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H Bathd pnyavikn pdonon ot GUYXEXGUEVE TO VEURGVIXY OIXTUN £Y0UY TEOGPECEL L
XOVOURYL OTTU Yovia oty eTiAucTt) TeoBinudtery. Ou teyvixés autég €youv vodetriet
and Sudpopes eqopuoyéc e xatnueewvhc (whc N e Popnyoviag.  H avayvdpion g
kateUBuvong tou PAéupuatog amotehet plo and autéc T egogpoyéc.  Amd TtéTE TOu TY
VEURWVIXG BIXTUY ZEXVIGoY VoL YenoHoTolo0vTon Yot THY ETIAUGT TeofBANpdTtwy Tou £youy
VO XEVOUY PE TNV exTiUNoT) TNE %ateliuveng Tou BAEUUATOC, TOREYOUY GUVEY K AUGEK ToU

uneploy Uouv GE GYEGT) e TIC TROTYOUUEVES.

H ouyxexewévn epyosia meotetver pa Abom Bootopévn ot onpoguny, residual networks
(ResNets), ptor xovopave] apyiTeExTovis) GUVEAXTINOD VEUROVIXOU SXTUOU Tou TeoTddnxe
oto ILSVRC [1] 1o 2015. Muyxexpéve, to mpotewopevo dixtuo eivoer 1o ResNet-
20, 1o omolo emTUYYdVEL aVTUY WO TIXES EMBOOEC GE oyéor pe TN BPhoyeoagin.  To
0ixTUo TS emTUYY Vel eTuPTTES EMOOGE UVELUOTATWE TwY EEWTECIXMY GUVINXGY Tou
TepBdhhovTog (in-the-wild), propet vo hettoupyel ywele T yeron Teyvixev ebtuiong g
xdpepoc (camera calibration) xon aveZdoTnTo amd To YoEUXTNELGTXE TEoG®TOU Tou %dlde
yehotn. Téhoc, n mpotewdpevn Aor pnopet Vo uToxatha T T YeNon IxEBOY GUOKEUGY
el oxomoy, 6Tay 1) eNB0GT) PE UpHETE PEY AT axpifela Bev elvon avaryxada. {1 ex ToUTou,
propet vor uetwiel T0 XOGTOC XUTUGHEUAG AUTOY TWV EQUOPOYGY XUl VO UTOTEACDV HUTES
TEOGBAGYIES Oyt LOVO GTOUC EEEWIXEUPEVOUC YENOTES, 0AAE GE GTOWY SLUETEL UTOAOYIG T

1 G GUGKHEUT| € HCPEQU.
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Abstract

Deep learning and particularly neural networks have offered a new point of view in problem
solving. These techniques have been heavily adopted by many applications used in daily
life or industry. Gaze estimation belongs to this category of applications. Since neural
networks have been used in order to solve problems related to gaze estimation, they

continuously provide solutions that outperform the previous ones.

This thesis proposes a neural network architecture based on the popular residual networks
(ResNets), a novel convolutional network introduced in ILSVRC [1] (2015). Specifically,
the proposed method is a ResNet-20 network, which achieves competitive performance
compared to the literature. This architecture achieves desirable performance regardless
of the environmental conditions (in-the-wild) or the facial characteristics and it can also

operate well without any calibration techniques.

Finally, this solution can substitute the use of expensive, special hardware when high
accuracy is not necessary. As a result, reducing the production cost can make these
applications accessible not only to specialized users, but to everyone with a laptop and a

web camera.



v

Euyapiotieg
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UTOBELZELC TOU Xt 1) 6TdaT) Tou E0eLEe pE BoRinaay Vo OhOXANEMGE ETITUYGE Th OUTAGUATI
pou gpyooto, »xadde ot Vo amoXTAGE £va xoh0TECO omadnpuind undPuldeo.  Ofhe vu
EUYUPIOTAGL ETioNg Toug cuvemPBAEnovies xonynTéc x. Nidhoo Mréhha xon x. Aviovio
Apyuplou, xadoe xar Toug utdhotmoug xatnynTée Tou TpAUATog Tou pe Boriinoay dho oautd

ToL YOV TNG QOLTNGTC Lou.

Emmicov, efuar euyvouey 6Toug YOVE pou %ot GTNY adep@l) Lou Tou ATy SImAL Pou XL
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TEhog, oethe Vo e EVoL PEYEAO EUYULIGTE GTOUG QLAOUS XUl GULGOLTATES Lo, Ot oTtoloL
POU TURELy oY YEHOWES TEYVIXEC GUUBOUAES uL LOEEC (GTE VI XUTUPESE VU OAOXANEOGE TN

OtTALpUTIXT oUTHY epyucio.
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Kegdirawo 1

Eiwcaywyn

1.1 Extiynon ng xatedduvuong Tou

BAEupaToC

Q¢ extipnon s kateduvons tov PAGuuatos optloupe Tn Sdwacto émou tpocTadolpe
VO EXTWACOUUE TO TROG T oL xottdel xdnotog. H Swdiactio auth yenotponotettar and
BLEPOPES EPUBPOYES TOU EYOUY VU XAVOUY PE TNV UANAETOpucT) aviomTou-unyavic (2], Ty
EWOVIXT) TOUYPOTIXOTATO, TNV Blopnyevias Twy BVIESToy VIBIOY Xot TNY AVIAUGT) TEOGOY NS
3]. T vor sy pdiboupe T Spaotnetdtnte Tou avilpdnvou potiol, onaTelTar Pio EQUEPOYT
PE Yphom #OPepus.

‘Onwe neprypdoetor ato [4], ot extipntéc autol propoly vo tadvourntody e 800 peydieg
xatnyoples, avéhoya pe to mol elvon TomoVeTnNUévn 1 wducpx oto yoeo. H mpo
AAT YOl EXTIUNTOY TEPLEYEL Ti¢ KovTd 010 jdTl #dPERES, ot oTtoleg ebvar TEoGdEPEVES G
GUGXEUEC TOU TG QOopdRE oTO xe@dhl. Mot mopddetypo, oL SLBPOLES GUGHEUES ELXOVIXTS
nooypatotTnTag. H deltepn xatnyopla TEpEyEL TOUC EXTIUNTES ATOUAKPUOHEYNS €1KOVag,
6TOU oL EGVES AopBdvovTal amd pua xduep Tou BploxeTor ot GUYXEXEHEVD, aToEpd opElo
670 yoeo. o nugdderypa, 1 xducea Tou UToroYIGTY Propel vo Yewmpniel we Tétota xdpepa.
Or endveg mou hopfBdvovTor Ge qUTHY TNY XATNYoelo EXTUNTGY £youy cUVHlwe yopunioTeen
aVEIAUGT], AOYe TNG AUENPEVAS UTOGTUONG UVEUESH GTO PATL XOL GTO QuUXs TN HOUEROC.
{061660, 0 YphoTNG GE QUTHY TNV TEGITTWGY) OEV EIVUL UTOYREWPEVOS VoL POLUEL GTO HEQAL

TOU XUTOW GUGXEUT).  2ITH OIMAGPAT auTthv epyucio, Do yenoUloTOtRGOUNE EXTINTES
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ATOUAKPUOLEVNS €1KOVAS, XAVOVTUS YRHOT TS XAAEPAG TOU LUTONOYLOTY).

YnpovTed %etthielo Sy wetool TV exTuntoy xatebluvone PAépatoc ebvar emiong n
Yenion 1 Oyt TwV €0wTEPIKWY Tapapétowy s kdjepas, xave @popd Tou evug VEog YehoTng
yenoylonotet Ty epuppoy ) (person-specific camera calibration). Pudpilovtac 1o ecwmtepmd
YAUROXTNEWG TS, TNE XAPERUC Yia xaUE yonotn propel va auiniet 1 cuctoyio Tou GUGTALUTOS,
»GTOGO 1) Stoducio oauTh amoutel agxetd yedvo. Emmicov, 1o clotnpu Yo meenet vo
Oty wollel T TEOCHTA TV YENoT®Y, Tedyud Tou owidvet Ty ToAuTAoxoTnTe. [or autdy
T0 AOY0, GE QUTAY TN OmAGUATX epyucia anogelyouue Vo oulpilovps T TapupéTeoug

nde popd, Vétovtug eCugyfic of aUTEC GTUUECEC TRPOCEY YL TIXESG TIPEC.

Téroc, Suorywetlovpe toug extypntéc xatebtuvone PrAéppatoc e dhieg dUo xutnyoplec.
YTOUC EXTYNTEC ToU yenolonotody tAikdé €oitkol okomol ot GE auToUg TOoU OV
yenowonowly.  NTny TedTn xatnyopio ovixouv ot exTyuntéc mou mepypdduus oty
TEOTN Tupdyeupo, dniudt autol Tou ddétouy kovtd oTo AT HIPERES ML OL EXTLNTES
amopakpuvopévns axovas. Ot exTipnteég outol progoly vo metlyouy peydhyn cuctoyi
btov yenoyonowly eldwd ulhxd (hardware) v v enelepyaaion xut xUTEYOLY HIUEQES
vt euxebverag 1) etvon tomoveTtruévee moAd xovid oto pdte.  doTtéco, To ulnho
AOGTOC QUTWY TWV GUGKEUGY OV TIC XAVEL TEOGLTES Yl Peydho apudpd aviennwy. XTr
DEUTERT XUTHYORLOL OVAXOUY Ol EXTWNTES TOU UTMOGESYOUY T YeHoT €0l UAol ot
yenoulomowiy Toug ddécipoug Tpoug evig utoroyio T yevinh g yerong. Ipogouvag oe
auTd TO Gevdgto 1) eucToyla Yo etvor yopnidteen. £16TOG0, 1 GuvEYHE TEHODOC GTOV TOULY
NG GPOIGTC UTOAOYIGTWY XAl TNS TEYVYNTAS VONLOGUVNG PoC TUREYEL GAO %ot T UEIOTIGTES
AOGELC TOU aVAXOULY GE aUTHAY TNV xatryoeie.  MTo mAuicty TG SIMAGPUTIXAS Epyaciug,
dev o yenotpomomiel ewid uad xon G axohouliicoupe TNy TeoGEY Yo TNg 0elTepng

AATYORLUG EXTNTOY.

