). The tool conducted a 7-way deciding between the following
emotion classes: happy, sad, surprised, disgusted, feared, angry, neutral.

In a general case, Support Vector Machines make binary decisions which is
selecting in two options. Below the way to use binary classifiers for a multiclass
classification is shown. In the given task, the classifier needs to classify six
emotions and a neutral state using binary classifiers. The process is done in two
steps.On step 1, SVM performs binary decisions. There are three approaches for
training binary decisions: one-VS-one, one-VS-all, and all possible
combinations. Step 2 translates the features produced by the first stage into a
distribution of probabilities over the seven emotion classes. This step can be
done using several methods: K-nearest neighbor multinomial logistic ridge
regression and a simple voting scheme. [13]

There are many ways of how to downscale a learning algorithm for a multiclass
task with a list of binary classifiers. The simplest strategy is to train one versus
all. For one versus one distinction, SVM’s were trained to classify all emotions
pairwise. Classification into seven classes gives birth to 21 SVM. The problem
is that in pairwise matching the number of samples for each single SVM can be
relatively small and give wrong results. Another way to get rid of this problem
is to train a certain emotion against all the rest. Such strategy allows to use more
sample images in a training process. To extend one-versus-all approach is also
trying all the combinations like one versus six other classes (7 runs), two versus
5 (21 classifier) and three versus four classifiers (35 samples). [13]

II. Combining the results of several binary classifiers. SVM outputs were
matched to make a seven options decision. The easiest way to SVM outputs for

multiple decisions is voting. The voting procedure calculates the number of
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classifiers matched with each emotion. If one SVM indicates angry and not sad,
angry gets +1 and sad gets -1. These votes added for all of the classifiers.
Softmax() makes sure that each class obtained a number between 0 and 1, with
a sum over classes. =~ We matched voting to the nearest neighbor, and to a
learned mapping by looking at multinomial logistic ridge regression (MLR). For
the nearest neighbor, SVM classifier output for each n of SVM’s gives an n-
dimensional vector. The checking image is assigned the class of the learning
image with the minimal Euclidean distance between their n-dimensional
vectors. MLR counts the matrix of weights which maps the results of Stage 1
classifiers onto the seven basic emotions. MLR is a greatest likelihood method,
which is similar to a one-layer perceptron with weight decay and with SoftMax
[24] competition between the outputs.

For Stage 1, all possible partitions including 2:5 and 3:4 cases gave the best
performance while 1 versus all and pairwise partitioning usually performed
worse.

SVM performance can be enhanced with Adaboost for emotion classification.
AdaBoost is a machine learning meta-algorithm of classification. It is often used
together with many other machine learning algorithms to improve the
performance. The outputs of any other machine learning algorithms (so called
'weak learners') are added to a weighted sum representing the overall output of
the boosted classifier. Adaptiveness of AdaBoost means that a combination of

weak learners is shifted to get the value of previously achieved classifier.

B = 5 BlFic(x) + (e}

It is sensitive to unclear data so the input data should be filtered before
classification. The biggest problem with AdaBoost is its trend to over-learning.
Though a single classifier can be weak, but while the effectiveness of each of
them is better than random guessing (with error rate a little bit better than 0.5),

the final classifier can be very strong. [13]

T
Fr(z)= th(.l?)
t=1
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AdaBoost refers to a particular method of training a boosted classifier. A boost
classifier is a classifier in the form where each f; is a weak learner that takes an
object x as input and returns a real valued result indicating the class of the
object. The sign of the weak learner output identifies the predicted object class
and the absolute value gives the confidence in that classification. Similarly, the
T-layer classifier will be positive if the sample is believed to be in the positive
class and negative otherwise.

Each weak learner produces an output, hypothesis /4(x;), for each sample in the
training set. At each iteration ¢, a weak learner is selected and assigned a
coefficient o¢ such that the sum training error E¢ of the resulting 7-stage boost
classifier is minimized.