1.2 H mpoceyyion pog

Hponyolpeves eoyaciee méve oty avayvoeton xateiduvene Brépputoc Oelfuve Twe 7
YEHOT VEURGVIXGY OWTOWY UTOCEl VU ETUPECEL OpXETd PEYIAT abinon otny enidoon ot
GYEGT) PE UVTIGTOLYES £pYUGIEC TOU YENCOTOUGHY TO THRUSOGLIXES PEBEdoUE, OTwS oL

pédodor Adaptive Linear Regression (ALR) oo [5], Support Vector Regression (SVR) 1o
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6], k Nearest Neighbors (kNN) xot to Regression Forests (RF) oto [7]. ' nopdderypa,
a0 8] éywe yefion evég norutpomiol cuverxTixol dtiou (Multimodal Convolutional
Network), Feitidvovtag v enidoon xutd 6% oe oyfon pe TNy xohitepn enidoon g
péyet tote Bhoyeapluc (Regression Forests [7]), evad oto [9] éyve yerion evée VGG-16
duethou, augdvovtag Tny eniboan xutd 18% oe mporypotid dedopéva xon 19% o cuvieTting
(GazeNet+) oe oyéon pe to Regression Forests [7]. M nupduow mpocéyyion pe
Oueh) pag undpyet oto [10], wotéco 1 Aban auth yenoyonoet Ty exdoyl| TwY TANPwS
mpoevepyonoinuévwr ResNets (fully preactivated ResNets), evas 1 coogpoys toug eotidle

OTIC XIVNTEC GUOHEVES.

Hopoutnedvtog to anoteréopura autd T BYBAOYpupiang ahhd 3at TO YEYOVAHS OTL OL GUVEY (MG
BEATIWPEVES OOYITEXTOVIXES VEURGVIXGDY OXTOWY QOivVOVTAL dEXETY UTOGY OPEVES, Dewpriinxe
HUAG VUL GTEUPOUPE Teog auThY TNV xuteltuver. T'a to hdyo autd, 6T SImAGPUTIN AUTAY
eoyuoio Eyve yefion tne apyrtextovieic ResNet [11], 1 onoto Stoxptdnxe oto ILSVRC [1]
70 2015 ot amoTeAEl plo amd TIC MO TEOCPUTES UL UELOAOYES UEYITEXTOVINES GUVENXTIXNOD

Stxthou.

1.3 H ouveiogopd 1Tng OMAWUATIXNAG
Sfelgelojiela

H rmopolou Sumhwpotind) epyooio mupouctdler tnv  apyrtextoviny) ResNet-20, pu
OEYITEXTOVIXH GUVENXTOU BixTUou Tou Bociletor ato dixtuo Resnet (Residual Network)
[11]. To dixtuo ResNet Swxdéter povondrio topdmopng cuvelnTinsy aTenpdtwy (shorteut
paths), mpocéyyion mou péyet Twoa Sev Eyer axoroutnlel otn Bifloypuoio Tng aviyveuong
xarebduvong Bréppatog (gaze tracking) »otd xopov. H exidoon tng petddoou authg etvan

TOAD XOVTE GTNHY aVTIGTOLYT) TV O TEOGPUTWY ERYUCUEY TNS BiShoypupiog.

Emimiéov, mug€youps o UAOTOINGT GYETHG PE TO TOC PUTOROVUUE VoL GZlOTOWGOUNE TNV
TAneogopia Tne xutebuvong Tou BAEUPUTOS, WOTE Vo PTogel 0 UTOAOYIOTAS Vol evToTi(e

T0 anpeio Tou xottder évag Yehatng otny otdévn (gaze tracking).
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1.4 Aop7 STAUATIXNG epYaciog

To undroimo péeog TNe BIMAGPUTIAS EQYUGINS ENVUL OOYOVLUEVD (¢ EEAC:

YITO HEQUAO 2 TEPLYEEPOUPE oVUAUTIXG T1) Sladixacia Tou Tapdyel Tig E1o0doug Tou

owtbou ResNet-20.
Y10 (EQUAUO 3 TEELYREPOUUE TO TpoTewduevo dixtuo ResNet-20.

Y10 xe@drono 4 TEQUYEPOUNE Pl EQUEUOYT Tou aloTotet TNV TANeogopla TG

xarebduveng Tou Bréupatoc.
Y10 xegdhono 5 aforoyolpe Ty enidoor Tou ResNet-20 xat trv cuyxpivoupe pe ™
BiBhoy caeplo.

Téroc, o010 xepdhono 6 cuvoilovpe xor TaUpUUIETOUNE CTUEIOGCE TOU TEOEXTENVOUY

™ pedodoroyio pog.
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ITcoenelepyacio OEOOUEVELV ELGOOOU

>110 ne@druo autd Vo yiver avahuTiny) eEAYNOT) TS TROETELERYUGtaC TKV DEBOPEVKY Tou Vu
yivouv €leodog 6to meotevouevo Sixtuo ResNet-20. H Swdwacto Sexvd pe tn Adn o
EXOVOG GE TRUYPUTING YEOVO Ond TNV XULEQU TOU UTOROYLIGTY| X0t TEAELOVEL JE EVaY TEAXO

PETUGY NUATIGUO.

How prolpe duwe otny mpoenelepyusiu Twv Oedopévev, da meEnel vo oplooupe
TU 3 CUGTAPOTH CUVTETUYPEVGDY Tou Vo YENOHOTOMGOUPE Yol TNV eCuywYr Ty
yooux oo Tidy (features) xor vo Seiloupe modC yivovton ot peTuaynuaTiopol and to évo
gbotnue 6T0 dhho. Oplloupe To GUGTAPUTH GUVTETAYPEVGY OTLE axe3ne ostloviar 6To

7].

2.1 Oploudg 2LUoCTNUATWY CUCTETAYUEVWLY

2.1.1 UVTETAYUEVES YWEOL

To mpoTo GUGTARN GUVTETUYUEVLY UTOTEAEL TO TRIGOEIGTO GUGTIUA GUVIETOYPEVGLY TOU
ydoou (3d world coordinates). ¢ vpyh Twv aZévey opiletor £va TpIodUGTUTO oTUED TO
omoio PoloxeTar 6TO UVTIXEIEVO TOU PEASTPE. TNV TERIMTOGT ag, TETOW avTixeiuevo
Yeweettar 10 avilp®nvo TEdcHTo xo w¢ GNpeto avopopds To Peco aructo avdueca 6T dlo

pETI TOU TEOGOTOU.
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2.1.2 UVTETAYUEVES HAUEPAS

To deltepo GUGTNPU CUVTETUYUEVGY UTOTEAEL TO TEIGOWUGTUTO GUGTIUY GUVTETHUYREVELY
e #dpepos (3d camera coordinates). To alotnua autéd eivon 6uowo e T0 TponyolUEVO,
MG yenowonotet we anueio avagopds TNy xdpeca. Mnogolpe elxolu vo petateédoupe
EVol ONPEID UM TIC GUVTETOYUEVES Y(OPOU GTIC GUVTETUYPEVES XOPERUS, EPOGOV YVWoiloupe
TIC cEWTEPIXES (extrinsic) TOQUPETEOUS TNG XUPERUS, ONANDY Toug Tivaxes meproTpoPnis

(rotation) xon perardmong (translation) Tou avTepévou wC TEOC THY XAPEQU.

Do mopdBerypo, av UTOTEGOLPE TKE Ot GUVTETAYPEVES Y koo evie orueiou eivar (U, V, W)
xon yvweiloupe Tov mivaxo teptoteogric B (3x3 mivoxog) xon To Sidvuopa petatémiong ¢
(3x1 Sdvuopa), toTE To Do onpelo 6To GUOTNA GUVTETUYUEVLY TNe xduepus (X, Y, Z)

opileton and Tov Tomo (2.1).

X U
Y| =R|V|+t (2.1)
Z W

2.1.3 Xvuvretayuéveg o9dovng

Téhog, 0 Teit0 GUGTNUA GUVTETUYREVLY €V TO DIGOEGTUTO GUGTUY GUVTETUYHEVELY
e oBévne (2d screen coordinates). Eivor eixoho vo amoxthicoupe Tic SloO8o TUTES
CUVTETUYUEVES TIC oUdVng omd TiIC TPIODUGTUTEG GUVTETUYREVEG TNG XAUEQUS, EQOGOV
Zépoupe TiC eowTERES (intrinsic) naupopéteous TNC xdpeocas, Snhodr To ea T pipan (focal

length) »ot o onted xévtpa (optical centers).
Do mopdderypa, €yovtoag anoxthoet and Ty (2.1) tic ouvtetaypéves xdpecas (X, Y, Z) xau

epboov yvepilovue To phxn eotioong fu, fy xon To omTd xEVTEd (C, Cy), TOTE TO (D10

onueio 6To GhGTIY GUVTETUYREVLY TNg odévng (x, y) mpoxinTtel and tov Tomo (2.2).
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X fo 0 ¢ [X
vyl =80 fy | |Y (2.2)
1 0 0 1 Z

To s (scale) Onh@VeL €vay GUVTEASGTY »Aluoxas Tou exgodlet To Batoc wog emxdvoc.
H eZicwon (2.3) pag Sebyver mwe propolpe Vo UETUTEEPOUPE TIC GUVTETUYPEVES Y OEOU
(0l péhog) otic ouvteTaypéves xdpeous (upoTepd péhog), EpbGoY YVLeiloupe Tov Tivaxd

TEQLGTROYNS XAt TO DUUVUGUA PETUTOTIOTS.