Here Fy-13(x) is the boosted classifier that has been built up to the previous stage
of training, E(F) is some error function and fi(X) = ot A(x) is the weak learner
that is being considered for addition to the final classifier.

At each iteration of the training process, a weight is assigned to each sample in
the training set equal to the current error E(Fwi(xi)) on that sample. These
weights can be used to inform the training of the weak learner, for instance,
decision trees can be grown that favor splitting sets of samples with high
weights. [13]

The features used for the Adaboost classifier were the Gabor filters. The
comparison was performed using 48x48 pixel image samples at five spatial
scales. Overall it gave 5x8x48x48=92,160 possible features. To start AdaBoost,
a subset of those features should be selected. On each training cycle step, the
Gabor filter output with the best classification performance for the current
distribution was chosen. The performance metric was a sum of errors on a
binary classification task, where the weighting distribution was updated every
step to assess how well each training array was already classified.

The work difference in approach for all three algorithms is presented on Figure

8. There the classification steps are illustrated on 92,160 of possible features.

[7]
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SVM’s AdaBoost AdaSVM
92160 filters 500 filters 500 filters
Continuous outputs Binary outputs Continuous outputs

Figure 8: SVM’s learn weights for the continuous outputs of all 92160 Gabor filters.
Adaboost training continued until the classifier output distributions for the
samples were 100% separated by a gap proportional to the widths of the two
distributions. The combination of all features chosen for each of the seven
classifiers resulted in a total of 538 features. Classification results are presented

in Table 1. [6]

Table 1: leave-one-out generalization performance of AdaBoost, SVM’s and AdaSVM’s

(48*48 images). ®: Gabor wavelength range

o kernel Adaboost SVM AdaSVM
4:16 Linear 87.3 86.3 88.9
4:16 RBF 88.1 90.8
2:32 Linear 90.1 88.1 93.4
2:32 RBF 89.1 934

The generalization performance with Adaboost was almost the same as linear
SVM performance. Adaboost had a substantial speed advantage, as shown in
Table 2. There was a 170-fold reduction in the number of Gabor filters used.
The convolutions were calculated in pixel space, rather than Fourier space that

reduced the advantage of features [6]
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Table 2: processing time and memory considerations. Time t’ includes the extra time to
calculate the outputs of the 538 Gabor filters in pixel space for Adaboost and AdaSVM,
rather than the full FFT employed by SVM’s

SVM Adaboost AdaSVM
Linear RBF Linear RBF
Time t t 90t 0.01t 0.01t 0.0125t
Time t’ t 90t 0.16t 0.16t 0.2t
Memoty m 90m 3m 3m 3.3m

Besides being a fast classifier, Adaboost is also a feature choosing technique.
Feature selection by Adaboost ensures the researcher that the newly selected
contingent on the features that have already been selected. In feature picking by
Adaboost, each Gabor filter is a considered to be a weak classifier. Adaboost
chooses the best such classifier, and later boosts the weights to decrease the
error.

The Gabor features selected by AdaBoost provide one indication of the spatial
frequencies that are important for this task. Figure 3 shows the number of
chosen features at each of the five wavelengths used. Examination of this
frequency distribution suggested that a wider range of spatial frequencies,
particularly in the high spatial frequencies, could potentially improve
performance. Indeed, by increasing from five to nine spatial frequencies, a
performance of the AdaSVM improved. At this spatial frequency range, the
performance advantage of AdaSVM’s was greater. AdaSVM’s outperformed
both AdaBoost and SVM's. Moreover, as the input size increases, the speed
advantage of AdaSVM’s becomes even more apparent. The full Gabor
representation was seven times larger than before, whereas the number of
Gabor's selected by Adaboost only increased. In respect to this observations,
most of the modern facial expression recognition libraries use AdaSVM.

The last thing to determine is an optimal number of Support Vectors. A smaller
numbers of support vectors has two basic advantages:

1. the classification procedure is faster,
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2.the expected generalization error decreases as the number of support vectors
decreases.
The number of support vectors for the linear SVM ranged from 10 to 33 percent
of the total number of training vectors. Nonlinear SVM’s employed 14 to 43
percent.
The most obvious way to get a series of images to analyze is taking a video
record and later split it into a series of images with given frequency. In all of the
popular implementations face detection operates at 24 frames/second in
640x480 images. The recognition of facial expression takes from 5 to 20 msec.
In the process each individual image is processed in its own thread and
classified, so that the outputs change smoothly like a function of time,
especially under illumination and background conditions.
In order to independently encode the specifics of facial expressions,
physiologists developed objective coding standards. The facial action coding
system 1is the most popular coding system in the behavioral researchers. A
human coder divides facial expressions into a vocabulary of 46 component
moving actions. A longstanding research direction in the Machine Perception
Laboratory is to recognize facial actions automatically.
This system can be applied to the problem of online facial expression detection.
The machine learning methods discussed above were reapplied to the situation
where facial action tags changed to basic emotion labels. Face samples were
detected and recognized automatically in the video frames.
This system can be applied to the problem of online facial expression detection.
The machine learning methods discussed above were reapplied to the situation
where facial action tags changed to basic emotion labels. Face samples were
detected and recognized automatically in the video frames.
The system was trained again on Cohn and Kanade’s DFAT-504 dataset [18]
which contains FACS scores [12] by two automatic FACS coders adding to the
basic emotion labels that the students put by themselves. Positive samples
consisted of the maximum-valued frame of each series of samples, and negative

samples consisted of all maximum frames for all the emotions except the
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expressed one. Besides that the negative sample also contained 313 neutral
images collected from the first frames. A non-linear basis function was
implemented. Generalization to the newly detected subjects was tested using

leave-one-out cross-validation. The results are shown in Table 3.

Table 3: generalization results for fully automatic recognition of 7 upper facial actions

AU AU code Agreement # OF TESTS

Inner brow raise 1 93.6 123
Outer brow raise 2 96.4 83

Brow corrugator 4 89.2 143
Upper lid raise 5 91.8 85
Cheek raise 6 93.8 93
Lower lid tight 7 87.3 85
Nose wrinkle 9 98.6 43

The system reached an average 90% agreement with human FACS labels. This
mechanism can be used to detect facial expressions to any source of data

quickly and reliably. So this method applies to the online solutions.

Practice:

To implement the emotion detection I used clmtracker [21] with a new classifier
trained into 4 classes: angry, sad, surprised, and happy. A significant part of the
work was to make the system recognizes FACS elements [12] on a clmtracker

face mask. It was done manually. The example is presented on Figure 9.

AU AU code Points of interest Coordinate delta

Inner brow raise 1 22,18 [0;+2]
Outer brow raise 2 20,16 [0:+2]
Brow corrugator 4 21,17 [0:+2]
Upper lid raise 5 47 [0:+2]
Cheek raise 6 1,13 [0:+2]
Lower lid tight 7 53 [0:+2]
Nose wrinkle 9 33 [+3:0]
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Figure 9: encoding FACS action units into clmtracker points

It made the classifier work quicker which is critical to the web implementation.
The classifier was launched 24 times/second to provide almost simultaneous
visible classification. To encode each emotion I output 2 parameters: class value
(one of “angry”, “sad”, “surprised”, and “happy”) and a normalized result of
voting in the range [0..1]. The system allows to return multiple values of the

emotions to the given frame. The example is on the figure 10.

Emotion Intensity
Sad 0.3
Angry 0.2

Figure 10: online emotion detector work. The system can detect multiple emotions and return

their intensity in [0..1] range

The system 1s implemented on JavaScript. It uses common libraries like JQuery
to perform typical functions and mathematic operations [25]. It uses pre-defined
trained model of a relatively small size: 4 classes with 25 features each. It
allows to process the images on the required speed of 24 frames per second.