U
X Too To1 To2 Uz
\Y%
s|1Y| = o T11 T12 ty (23>
W
Z Too To1 To2 L, .

To oyfjpa 2.1 pog delyver Ty oyEcT UVAPIEGU GE QUTE TU 3 GUGTAPTY CUVTETUYHEVOY.

2.2 Elaywy”n yapaxIneloTixwy

[ty eaywyh yaeomtneotiney axoroudolpe tnv e&hc Swduosio. Apyd aviyveboupe
ov UTdEYEL TEGOKTo GTNY emodve.  Av undgyetl, meootatolpe va evionicoupe 6 ornpelu
GTO TPOGWTO Y ENCHLOTOLOVTUS XUTEAANAY EXTadEupEve oviehn. Ereta, tpocnadolpe vo
e&dryoupe TV TOLA TOU XEQUALOD, XAVOVTOS UVTIGTOLGN TwY 6 quT®Y onpelny pe 6 onpel
EVOC YVOAOTOU EX TV TEOTERGY POVTIEAOU TEOGMTOU TOU PRIGHOVIUL OTI GUVTETHYUEVES
yweou. Téhog, petacynuatiloupe Ty emdva €16600U xat THY T6L0 TOU XEGUAOU, OGTE Vi

€otouy auTd 6e GUPLUTY) Lot Pe TIC Bdceic OE00UEVLY TOU YeNCUOTOWUUE.
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U, V, W : World coordinates
X,Y,Z :Camera coordinates

X,y : Image coordinates w
oc : Focal Length (f) P
o World Coordinates
-
-~
//
///
//
X ~ :
r‘“”—"/; ="
! p .
"¢
| ‘Rt
— | !
Image Plane '
Camera Coordinates h 7
P LearnOpenCV.com

Sxhuwe 2.1: To 3 cuothuata ouvteToypévey Tou culntRtnay otny evétnta 2.1. (Xyua
ané to [12]).

2.2.1 Aviyvevon tpocdnou

Apynd hopBdvoupe g exdva and Ty xduepa Tou unoioyioth. ‘Enetta, yenowonotolue
évav mpoexnodeupévo aviyveuth Teoconou Ttou gpyoiciou Dlib [13]. O aveyveutic

TeocGOTOU owT6E eivar Bactopévog atov ahyderlpo HoG [14].

Egboov Befouwidolpe mwg undpyet 6vieng xdnoo mpdcenno atny exova, Teoantadolpe vo

eCdyoupe TANpOWOoplec GYETIH PE TNV TOla TOU XEQUAOU GTOV TOICOWGTUTO YKOOo.
) s v - IJ

2.2.2 Evtomoudg onuelwv otny exdVA TROCHTOU

To emépevo Prpa ebvon vo evtomicouvpe 6 yopaxTnoloTwd onuela mou Quivovtor TNy
Siodidotaty emdva teocwnou. Axohoudolpe duot Sudiaoia pe to [7] xor unohoyilovye
6 oxpBog onueta, ddtt petpfioeg Setlouve mwe awtde o aprlude eivar o puedTepog ToU
omontelton Yo TV teorvoron e e€orywyh Tng noag tou xeparol. To onpela autd etvar ot 2
dxpeg Tou xdde potiol xon ot 2 dxpES TOU GTOPATOC, To oTola xot gotvovtor oto oy e 2.2.
H aviyveuon tov onuetov autev €yve pe yphon evog exnatdevpevoy yoviedou 68 onpelwy

reoconou (landmark detector) nou nagéyeton oto [15] o Poctletor ota evepyd poviéha
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%24 *25 Log

#19 *20 *21 o

*18

£22 “23

+38 %39 28 ¥ 44 % 45
37, 424 41% 40 ’ “43, 454 47746

1 +29 =17
=30

+16
*2 *31

32 33, 34+ 35 36 i
*3

#51 =52 *53 54
+50 * *14
62 *63 =64
=4 #40% B1 » * 65 55
¥ 49% ‘68 g
#60 *56

5 #50 ,zg *57

*13

*6 *12

- =11

+10
*8 *0

Syfua 2.2: Bty ewdvo godvovtar tor 68 onuela mou evtonilet o olydprduog [15]. Ou
Ypeaotolue 6 and autd, to onuela 37, 40, 43, 46, 49 xou 55. (Ewdva and 1o [15]).

npocavatohopol 1 ohhde AOMs (Active Orientation Models) [16].

2.2.3 Aviyvevon nélag xepaiiov

O unoloytopde tou R yivetan pe tov €€¥c tpomo. Apyd mpooeyyiloupe Tic EonTEPIXEC
nopapétpouc e Xopepas (fz, fy» Cay ¢y) Omwc yivetow oto [8]. Enerte, omd v
(2.3) mopatnpolue mwe av yvopiloupe o xatdhnihe R xo t pnopolue vor mpopdAdouue
TO TEIOOWOTATO POVTENO Tpoownou 6 onuelov amd TIC CUVIETUYUEVES YWEOU OTIC
ouvteTaypéveg 00ovng. XLTn ouvéyeld, TEooTaoUUE Vo EAUYLOTOTOOOUUE TO OpdApa
mpofloAns (reprojection error) mou dnuoupyeitar avdueoa oto 6 onueio mou evtonilel o
ahyoprdyog oo [15] xa ota 6 onueio Tou povtéhou mpoohrou Tou éyel utooTel TEOBoAN.
Ytoyoc yag ebvon 1) elpeot TV xatdhhnhwy R xou T oote va ehaylotonoteiton To o@dhua
npoPolfic. ¥to onueilo autéd egopudlovpe Tt Bektiotonoinon Levenberg-Marquardt [17]
©oTe va utoloytotoly ta BéAtiota R xau t. ‘OAn auth 1 dadixacio cuvodiCetar péow e

ouvdptnore solvepnp() tnc OpenCV [18].

Méh umoroylooupe o R xou t, mpoBdhhouye to poviého mpooonou 6 onuelwv otig
OUVTETAYPEVES XduEpaS oUPPWVaL PE Tov TUmo (2.3). Xtn ouvéyela, urnoloyiloupe ta Péoo
onuelo Tou x&le potiod xat 1o PEcO omnueio TOU CTOUATOC OTIC CGUVTETAYMEVEC XAUEQOC.

Téloc, unopolpe vo avtihngdolue v néla wg 1o diodidotato Bdvuoud (Bror, Prert), OTOU



2.3. Metooynuatiopos Sedopévey 6To GUGTNU XUVOVIXOTOMNUEVNS XSLEQUS 11

Middle point of 3D
<~ facial landmarks

e 2.3: Yo aptotepd goivovtor To 6 onpela Tou eviémioe o ahydprduog eviomiopod
onueiwy atny exdva. Ytor 8e8id gulvetor To povTéLO TROGMTOU VoL EYEL UTOGTEL PETUTOTION
YO TEQLOTEOYT LE TETOLO TEOTO, WATE Vo EAytoToToEL TN To Gdhpa TeoPBolrc (reprojection
error). To yxpt Telywvo exgedlet Ty enpdveia Tou oy nuatiCeton and To pdTia xot To oo,
eV N xdeTn o’autd evdeln (Sev poivetor oto oyfua) pogc diver Thnpogopies Y Ty nélo.
(Exxévo and 1o [9]).

Dhors Poert 1) OPLLOVTIA X0 1) XAUTAUXOEUQT AVTIGTOLY O YWVil TOU oY NPaTiovTon AvVEPEcH OTIC
eghc evdeleg. Xnyv xdldetn evlein oto entnedo mou oynuatiCouy To PEGH TWVY HUTIEY Kol
TOU GTOPATOS Xot OTNY euleiol TOU EVOVEL TO TPOGWTO HE TNV xduepa. AUTO UTOTUTEOVETH

xohOtepa ata Be€id Tou oyfpatog 2.3.

2.3 MeTtaoyNuaTticnog  BECOUEVWY  CTO

VO TNUA XAVOVIXOTOINUEVNG HAUEQAS

Y110 arnpeto auTo, petacy nuatiCoupe T exova eta6dou xon TNy Tola, axorouddvTog Ty Bt
Sradueaiaior pe to [19]. Luvortind, aTéyog autol TOU PETUCY NUUTIGROD EIVOL 1) JETUTEOTT TWY
OEBOUEVLY UMb TIC GUVTETHYPEVES HAUEEUS OTO GUOTANN CUVTETHYHEVLY KAVOVIKOTONEYNS
kdjepag, 6mwe o ovoudlouv ot dnuougyot Tou [19]. Amodewcvietar Twg pe authy 1 pévodo
eZoheipovTar xoAUTERY ot Blagopés Tou ogelhovTor otny téla an'oTL av YENOULOTOLOUCUPE

o audevtied Sedopéva. Extevéotepn avawopd autod tou petacynuatiopol yiveta oto [19].