The structure the tool is presented in the table 4 where all the files, classes and
functions are listed. There I discuss the the functions, their parents and the

whole logic of the online implementation.

Table 4: classes of emotion detection tool
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FileName ClassName Function

emotionModel.js emotionModel Collected the classifier parameters for an already
trained model to match. This pre-defined values
allow to classify quickly as there are only 4 arrays

of parameters
emotionClassifier.js emotion Head function that collects of the step of emotion
Classifier classification tool. It takes a trained model and a

frame to detect an emotion. To do it calls a number
of other functions

emotionClassifier.js getEmotions  Returns all available functions as an array

emotionClassifier.js init Allocates memory and sets variables with required
visibility levels

emotionClassifier.js getBlanc Making emotion value and emotion weight =0

emotionClassifier.js predict Getting the values of the newly classified image

emotionClassifierjs meanPredict = Correcting the value by looking at other emotions to
make sure that all of them return 1 as a sum

fft.js complexArray Present the image as a complex function for further
spatial processing

fft.js gabor Downsample the image and put it into a Gabor filter
stats.js classify Performing the classification of outputs of the
Gabor filter
utils.js requestAnimFr Open a video frame and show momentum classified
ame results in it
utils.js initCamera Make an iframe to open a web camera in the

browser and provide access to captured video

Correlation between pulse and

emotion intensity

The last step of the project is data analysis and search for correlation between
the intensity of emotions and heart rate. To do it I’ve build a script that showed
a stimulus video. For testing | took an advertising clip from Super Bowl [26]. I

cropped it into a 1 minute representative sample. While the video was shown I
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launched the script that turn the web camera on, took the heart rate counted as a
frequency of color changes of the green channel of the camera output and
measured maximum emotion intensity as a weight of voting mechanism over 4
emotions: angry, sad, surprised, and happy. The sample was collected over 10
respondents with the same testing video, the same camera characteristics on a
daylight time to exclude an error caused by the electric light vibrations. The
results were collected from Google Chrome log manually and added to MatLab
for further processing.

On the first step I collected the samples. One sample is a series of 1,440 records
on average taken from one respondent while he was looking Each sample looks

like a container of the type shown in the table 5.

Table 5: format of the record

Variable Sample Value Units
angry 0.06246441664648956 N/A, [0..1] range
sad 0.20271816598812922 N/A, [0..1] range
surpraised 0.0345414583730949 N/A, [0..1] range
happy 0.09385733920328883 N/A, [0..1] range
timestamp 100.9210000038147 seconds since the program
launched
pulse 55.5 bites per minute

A number of statistical parameters are presented in Table 6. The dataset contains
the length of the sample in seconds [c2], number of records to analyze [c3],
most frequent emotion [c4], its maximum value [c¢5], an absolute maximum
value [c6] and its emotion [c7]. It also contain the maximum [c8], mean [c9]
and most popular values of the pulse [c10]. All the calculations are made in

Matlab using its statical and matrix operating functions.
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Table 6: preliminary statistics about the results of the launches.

# c2 c3 c4 c5 c6 c7 c8 c9 cl10

1 67 1596 surp 0.1097 sad 0.3555 96 69 66
2 66 1577 happy 04397 happy 04397 135 52 45
3 59 1388  surp 02154 happy 04950 125 83 78
4 36 854  surp 03150 happy 0.7095 127 81 70

61 1475 surp 0.0876 happy 0.9554 115 60 45
55 1319 surp  0.3512 happy 0.4409 88 51 49
61 1505 surp  0.2543 happy 0.5632 112 75 75
62 1502 surp  0.0936 happy 0.5770 121 75 45

O o0 I O W

60 1431 surp  0.2694 happy 0.8200 125 87 103
10 59 1459 surp  0.0963 happy 0.6731 135 57 57

Based on the data we can say that in the given video sample the most strong
emotion was happiness and the most frequent emotion was surprise though its
value was not very significant. This big number of small-weighted surprise
patterns may be caused the problems in FACS - clmtracker transformation
where I encoded the facial action units with changes of coordinates of the edge
points of the face. This issue requires testing on other datasets to decide whether
the encoding was incorrect or inappropriate. I can also suggest that the content
of the image was entertaining and it was the marketers’ idea to make the
viewers feel happy and slightly surprised. In this case they completely achieved
this goal.