Metd to TEAOG TOU PETUOYNUUTIONOU, €YEL YIVEL AMOXOTH TNG CEYXAC EWOVUC (OTE Vo
UMOUOVWOOUPE TNV Etxéva tou B8e€lol 1) aptotegol potol. To oyfua 2.4 Selyver mox
yiveton o petaoynuationds autég.  Extdg and v ewdva, PAémoupe v enidpaon Tou
PETOOYNPATIONOY auTtol oty mola ahhd xar oTtny xotedduvon tou BAéppotog. O adhayée

awtég ogethovton atoug nivaxes Gy, R, S, Cp Tou oyfipotog 2.4.
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Normalized
eye image

(a) (b) (c) (d)

’ —— ’ [ — i { — . F o r
Lynuo 2.4: Metatpony| g EOVag EIGO00U (a) GTNY XAVOVIXOTOMNIEVY TNS LOopP (d).
O METATY NUATIONGE TOU Epr(le.OCETiil'D{-’)DO(l‘OEL TIC TEQIOTROYES XOt XPUTIEL HGVO TNV TEROY N
Tou partel. Egappéletor teptoteor (b) xat xhpdxwon (c), evey oto téhog (d) epappdlouye
v anoxonh. O mivaxag Cp TepéyeL TIC ECWTEPIKES TURUUETEOUS TNE XAUEPOS, O TVAXOC
R yenowonoteiton o¢ mivaxos petaoynuatiopol tou tivaxa TEGoTEoPhc Tou audevTinoy

# AR A —a " . ; 2 a : = s ’ 2y
mivoo TERLOTROYRE 0To GUOTNUO CUVTETAYUEVLY Xduepas. Avtiotoryn Aettougyia €yel xou
o mivoncog Cp cAAG Yo TOV VOO ECWTEPINGMY TOPOPETEMY NG Xpepas Gy, EVO 0 Tivoag
S mpayporonowe! peyéduvon tre endvag. (Ewdva and to [19]).

Ne=d -4 0 T S i ol g 5 y T 0 )& S &
Metd 10 TEAOC TOU PETUOYNUATIONOD, YENOWOTOWUUE TIC UETACYNUATIOUEVES EXDOYEC
NG EWOVOC TOU PoTol ot Tig T6lug Tou xegouiol wg loodo oTo MEOTEVGPEVO BiXTUO
ResNet-20. Xav €€080 and 10 8ixTuo autd AdpPEVOUE TNY XAUVOVIXOTOtNPEVY XUTEODUVGT)

Prépporoc. H BroBixactia oauty| Teprypd@etor avahuTd aTo XEQIANO 3.
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To llpotewouevo Aixtuo ResNet-20

Agol éyoupe amoxTAGEL Umd TO XEQGIAWO 2 TNV XUVOVIXOTOUUEVY, Tolu o endva,
neoonadolue pe autd o 800 Bedopéve vo TpoBrédoups TNy Kavovikoroinuérn katelbuvon
Tou BAgpputoc, dnhadh Ty xautelduveT) Tou BAERUUTOC GTO XUVOVIXOTOMPEVO GOG TN TNS
ndpepog Tou avapéoupe oty evotnToe 2.3, T var 1o TeTUYoUPE auTd, YeNncHLoTotouE
0 ouveltwd Oixtuo ResNet [11], eouppéloviag buwe xdmoeg ohhayés o€ ouTo.
Yuyreneéve, 1) TpoTevopevn Abon Bucileton oty apyitextovins) ResNet-20. O oerdpdc

20 mpoépyetor and Tov dprind TV GUVENZEWY 6TO xUeo LoVoTdTL Tou SuTlou.

3.1 XOvtopo Yewpntixd unoBadpo

To Sixtuo ResNet [11] anotehet pror dpyTexTtovix) GUVEAXTIHOU BixTOoU Tou TeoTdinxe oTo
ILSVRC [20] 10 2015. Eywvoy yveooTd Moye Tne wovdTnTog Toug Vo eE0AElpouy Ge UEYEAo
Bodpd to TEOPANuY TS GYEOOY PNOEVIXTC UVAVEWCTIC TV PUpGY GTO ooy e GUVENXTIXG
oTpopata (vanishing gradients problem). Emmiéov, éyet amoderydel mwe netuyaivouve
TOEOUOIEG EMOOGEL, PE GAM DIXTUL, YENOULOTOIOVTUS Opwe TOAD AtyOTECU GUVEAXTIXG

oTpopata (Pxedtepo Bdboc).

Ov Swpogéc TV BXTUmY QUTOY GE GYE0T PE TIC YVOOTEC UEYITEXTOVIXES £ivan ol eEAC.
Apywd, oviadiotator To cuvelxTwnd atpdpa pe to Paoiké umlox (basic block). To
Paoiké prdox amotereiton amd U0 TEWOEC Tedlewy, 6Tou xdle TEwWdo amoTeheiton amd
plor 3 X 3 ouvénin, pla xavovixonoinan cwabdiou (batch normalization [21]) xo and pio

aguvdetnon evepyonoinone RellU. Muyvd, avti vy 600 3 x 3 cuveriiewg, emhéyeton 1 exdoy

13
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weight layer
F(x) relo

weight layer

X
identity

F(x) + x

Sxhuwe 3.1: Yy emdvo xdde xoutdoe (weight layer) amoteheiton amd pio 3 X 3 cuvéhin
xon ané pla xavovixornoinon coxdiou (batch normalization [21]). H xopmulwth yeopps
anoterel To povondn ovvtdpevons. (Ewdva and to [11]).

pe Tt 3 ouveAlZeg (1 x 1, 3 x 3, 1 x 1) y xohbtepn ypovudh enidoon (exdoyn bottleneck).

Emriéov, ewodyeton 1 évvowr Tou povoratiod napdrappns (shortcut path). Tu povomdru
QUTE TUEOXGPTTOUY GUVEAMKTIXG G TROUITO Xut EQUEUOLETIL GE QUTE 1) TAUTOTIKT) oUVdpTnoT)
(identity function). ‘Emeswta adpoilovior pe v éZodo evéc Paowkol pumlok. Av o
oetdpde TV XUvaAldY Tou povoraTiol xat Tou fBacikol pumdok Owgéger, TOTE avti Trg
tavtotiknS ouvdptnons eguppoleton To atpoiotiké pmhok (residual block). Tu afpoiotikd
pHmAok anoteholvior amd pla 1 x 1 cuvEnin xon and plu xoavovixornoinon cwadiou (batch

normalization [21]).

Yy ewova 3.1 BAénoupe to faoikd pumhok xodog xot TO ovoTdTt UV TOMEVOTS.

3.2 YmroAloylwouog nopapeTtewy Tou ResNet-
20

To dtxtuo ResNet-20 ngoéxute éneitor amd netpopaTiopols Tave oTig Buoiés TapauéTeoug
Tou Ouxtlou ResNet. Xonoyonousvtag xdmoteg apynég THES OTIC TUPULETEOUS, DOXIPACUE
var oAAGEoupe T Tée autée plo xdlde gopd. Mol Adfoupe tnv BéiTiotn T v plo
TUESETEO, ONAUDY TNV T TOU TUPdYEL TO JIKPOTEPO Héoo o@dAja, TOTE XpUTHUE oUTHY

™V TY| xot SodCoupE Vol SAAGEOUNE TNV EXOPEVT TUPHUETEO.

[Tpoonadficope va adidEoupe Tic mopopétoous pe ouyxexpyévn oeed. Ilpotepondtnto

OWOMIE OTI TMUEUUETEOUS TOU EMNEEEGLOUY Tol 0EYtxd oTEdW Tou aAyopiluou, 6mwe oL
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TOEGUETEOL TG apywhc cuvEMEne Tou Bixtlou (gate block). Xty mogeio aayohniipope
PE TIC TUROUPETEOUS TWV UTOAOLTWY GUVEMXTIXGY GTOOUATGY Tou OXTUOU XUt AQNCUUE
TEAEUTUIEG TIC TOQUPETEOUS TOU £Y0UY GYEGT PE To DtouVDEdENEVY oTpwpata. [ xdie
CUVEAXTIXG GTEWUN TOU TEOGUETOPE, EAEYYOPE YId TOWEC TYWEC TV TULULETEWY TOU
GTEWPOTOS TULPVOUPE XUADTERN ETIB0CT. AV Yo xapiol T TGV TUSUUETEMY TOU TREYOVTOS
CTEOUATOS Oev Tolpvops xuAlTEpn EMBOGT), GTUPUTOUGHUIE VU TROGUETOUPE GTOOUUTU.
AN xpatoloupes To TREYOY GTEOPY ot TIC BEATIOTEC TORUPLETPOUC TOU XolL XAVOHUE TNV
(Ot Sraudtxactor v 10 EMOPEVO GUVEAIXTXG GTewud. Me Topdpolo 1pono acy ol xape ot
PE TIC TUEUUETROUS TGV DIUGUVOEDEUEVLY OIXTUGY, OTKE ToV dptdud TRV GTEOUITWY Xut TwY

VEUROVWGY.
Or mapdpeTtpot Tou SxTlou TEVE GTIC OTOIE TELCUPUTICTAXAUE EiVaL O ToEuxdTe:

o Exdoy” tou duxtbou ResNet. Emvélope tn Bouow exdoyr Tou ulyoptduou,

eve doxydoope xa T exdoyéc ReLU before addition xou full pre-activation [3].

o Mévyedog ¢@iktpou ng adpyixnic ocuvélEng (gate block convolution).
Aovapdotrpay ot Twee 3, 5, 7, 9. Yoy Bértiotn T emiéydnue to 7.

o Aptipodg xavahidy e£6d0u apyixric cuvEMENG (number of output channels
of gate block). Aoxdotmay o tée 16, 32, 64, 128 xo cov PEATIoTH TWh
emAgyUnxe To 64.

o ITA400¢ CUVEAXTIXDY X BLACLVIESEUEVLY CTEWUATLY. O uorudc
QUTOV TGV GTROUATOY UToloyioTnxe pe TN pédodo mou meprypddope otr dedteen
TUEAYeuPo TNE EVOTNTUS 3.2, Muyxexpéva, yenowonoeiton wlat ey cUVEMLY,
BEXAEEL CUVEAIMTING OTpLPuTo ot Telol SGUVOEdEEV oTPGPUTH GTo %0plo
povordTt Tou Sixthou. Emmiéov ot técoepu onpeln ToU BixTO0L UTdEYOLY TECCERELS

ouveliZewc Tou eguopdlovion ata povordtia tuedxapng (shorteuts).

o Tiuég xavariddy €€6dou avd otpope. [lepupatiotinape pe ddgpoces TS
peTagl 16 xon 1024 vy To GUVEAMXTIXG GTRPOPUTY ot PeTadl 128 xon 2048 vy o
Oruouvoedepéva oTeOpTa. (¢ BEATIOTES TIES xovahdy €600 eméydnay oL 64,

128, 256, 512 vy o GUVEAXTE GTEGRATY %ot 512 yio o SLoGUVOEDEPEVL.
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3.3 Acstovpyla ouxtHou ResNet-20

Yympatied, To 8ixTuo guivetor 6To oY ua 3.2, Apyd 1 exdva Swotdoewy 60 X 36 tepviet
ond Vol oUVEMXTIXG oTpwpa (xTevo yeoupo oTo oyfp 3.2), OoTE Vo QUZACOUPE TOV
opriud Ty xovaroky 2680y (output channels). Xt cuvéyetn eguppdloupe 16 cuver T
oTeopata (Tedowvo yewpo oto oyfpe 3.2). Optapéva and outd (oxoleo Tedovo yeou
oto oyfpa 3.2) auZdvouy atudimd To xovdhe (channels) and 64 oc 512, Emnhéov, oe
Téaoepn anpela Tou BixThou Undpyouy Téooepelg auveliZelg (hadl yowpo oTo oyfa 3.2)

Tou epuppolovTon 6T LovondTie tugdxaune (shorteuts).

‘Ererte, eoappélovior 3 Sruouvdedepéva Sixtua (Tigxoudl yewpo oto oyfpa 3.2), énou
UVEPESH GTO TEMTO %ol GTO BEUTERD EVOOUATOVOUPE TO Stdvucpa T6LoS (Dhor, Prert) TOU
unoloyloope oty evotnta 2.2.3. To teito Swouvdedepévo dixtuo mapdyer o¢ 2060

SrodudoTatn xutebuveT Tou BAEUUATOC GTO GUCTIUO XAVOVIXOTOUUEVTS HOPEQOC.

Téroc, epupuodloupe TO PETUCY NLATIGPS TOU UVUPESHIE GTNY EVOTNTY 2.3 0AAd avTiGTEo 0,
ONADY) ol TO  HOVOVIXOTOWNPEVO GUGTNPRN GUVTETAYREVLY GTo  aulevid oloTnpo
ouvteTaypévey, 6tng Yivetor oto [19]. To anotéheopu Tou petacynputiopod autol etvat
1 ATONTNGT) TWV YOVIGOY (qAS, OA)7 TOU expEalouy TNV opWlOVTIol Xt XAUTUXOEUPT) YeVio Tou

Bréppotoc.

3.4 Aoyiwouxd exnaldsuong duxtTOOU

o Ty exnaideucy) Tou teotevdpevou dixTlou, xdvope Yenon Tou hoyiouixol PyTorch
22], To onolo amotehel TV TayUTECH AVATTUGGOREVT TAUTOSERA Pordide pryovixAc pdinong
arjepa. O hdyog nou emhégope to PyTorch cuyxexpipéva etvon to yeyovoe 6t ouvdidlet Tny
amASTATY Tou Topéyer 1 mAatedppa Keras (23], evey tautdypova pug tougéyet tny mandoeo

enthoyoy tou Tensorflow [24].

v xdvoupe yerion tou PyTorch, neoonutficope Vo xoTUGHEUNGOUPE TO  BIXTUO
yenoulonowwvtug o Keras [23]. QoTtéoo, amodelytnxe moAl S0Gx0A0 Vo @TIdEoUNE LE
YEhon AUTOU TO TEOTEVOUEVO PaC OixTUO, xodoe yeetl6Toy UEXETE TEpImAOXY Sludiaciy
YLOL VUL XOTOOHEUGGOUPE €V BIXTUO PE Tapumdve und pio eteddous (emdva xon To Stévuap

e nélag Tou xegarol). To nedBhnuo autd Abdnxe pe 1 yerfion tou PyTorch.
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Do 3.2: Yta apiotepd gotvovtor Tt TEeTa 9 CUVEAXTIXG GTEOPATH Tou Bixthou
ResNet-20. Yto 8e&td gabvovton ta tedeutada 11 cuvehinting atewpata Tou Sixtiou ResNet-

20.
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Téhoe, n exnaldevon tou ductlou éywve pe yeron tou Google Colab!, to onolo ndeeyer

Owpedy uexeTd unhY UTOAOYIGT LGy,

https://colab.research.google.com/


https://colab.research.google.com/

Kegdrawo 4

ANNNAeTtiopacn AvUpomnou »au
Y moAoyloTr) LECWL TNG

KatevYuvone BAguuatocg

Y10 xe@diono outo, Vo TEEYY oUDOUPE OVIAUTIXG PIol EQURPOYT) TPayuaTikoy Ypovou, 6Tou
VYo wdvoupe yeron e xoatedduvong Tou BAEPPUTOC TOU AMOXTHOUUE Und TO XEQPEANO 3.
Yuyrexpéve, Ya meprypddoupe pla pétdodo oyeTwd pE TO TOE pmogel 0 UTOAOYIGTAG
VoL averyveetoet To ol axeBog oty otdvn wotder évag yenotng. Lo tnv ulomoinon
¢ Euppoy g autrg Vu yeewoTolue Ty UEGT Tou ¥EQUAOD ¢ TEog TNV oddvn, TnVv
xorebBuvarn Tou Bréppatog, Tic Blo Tdoel TN oVoVNe Gt Yoo Td Tou péteou (millimetres),
wadog xou Ty avdiuon tng obdvng oe pixels. Téhog, pou and v euppovr auTh
DTG TWOUPE TS O TEOTEVOPEVOS ahyoptduog Tou xegohalou 3 mpdypott propel vo
yenoulonomntel und mouypuTeg cuvirxes. Ondte Jewehicups TNY EQUEUOYT AUTHY S

evay eminpdoieto Tedmo EAEYYOU TNE EYXUROTNTUS TOU TROTEWOUEVOU ahyopliuou.

4.1  ZynUATIXT] AVATARACTACTY] EQASUOYNS

Y10 onpelo autd, yvepeilovpe To (qAS, OA)7 T0 SIeGdWcTUTO dtdvucpo Tng xatedduveng Tou
BAELUATOC TOU UTOAOYIGOPE GTNY EVOTNATA 3.3, %ol xat To Sidvuapa t, Snaadr) To didvucua
¢ UEong TOU XEQUAOD GTOV TEIGOEGTUTO Y®eo PE ONpeio avopopds TNV xIpepa Tou

UTOAOYIGTH, TOo omolo unoloyicupe oty evotnta 2.2.3.  Bouppéloviug TeryeovopsTpely
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origin (0,0.0) . .k
of camera Py =%
coordinate T SR —

Sxhuwe 4.1:  Togdderypa wixvsu?qg onpeiou oty ol6vr pe B6edopcvo To VUYL
petatomione ¢, Tic yoviee Bréppartoc @, 8 xor Intolpevo 1o onpeio (x,y) tne odévne.

uropolpe v utohoylooupe To onueio oty 0Bovn ToU XolTdeL o YpnoTng. Autd galveTo

avahuTixd oto oy 4.1.

To xa@e ypoua Tng Eoveg dNA@VEL To CUOTNUA CUVIETAYHEVGLY xdpcpag. To umhie
Sdvucpor Oniwver TN Yéan tou potod g meog to cbatnua oawtd. To npdowo Sdvucpo
onAcdver Ty xatedduven tou Biéppatog. H noptoxahil ywvia ) OnAdver TRv opllOVTL Yewvia
g xatebuvong tou BAEupotog, N Tedotvn Ywvid 0 OnAGVEL TNV XaToxbpuEn Ywvia Tou

.