The pulse rate results may look controversial from the first sight. The problem
is that reliable information was possible to collect from the 15th second
according to [27]. The reason is that FFT requires a bigger sample to make a
reliable transformation and decoding. On Figure 11 a pulse of sample 1 is

presented. The noise in the first part of the sample is visible.
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Figure 11: unreasonably high values of heart rate in the first 15 seconds of the sample
Keeping this in mind for the correlation analysis I looked not on the absolute
values of the heart rate put on the delta between two neighbor records. I’ve also
dropped the first 15 seconds of the sample not to confuse the results. On Figure

12 changing of pulse and detected raise of emotions is presented.
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Figure 12: the results of modeling of sample 2
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On the axis X the number of records are displayed. On axis Y the value of
weighted emotion intensity is shown. Green vertical lines correspond to the
records where a an increase of hear rate was detected. Red, blue, purple and
yellow lines correspond to happy, sad, surprised and angry respectively. A rise
of happy and surprised classes along with the heart rate increasings is easy to
detect.

More precise look showed that one of the emotions can affect on the pulse
results. In the sample 3 shows (Figure 13) that the rise of heart rate correlates

with the growth of the happiness.
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Figure 13: the results of modeling of sample 3

To check this assumption the correlation matrix was built. It shows the results of

corr2 Matlab function. This function counts a 2-D correlation coefficient using:

> 2. (A -AB -B)
m n mn mn

2 2
23 (a 2) (22 (s -5
m n m n

mn

The correlation between the following arrays is calculated:
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[heart rate, heart rate growth] and [weight of each emotion, weight of the sum of

emotions]. The results are presented in Table 7.

Table 7: correlation between heart rate and emotions

Sample Parameter Angry Sad Surprised Happy Sum
1 hRate -0.0877 -0.0855 0.0816 0.1325 -0.0234
hGrowth 0.2118 -0.3165 -0.2039 -0.204 -0.3578
2 hRate -0.1097 0.2798 0.1748 0.0755 0.3090
hGrowth 0.2013 -0.1084 -0.1529 -0.3221 0.3429
3 hRate -0.0875 -0.1124 0.1062 0.0652 -0.0257
hGrowth 0.3025 0.2042 -0.2023 0.186 0.2875
4 hRate -0.0690 -0.0372 0.0669 0.2655 0.2966
hGrowth 0.0060 -0.0023 -0.0041 -0.0121 -0.1763
5 hRate -0.0408 0.1151 0.0595 -0.0056 0.0267
hGrowth -0.0069 -0.0267 0.0055 0.0251 0.137
6 hRate -0.2986 -0.0859 0.3046 0.2957 0.3117
hGrowth 0.0023 -0.0026 -0.0047 0.0115 0.1049

As 1t is seen in the table, the best correlation results are obtained in case of
processing momentum changes of the heart rate and the sum of emotion

intensity equals to the sum of weights of each emotion.

Online Implementation

The web version of emotion and pulse detection utility is assessable online at

http://earthimages.info/EmotionAndPulse/index.html
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On figure 14 the sample Ul of the utility is presented. It is tested on Google

Emotion detection example

This a test of emotion detection based on parameter output from cimtrackr.

angry sad surprised happy

Chrome only. The website is placed on the Bluehost web hosting with Apache

web server version 2.2.29.