Bréppatog, evey Tapdhhnhio galvovTor ot ot Staxexoppéveg eudeleg mou opilouy Tic Ywvieg
awtée. To d, Snrdver méoo dedid A néoo upotepd Beloxeton to onueio (2,y) oty odéwn
ToU XOUTdEL 0 YeNOTNG OE OYEéoT PE TNV XAPEPd, EVK TO dyy SNAGVEL TO TOG0 TEVG 1) XATK

amd THY HEPEEDL XOLTdEL O YPHOTNS.
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4.2 Evlpeon onuelou £voLapepovIog CINV
ovovn

Ipw unohoyicoupe to orueto (z,y) e ovévne ot pixels, unoloyiCoupe Tic peTuToTiceg
dy, dy (08 YM0GTE ToU PETEOL), YENOYOTOWMYTUC TV EQUTTOPEVT] TWY qAS,HA AL TO DLAVUGPY
t (o yvoatd tou péteou). Mo Boolue to (dy, dy), To PETUTEETOUPE Ond YIAMOGTY OF
pixels. ' var To metlyoupe, x8Voupe Wi TeoceyYion Tne avahoyiag pixels avd ythiooto.
YUYHEXPWEVY, PETEOPE PE évar Ydoaxa TNV oplévTio xan xdietn ddotuct g oddvne (oe
YIMOOTE), evé TauTthypova Belaxoupe TV avdiucT tTne oddvne oe pixels. Av 1 otddvr pog

EYEL DUGTAGEL My X My YIMOGTE %ot Py X Py pixels, téTe oL avaroyieg mou Béroupe elvon

mmPer Pixel, = M (4.1)
Pz
yior THY 0ol OVTIL TERITTLGT Hal
mmPerPizel, = My (4.2)
Py

yior TV xaTombpuen Tepintwon. o mapdderypa, dv ol dretdoeig eivar 3400mmx 1900mm
oe yhootd xor 1240x 780 ot pixels, 161 oL avahoyieg ythocTtov avéd pixel Tou npoxinTouy
etvar 0.3647 opldvtior xon 0.4105 xotodougo. 3Tn cuvéye, and Toug Tomoug (4.3) xau
(4.4) umohoyiloupe Tic TS TV (dy, dy) oE pixels yenopoToudvTuS TOUC GUVTEAEGTES TOU

unoroyioTmpoy and toug Timoug (4.1) xon (4.2).

, ~ dy(mm)
du(pizels) = mmPer Pizel, (43)
. dy(mm)
— 4.4
dy(pizels) mmPer Pixel, (4.4)

Téhog, ool unoroyicoupe o (d,,d,) oe pixels, Pdyvovpe Tic ouvtetaypéves (x,y) Tou

ONAGVOLY TO xeEVTEd pixel Trg megtoyY|c Tng oBEVNE TOU XOLTdEL 0 YENGTNG. DUYHEXPWEVA,
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v o optl 6vT pixels €youpe

MAX WIDTH
T =
2

+dz

(4.5)

pLag xon To dy SNAGVEL THY PETUTOTIGY) amd T1 péon) Tng oBdvyng, eved Yol To XATaxXOpUp

pixels €youpe

y:dy

ool o dy OMAGYEL TNV XATOXOEUOT, PETOTOTION and To Uoc TG xdpeus.

aryopibpous 1, 2 guivovton avohuTing ot UTohoYIoPOL TV (X, Y).

(4.6)

>IToug

Algorithm 1: Tnoloyiopdc tou

Outputs: x ;

Inputs: ¢,t.,1; ;

Parameter: MID HOR_PIXEL=620 ; // Middle Horizontal Pixel
Parameter: MMs_PER_PIXEL=0.3647 ; // Milimeters per pixel (ratio)
if t; < 0 and ¢ > 0 then

dy = —to +tstan (¢) ;

2 =MID HOR PIXEL-d,/MMs PER PIXEL;

else if t;, < 0 and ¢ < 0 then

de = tztan (¢) ;

x=MID HOR PIXEL+ (to —d.)/MMs PER PIXEL;
else if t; > 0 and ¢ > 0 then

de = —tstan(¢) ;

x=MID HOR PIXEL+ (to+d.)/MMs PER PIXEL;
else if ¢, > 0 and ¢ < 0 then

ds = to — - tan(¢); ;

x=MID HOR PIXEL+d;/MMs PER PIXEL
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Algorithm 2: Tnoloyiopéc tou y

Outputs: y ;

Inputs: 0,1,,%, ;

Parameter: MMs_PER_PIXEL=0.4105; // Milimeters per pixel (ratio)

if t, <0 and 6 > 0 then

e

e

e

dy = tztan (0) — ty ;

y =dy/MMs_PER_PIXEL;;
Ise if 1, <0 and 6 <0 then

dy = -t tan (—0) ;
y=dy/MMs_PER_PIXEL;
Ise if £, > 0 and 6 > 0 then

dy = —ty — t; tan (—0); ;
y=dy/MMs_PER_PIXEL
Ise if Z,, > 0 and 6 < 0 then

dy = —ty +1t;tan(—0) ;
y=dy/MMs_PER_PIXEL;

4.3 Aoyouxd eQapoYAS

‘Ohor T GTadLW TNG TOEOMEVE EQPUEROYHE UAOTOWINXaY GT1) YAGGGU TROYLULPUTIOLOU

CH+, extdg amd Tnv exnuldEUGT) TOU TROTEVOUEVOU BiXTUOU Tou €Ytve 611 YAwooy Python.

Enoéytnue 1 yiooou CH+, xadde mépay amd Ty euaToyin TwY PETENoEWY, Budind xerthplo

ATV %O 1) T UTNTOL EXTEAEGTS.

Apywd, yw v mpoenelepyucion Twv OSO00UEVWY TOU  oVUQERUUE OTO  XEQEAoLO 2

yenoyonotitnay to epyoreia OpenCV (18] xor DIib [13]. Xtny nopeiu, péaw tne Senouprc

neoyeoppatiopol! tou PyTorch (C++ API), gopticupe 10 exnandeupévo poviéro otnv

eguppoyr. Téhoc, yenowonocape 1 BiBhotha SDL? dote va gtidZovpe éva ypupind

TepBdhoY To 0Tolo Vo UTOTUTKOVEL TO GTEID TOU XOITEEL O YERoTNSG aTnY ovddvn.

O »&0uog TNE Topamdve spuepoyTc Peloxetu 6To Github?®.

Lhttps://pytorch.org/tutorials/advanced/cpp__export.html
Zhttps:/ /www libsdl.org/download-2.0.php

3https://github.com /caxelos/MPllGaze/blob/hpc-code/webcam face pose ex.cpp


https://pytorch.org/tutorials/advanced/cpp_export.html
https://www.libsdl.org/download-2.0.php
https://github.com/caxelos/MPIIGaze/blob/hpc-code/webcam_face_pose_ex.cpp

Kegdhawo 5

ITewpdppotar xow AToTEAECUATA

Y10 wegpdrao autd VYa afohoyricoupe Tov akyderduo ResNet-20 mou ovarboope oto
HEQUAUO 3 %ot Vot GUYHEIVOUPE TNV TROTEWOUEYT AUOT) LUg UE TIC TO TROGQUTES AUGELS TNG
Bihoypagiog. O uxoloulficoupe Tov B0 TedTo aordynone pe to [9] xar Yo xdvoupe
yehon twy Bdoewy oedopévey MPIIGaze [9] xor UT Multiview [7]. Ané to MPIIGaze
hopBavoupe 45,000 tuyaio Sebypoto, 3000 and xdde cuppetéyovia (15 cuppetéyovteg).
Aré 1o UT Multiview hopfdvoupe 64,000 tuyoio Sebypata, 1280 avd cuppetéyovto (50

CUPHETEYOVTES).

5.1 Bdoeic osoopevwv MPIIGaze xouw UT

Multiview

Hopoxdtey  Mepypd@oupe  avohuTixd  TOV  TEOTO  GUAROYHC TV OEDOUEVGY  TOU
YENOWOTOWGUPE Yiol TO GTAOW0 TNE EXTOUOEUCTE »at TNS OZlOAOYNONG.  LNPEWGVOUPE
TS T OEOOPEVY TwY BACE®Y quTGY Oev eivor Tor TEAXE SEB0UEVH TOU YETCYLOTOW|COUE,
XS EQUEPOCUPE TAVG OF QUTE TEOETELEQYUSIN UE YENAOT TOU PETUGY UATIGUOD Tou

UVUPECUPE GTHY EVOTHTY 2.3.

5.1.1 UT Multiview

H Bdion Sedopévev UT Multiview 7] amotehet pa Bdan and Sedopéva mou amoxThtnxay ot

epyacTeumEs cuviixeg. Tlegiéyer dedopiva ta omolor GUALEY Iy amd B0 GupUETEYOVTES

24
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(35 dvbeee, 15 yuvaixeg), nhudog 20 péyer 40 etov. Kotd tn Sdpxeia quloyhc Twy
DEDOPEVWLY, TU UEQUALL TWY CUPPETEYOVIWY ATV GTELEMUEV xot amelyoy po oTodeey
andcTocy 60 exutoctov and o otdvn LCD. I'lpw and tnv oddvn unheyoy GTECEGPEVES
oyt 1.3 megapixel, PointGrey Flead USB3.0 xdpepeg, oL onoleg fitay cuyypoviopeves and
Evay UTOAOYIGTH GGTE Vo APBAvouy Tautdypove putoyeaoies (ewdvee 1, 2 oto [7]). Tlew
™ M poToyeapuey, Eyel Tpornyniet pllpion TWV ECWTESXGY X EZWTEGOY TULUIETEWY
v xdde évo ouppetéyovta Tou UT Multiview (calibration of intrinsic and extrinsic

parameters).

H oulroyh tov 8edopévev éywve ¢ e&fic. Ot GUUPETEYOVTEC EMPETE VU XOLTAVE pid
©oLXEOH 5TV oVOVT), 1) ool avé xdmowo Yeovind SwioTra dhhale Véon Tuyada. O Afdex
nde wdpepug hopPBdvovtay ut'elny we Zeywestd detypa. Térog, or yovieg xutebiuvong

Bhréppotog xupoivovtay ato elpog [—25°, +25°] opldvtio xon [—15°, +15° xataxdpupa.

5.1.2 MPIIGaze

H Bdon Sedopévev MPIIGaze [9] anotelel pro fdor and Sedopéva mou anox iy oe U
eoyuoTnedEs auvifxee (in-the-wild). Avtideta pe to UT Multiview, otédyoc €86 etvon 1
Ontoueyla plag Bdong amd dedopéva mTou GUAAEYDnxay uTo BrapopeTnée cuvITxes peTulld
toug. [ oawtdy 10 AdYo, 1) GUALOYY| BEBOPEVGY DIEXNCE UeXETH DIIGTNPY, omd VLl
PEQEC WG TEEIC PAVES Vi PEREWOUS GURUETEYOVIES, (OGTE VO XUAUTTOVIUL Ol DLPORETINES
SUVITMES GUALOYTIC DEBOPEVLY, OTwS 1) Tomodesta, 1 R, 1) PWTEVOTTY, UG XL OL

O poEOTOLGELS Tou (BloU Tou puTtol.

Tow Sedopevar e auThY TNV TERITTOGT GUAAEY ey amd TIC XHUECES TwV ATTOT TV
CUPPETEYOVTOY %UTd Tr) Oexetor TG Pepug.  2.To Admtom xdide GUPPETEYOVTO UTHRYE
EYNUTECTNUEVY P10l EQUEPOYY) TOU ETPEYE GTO TUQUOXNVIO xou avd O0éxa Aemtd {nroloe
and TOUC YEHOTEC VU XOTAZoUY pia GEd omd elxoct xouxxideg ot Tuydda onueia TNy
odovr. O yovieg xatedluvone PAEppatoc xupaivoviay 6To eipog [—18°, +18°] optl6VTu

xon [—1.5°, 4+20°] xotodpug.
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5.2 A&woloynon puedodwy

Ou TpayPUTOTOGOUPE Telo eidn allohoyRoewY. MTNY Te®Tn, 1 exnaidcuon yiveton pe 64,000
oyt Sebypota e Bdone UT Multiview [7] xon 1y a&tohdynan pe 45,000 tuyoto Sebyporo
¢ Bdone MPIGaze [9] (cross-dataset evaluation). Ytn Seltepn, yenowponowiue povo 1
Baon dedopéveoy MPIGaze o e&etdloupe xdle cuppetéyovia EEyweioTd 6To OixTuo Tou
£yeL exmoudeuTel Pe SEBOPEVY UTtd TOUG UTOROLTOUS BEXUTEGGERELS GUUNETEYOVTES, pe 3,000
Setypoto and tov xodéva (leave-one-person-out). Téhog, mpoypatonowlpe allohdynon
TOEOPOLL UE T1) OEUTERT), POVO TOU QUTAHY TN QOEd T DESOPEVH EXTUDEUGTC OEV TROEEYOVTAL
Ond TO UTOAOLTY OEXUTEGTERY dTOPM, UAAG amd To (810 To dTtopo mou edetdleton wdlde opd
(person-specific validation). Emnedoieta, xdvovpe pro abinen ythimy devypdtewy péco 6po

avé dTopo oe oyéor pe To BelTEpo Gevdplo (Guvolxd avd dtopo 4,000 Selypata péco 6po).

[ v wdrohdynon umohoyiloupe T0 UEGO EUXALDEID GRIAPL GAWY TV OEryudTwY, OTwS

goivetor otov tono (5.1)

N ng ng At At
Zizl \/(gzs;()ged - ¢,§a>7«get)2 + (ei)ged - ergcgrgety
N 9

mean test error = (5.1)

OTOU Ppred; Opred EvVor o Yovieg BAEppatos ou TeoBrEDae X Grarget, Dtarget OF TEOYLATIXES

ywvieg PAéppato, evéd To N exppdlet Tov aprdpd Ty Serypdtov alordynong (test samples).

Téhog, ot uneprapdpcteol exnaldeucng mou yenowoTotfinxay xat oto Telo cEVdeL
aZloAdYNoNG Tou avagépape patvovton 6Tov Tivaxa 5.1, Metd and peteficewc, otny tepintwon
Tou cross-dataset evaluation 1 BEATIoTn T Tou peyédouc cwadiou (batch size) eivor
32, ouétL undigyet Yeydro ThRlog Bedopdvmy EXTUBEUCTC GE AUTHY TNY TERInTOGT). MTNny
nepintworn Tou leave-one-person-out evaluation, w¢ Béitiotoc apripdc Tou peyédoug
cwadlou utoroyicTixe To 16, evéy oty TepinTwer Tou person-specific evaluation outé
telne (oo pe 4, wog xow TNy TeplnTwor auThY To dedopéva exTuldEUGTS ATUY TOAD
My &TEpaL OE Gy EaT UE TIC AAAES 000 adohoyrioes. Téhog, o apripdc Twy emoydy avd geviplo
aZloAOYNoNG Otpépel. Ye OAEC TIC MEPIMTOGELS 0loAdYNoNe, GUVEYIlaue TNV exnuideuoT,
€og dTou maputnenlel ohyxhon oto péoo cpdhpo (mean test error). To péoo oedhpa

unoloyileton and Tig TeEheuTaleg b EMOYES amd THY TR Tou EEXIVAEL VoL UTHPYEL GUYXALDY).
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hyperparameters Cross-dataset  Leave-one-person-out  Person-specific
Evaluation Evaluation Evaluation
Batch size 32 16 4
Epochs 40 25 30
Initial learning rate 0.0001 0.0001 0.0001
Every 10 epochs: | learning rate/10 learning rate/10 learning rate/10
Momentum: 0.9 0.9 0.9
Optimizer: Nesterov Nesterov Nesterov

ITivaxag 5.1: O umepnupdpeteot extaidcuang Tou teotewvdpevou dutiou ResNet-20.

methods mean stagd@rd

error  deviation
Regression Forests [7| (2014) | 15.4° 4.5°
Mnist Net [8] (2015) 13.9° 2.5°
GazeNet [9] (2018) 9.8°  2.4°
ResNet-20 (ours) 12.45°  2.21°

IMivaxag 5.2: Exnuideuon poviéioy oto UT Multiview xa aZtordynon oto MPIIGaze
(cross-dataset evaluation). Ot Tyéc expedlouy T0 Péco GIALL xon TNV TUTIXT UmdxAon
avapecu oToug 15 cuppeteyovieg Tou MPIIGaze.

5.2.1 Exrnaidocsuon CTO uT Multiview WOl

allohoynon oto MPIIGaze

Apyind Va xdvoupe Ty exnaideust) Tou povtérou pe 64,000 Setypata and to UT Multiview
xon Oor eréyZoupe TV suaToyio Tou poviéhou pe 45,000 Selypoto and o MPIIGaze
660V

(cross-dataset evaluation). H negintwon auth anoteiel to Suaxoldtepo Geviplo

apopd TNV eucsToyly TV TEoBAEdenmy. MTov mivoxo 5.2 guivetur To péGo GOIALY GAwY
TV ouppeTeyovioy tou MPIIGaze, evey otnv ewdva 5.1 guivetor T0 péco oqdipa
x&e ouppetéyovia tou MPIIGaze. Eve to péoo ogdipe tou ahyopibpou pag (12.45°%)

elvol pXeOTERO amd TO AVTIGTOL(O TV TECIOGOTENWY pelddny Tne BYbhoypupiag, eivor

peyohitepo xotd 21.3% tou GazeNet [9] (9.8°).

v oTO

5.2.2 A&wAdbynon CUUUETEYOVT

MPIIGaze

Y ouveyew, do meaypatonotfooupe petprioeg oto MPIIGaze, yencwonowsviag tny

leave-one-person-out afohdynon ce 45,000 OSetypora. M xwdde Prpo Vo efetdleton
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Mean error per participant. Train on UT Multiview. Test on MPliGaze

175+ EEE Resnet-20 [ours)
B GazeNet (best)

15.0

1251

10.0 4

7.

5.

2.5

o . . - I | _
poo po1 poz po3 po4 pos poG po? pog poa pio pl1 p1z pl3 pl4

Participant

Mean error (in degrees)

o
L

5

(=1

ExAune 5.1: Exrnoideuorn povtéhey oto UT Multiview xor afioréynon oto MPIIGaze
(cross-dataset evaluation). Ou twéc exopdlouv To péoo codhpe xuldevog and toug 15
cuppeteyovieg tou MPIIGaze.

mean standard

error deviation
Regression Forests (7| (2014) | 6.7° 0.7°
Mnist Net [8] (2015) 6.3° 0.6°
GazeNet [9] (2018) 5.5°  0.5°
ResNet-20 (ours) 6.95° 0.65°

methods

ITivaxoag 5.3: Exnoideuon xar afiohbdynon poviéiev oto MPIIGaze, dnou »die gopd
aZiohoyoUpE €val dTopo oE OixTuo, Tou EyEl exTAdEUTEL PE OEBopEVO TWV UTOAOITGLY
dexutecadpny atduwy (leave-one-person-out evaluation). Ov tiéc exgedlouv to péoo
codha xor TNV TUTX amdxhion avdpeca otoug 15 cuppetéyovreg Tou MPIIGaze.