Figure 14: UI of the online system

To get the information the user need to accomplish the following steps:

(1)Open URL http://earthimages.info/EmotionAndPulse/index.html

(2) Allow the utility an access to hardware resources of the computer
(3) Press start to collect samples for the processing

(4) Wait approximately 100 seconds before FFT has enough records to start
building harmonics and extracting frequencies

(5) Open Google Chrome Console output to see all the collected records

(6) Pay no attention to the first 15 seconds of the sample as they are inaccurate
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The output of the system looks like presented on figure 15. It returns the graph
of momentum values of green channel, output of Fast Fourier Transformation

and the records in the Google Chrome console log.
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ppy,@.01243815000168548, t imestamp, 44.20099997520447, pulseds

app.js:395
angry, 8.2153311215914887, sad, 0. 31825665999170643, surpraised, 0.0826214174736366013, hap
py,8.01245270676534995, timestamp, 44.24199986457825, pulseds

app.js:395
angry, 8.21189246956704993, sad, 0. 3170062299601, surpraised, 8.02717786070890988, happy,
0.012560404523787937, timestamp, 44.28399991989136, pulseds

Figure 15: System outputs

The system was built as an minimal viable product of Skoltech-based student
project called Brain Selecta [29]. Brain Selecta is a online service that makes
surveys based on emotional reactions of human. It can be used for a number of
different situations from choosing a profession to A/B testing of commercial

advertisements and to assessment the quality of educational materials.
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3aKkJI0UYeHHE

HpOGKT OBLI HaIIpaBJICH HA CO3/1aHNC MHTCPHCT-CHUCTCMbI, KOTOpAasA NPUHHUMACT
Ha BXOJ BHACO 3aIllMCH M BBIPAXKCHUC JIMId, HHTCHCUBHOCTD 3MOHPII>1 H 9aCTOTy
CCPACUYHBIX COKpaHIGHI/Iﬁ M0 CCPpUN CHUMKOB H IMPOBCPACT KOPPCILIOUIO MCKAY

9THUMHU ITapaMETpaMHu.

C momompio 0030pa pabot, Open Source cooOmiecTBa M MOMOIIM HAyYHOTO
PYKOBOJIUTEISI MHE YAAJIOCh TOCTPOUTH Takyr cuctemy. st ompenencHus
HEOOXOMMBIX TTapaMETPOB S HCITOJIb30Bajia PsiJi AITOPUTMOB M METOJIOB TaKHX,
kak AdaBoost, 6sicTpoe npeoOpazoBanusi Oypbe, BHIYUCICHUE KOPPEISIUA U

HEKOTOPBIX IPYTHUX.

JlanpHelilie mard BKIIIOYAIOT MPOBEJICHHE OOJIBIIET0 KOJIMYECTBA TECTOB U
oOyueHune kiaccupukarop Ha OOJBIION TPYIE MOJIh30BaTENICH, COOp MaHHBIX

IUTS1 TPOTHO3UPOBAHUS AIMOIMHU, OCHOBaHHbIE TOJIbKO Ha UCC.

Eme oaHo HampaBieHue paboThl BKJIKYaeT B cebOs pa3paboTky
MOJIb30BATEIBCKOTO HHTEpPeiica, KOTOPbIN Obl ABISIICS OTACIBHBIM MPOTYKTOM.
B Hem Oymer MOXHO MpPOCIEAWTb YACTOTy CEPIACYHBIX COKpAIlCHUUW U

HHTCHCUBHOCTD BMOHI/Iﬁ W IIPOTrHO3UPOBATE OMOIMU HAa OCHOBAHHWH I1YJIbCA.

[locnenHuM HampaBiI€HUEM JalbHEHMINET0 pPa3BUTHS SBISETCS HWHTETPALUS C
wiatpopMoil aHAJIMTUKU Meaua-KoHTeHTa e-Contenta, rie NpPOIYKT AOIKEH
paboTarh B Kak 4YacTh CEpBEpPHOro, TaK UYTO TpedyeTcss Nepenucarb

0onbmMHCTBO (pyHKIMK Ha Python nnm Node.js
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