EVOg CUPMETEYOVTHS ot To OixTuo Vot Extondeletor and TOUC UTOAOITOUC BEXAUTEGTEQELS.
To ouyxevipotnd anoteréopota @oivovior otov mivaxo 5.3. Xtny mepintworn auth o
oaAyoerlpog pog Bev xoTapEpveL Tal ERWIUPNTE OMOTEACCUUT, WG X0t TO PEGO GQUAU
etvor apxeTd vlnAd (6.95°) oe oyéorn pe To avticTowa cedhipata Ty aryoptiuwy Tng

BBhoypapiog.
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Mean error (person specific). Train and Test on MPlIGaze

po3 po4 pos posG pa? pos poa bw bll bl? . .;!13 . pl4 . pl1s .

Participant

7| HEE Resnet-20 (ours)
W GazeNet (best)

po1 po2

Lo 5.2: Exnoddevon xou -xilo)\é‘]-*nr:n HOVTEAGY PE s?»r;pévf:z anod 1o B dTopo Trg
Bdonc MPIIGaze (person-specific evaluation). Ot tiéc exgpedlouy o péoo oodipe xudevog
an6 toug 15 cuppetéyovree Tou MPIIGaze.

Mean error (in degrees)
w = L o™

(V]

(=

(=]

5.2.3 A&wAoynon XL exnaidevon AV
ovppeteyovia oto MPIIGaze

’

Tehog, npaypatonowoipe yetpnoeg oto MPIIGaze érwg oty evotnra 5.2.2, pe tn Swpopd
6Tt ot quTHY TNV TepinTwon Ta dedopéva exnaideuong Tpogpyovtar and To (610 To dtopo
mou aZlohoYOURE xon Oyt and T dexatéooepa undhouny dropd (person-specific evaluation).
Suyxexpéva, yenoyonowipe tny oordynon J-fold cross wvalidation, pe to 80% twy
dedopévewy var anoteholy tol dedopéva exnaideuone xon to 20% to Sedopéva adlohbynone.
To peoo opdipa xadevog ocuppeTEyovia guivetar oTo oy 5.2. Ye quthyv Ty nepintwon ol

’ ’

Jerg ebvor cagang mo elxokes, xalde Téo0 1 exnoideucy 660 xat o EAeyyog YivovTon

(r} -

-
TROPA
pe Sedopeva and To B0 dropo wévo. o160 1) ETBOCT TN HEVODBOU oG UNEYEL HPXETH U0

v enidoon e xohltepng pedddou (GazeNet [9]) oto ceviplo autd.

5.3 XuumepdouaT

Or apywée extyfoeg Atay 1 oamoxTAon [og ehagees xohitepng enidoang ot oyéon pe

T T pOTEL‘zU[i EVEC ie] /ITC)’TUVU’ s ]J'])!\U)"""'ir.l)tf){\_ /‘U"f() TWY LOVOTIOTLC oV TE"JEC\’XVJ[J[]JI]C nou
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SroréTouv To dixtua ResNet, sordog xon tne weavétntag Toug va eCalelpouy ot peydho Baldpd
TO TEOBANU TNE GYEOOY PNOEVIXAE SVUVEWGTE TGV BUomy GTA 0y 1X8 GUVEAX TG GTEMUATY
(vanishing problem). 261600, e xavéva and to Tela cevdpia aliordynang dev Eenépuoe
1 mpoteEvOpEVn pélodoc Ty xullTepr) enidoo Tne Pifloypupluc, Tupdlo ToU GTO GEVEELO

¢ cross-datasel afloAdyNoNC Shy e P GEXETE xaAY) ET0GT.

O teeig pédodor adtohdyneng otny evétnta 5.2 pag €6etiay 6Tt 1) EniBOGT) TOU TPOTEVOPEVOU
Otlou euptdton omd To eidog tng aflordynong mou oxoloutolpe.  H meotewvduevn
pétodoc ResNet-20 éyer xohbtepu anoteréopoata 6To TpdTo oevdplo (cross-dataset), 6nou
1 EXTUOEUGT) X0l 1) AIOAGY IO YIVOVTUL GE OLUPOLETINES [3GEL DEDOPEVLY, EVE GTU GEVEELY
atordynone leave-one-person-out xon person-specific, 1 enidocn 0eV ATAV 1] AVOUEVOUEVT).
‘Evag and toug mbavols Adyoug tng xokltepng enidoong 6e authv TNy Tepintwon ebvar To
peydho mhftoc dedopévey exnaibeuang Tou undeyer 6To cevdplo autd (64,000 Betypata) oe
oyéon to dahe SO0 cevdpta (42,000 Setypata oto ceviewo leave-one-person-out xan 1,250
Setypoto avd dropo oto cevdplo person-specific). H apyrtextovind mou yenoylonotioue
SwrdéTer peyohitepo Baoc o Gyfom Pe TIC UTOAOITES ooy TeXToVixéS Tne PiSAoypupiog.
Enopévec, etvor morld mbdavo va yeetdletar TeplocdTeps SEBoPEVEL YioL VoL DOGEL XUADTERH

UNOTEALGPATY OE GYEOT) e Tig petddoug g Bihoyaplog.



Kegpdhowo 6

EniAoyoc xau MeAhovtixr) AouvAeld

Yy epyacia pog doxpdotrne 1 pédodoc ResNet-20, n omolo mpoéxule énerta amd
TELCUPUTICPLOUEC Ve GE Btdpopeg Tugopeteoug Tou dixtiou ResNet. Ilupd to yeyovdg
OTL TO TEOTENVGUEVO BixTuo dev méTuye TNy emviupnTy enidoon oTic aloroyroe leave-one-
person-out xuL person-specific, iye afloonpeinTn enidoon oty aloldynor cross-dataset,
6VTaC To BiXTUO Pe To BelTERO UxpdTERD PEGO Gudia oTr BiBhoyeapia, (oo pe 12.45° (BA.
nivoxa 5.2). Puowd UTdEY 0LV UEXETOL oOPT) TORSYOVTES 1| TEYVIXES TIOU DEV SONYICUIE
oto Thalowr TS OImAwpaTing cpyuciug, ot omolot dpwe Vo progoloay vor auiRcouy TNy

enidoaT). TN GUVEYEW ToeUUETOUPE PERIXES Umd TI OXEPELS PUC TEVE OF QUTO TO XOPUATL.

Apyind pmopolue Vo TELWUUAUTICTOUPE PE YUMol SWIQOPETIN dEYITEXTOVIXY SwTOoU 1)
©dmotov GAho aryberipo pyavinrc padnone. Apxetd agidroyo gaivetar To Sixtuo ResNetXt
25], o onolo Suveileton otovyeia und to dixtua ResNet xon VGG [26]. Xto dixtuo autd, éva
%0pto povoTdT unopet va Srjutoupyioet povordtia-tapakAdow to omolu eite adpoilovton eite
ouyyevetovtor petall Toug (cardinality increase). Axoloulet Tnyv npocéyyion network-in-
neuron, 6tou avTixadoTUTuL TO GUUBATING ECWTERING YWOUEVO PETAUZD E1GE0WY Xt Bupdy
eVOC GTPOPUTOS UE TO YVKGTH pmiox Twv dwtiny ResNet [11] (bottleneck exboy7), 1o
omoio epuppdletar ot xdle povondti-ntopuaddl. Télog, yenowonoel cuveriec pe piktou

mou €youv Bieg petadd Toug SLo TAoEL, OTwe Yiveton dnaadt xar aTto dixtuo VGG.

AN Lol ohAory ) ToU TapoUGHELEL UeXETS EVOLPEROY ENVUL T} LETUTOOTH TOU TEOBAAPUTOC 0T
TeoBhnuo mpooéyyiong (regression) oe npdBinpe tabivdunong (classification). Autéd unopet

VoL YIVEL PEGe EVHE VEUPWYIXOD B TOOL ToU EXTEAEL TUEVOUTON %ot GTO TEASUTHIO TOU GTEOUY

31



32

Oev xuAel amAGS TNV softmar Tou AMOXEUTTEL UEXETES TANEOPORIES GYETIXG UE TNV TEAXY
neoBheln, wd yenoyonoet Tny teyvudh ordinal classification [27], n omolo avtipetoTilet
Eva TEOBANuY TeocEyYiong ¢ Tedrnua Taivdpnons. Tétow Sixtlo anotehel to [28]. T
nopdderype, vt 1 Z660¢ Tou Suthou v etvar pla Ywvia, propolus va VEwphooUPe TNV
€2000 ¢ Eva DLavVUGPY U YEITOVXE E0QT] YWVIGY. 2TY0¢ Tou diTlou etvor vo TpoShédet

g€ ToLd UPOC YOVLGY VAXEL 1) YLV Tou Py VoulE.

Téhog, ooy agoed To SEBOPEVU EIGHO0U, UTOROUNE VU TOUYUUTOTOGOUUE Emtnpbcaieteg
aAAYES, oL omoleg ToAD Guy VY Eyouy xuAlTEpw amoTersopota. o mapdderypa, progel vo
YIVEL 1) ETHAOYT| HATOLOU GAAOU PETUCY NPATIGROD TeY DEBOPEVLY VT auTo) Tou EYWVE 6TV

EVOTNTOL 2.3 %0l To DEDOPEVEL Vi EVOL XUTUVERNPEVOL TO OPOLOLOLOAL.
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