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Euqgarist-ec

Ja jelanaeugarist sw prwt-stwc kai kur-wc ton Kajhght Pttro Maragk , gia thn
anellip bo jeia tou kaj Ih th di rkeia ekp nhshc thc Diplwmatik c. Qwr-c ta suneq
sq lia, tic e stogec sumboultc kai tic diarke-c sunant seic, to tax-di thc Diplwmatik ¢
de ya tandi lou e kolo kai epitughmtno.

Sth suntgeia, Ja jela naeuqarist sw idiaittrwc ton Gi, rgo Paul ko, gia th suner-
gas-a mac sth di rkeia thc Diplwmatik c, qwr-c ton opo-0, h enasq Ihsh me ton tomta thc
trisdi stathc anakataskeu ¢ anjrwp-nou s,matoc de ja tan kaj lou e kolh.

Teloc, Jja jelanaeuqarist sw ton sumfoitht mou Kle nyh Abram-dh, gia th suner-
gas-a mac, par Ilhla me thn ekp nhsh thc diplwmatik c ergas-ac, all kai gia th bo jeia
kai tic qr simec sumboultc tou gia thn -dia th Diplwmatik , kaj Ih aut thdi rkeia.






Abstract

This thesis studies the most prominent 3D methods for the reconstruction of the body,
face, and hands from a single image while applying these tools in the problem of Isolated
Sign Language Recognition. Sign Language Recognition is a complex visual recognition
problem that combines several challenging tasks of Computer Vision due to the necessity
to exploit and fuse information from hand gestures, body features, and facial expressions.
After analytically studying the state-of-the-art methods for 3D reconstruction, and the
technique used for confronting the task of Sign Language Recognition, we employ SMPL-
X a contemporary parametric model that enables joint extraction of 3D body shape, face
and hands information from a single image. We use this holistic 3D reconstruction for
SLR, demonstrating that it leads to higher accuracy than recognition from raw RGB im-
ages and their optical flow fed into the state-of-the-art I3D-type network for 3D action
recognition and from 2D Openpose skeletons fed into a Recurrent Neural Network. Fur-
thermore, a set of experiments on the body, face, and hand features showed that neglecting
any of these, significantly reduces the classification accuracy, proving the importance of
jointly modeling body shape, facial expression, and hand pose for Sign Language Recogni-
tion. Finally, some experiments with Depth Estimation are conducted, while an analytic
comparison between SMPL-X and ExPose is also made.

Keywords: 3D Computer Vision, 3D Body, Face, and Hands Reconstruction, Isolated
Sign Language Recognition, SMPL-X, ExPose






Abstract

Aut h diplwmatik ergas-a melet tic pio s gqronec trisdi statec mej douc gia thn
anakataskeu s,matoc, pros,pou kai geri,n ap mia apl eik na, en, par Ilhla efar-
m zei ta ergale-a aut sto pr blhma thc anagn, rishc nohmatik c¢ gl ,ssac. H anagn, rish
nohmatik ¢ gl ,ssac enai tha s njeto optik pr blhma anagn, rishc pou sundu zei pol-
ILc ptugtc thc rashc upologist,n, I gw thc anagkai thtac na sunduaste- kai na exaqje-
plhrofor-a t so ap ta gtria kai tic ekfr seic tou pros,pou, all kai ap ol klhrh th
swmatodom . Afo melethjo n analutik oi state-of-the-art mtLjodoi gia thn trisdi stath
anakataskeu kaj ,c kai oi tegniktc pou grhsimopoio ntai gia thn antimet, pish tou prob-
I matoc anagn,rishc nohmatik ¢ gl,ssac, epistrate oume to SMPL-X, tna s gqrono
parametrik monttlo pou epitrtpei thn exagwg arjr,sewn gia to trisdi stato anjr,pino
s,ma, ta gtria kai to pr swpo ap mia eik na. Qrhsimopoio me aut to olistik monttlo
gia thn anagn, rish nohmatik c gl,ssac, de-gnontac ti odhge- se uyhl terec epid seic
ap apltc eik nec maz- me thn optik touc ro tan d-hontai san e-sodo se state-of-the-art
I3D-t pou neurwnik d-ktuo, all kaiap disdi stato Openpose skelet tan dnetai san
e-sodo se tna Recurrent neurwnik d-ktuo. Epiplton, tna s nolo ap peir mata p nw sto
s,ma, sta gtria kai sto pr swpo, de-gqnoun ti h par leiyh opoioud pote ek twn tri,n
kanali,n plhrofor-ac, mei,nei shmantik to posost anagn,rishc, apodeikn ontac ttsi
thn shmantik thta thc sunolik ¢ parametropo-hshc tou anjrwp-ou s, matoc, thc tkfrashc
kai twn geri,n sto pr blhma anagn, rishc nohmatik ¢ gl ,ssac. Ttloc, merik peir mata
me ekt-mhsh b jouc pragmatopoio ntai, en, g-netai kai analutik s gkrish metax twn
montt lwn SMPL-X kai ExPose.

AéEerg-KAerdrd: Trisdi stath rashupologist,n, Trisdi stath anakataskeu pros,pou,
geri,n kai s,matoc, Anagn, rish Nohmatik c Gl ,ssac, SMPL-X, ExPose






Ektetamtnh Per-Ihyh

0.1 Trisdi stath Anakataskeu anjrwp-ou s, -
matoc gia anagn, rish nohmatik c gl , ssac.

Sthnen thta aut , perigr foume th diadikas-a me thn opo-a, to proanaferjtn ergale-o
SMPL-X [56] ja Fane- exairetik qgr simo sto pr blhma thc anagn, rishc nohmatik c gl , s-
sac. Parousi zoume thn tegnik mksw thc opo-ac mporo me na kataskeu soume SMPL-X
garakthristik , en, par Ilhla anaftroume problhmatiktc peript, seic tou SMPL-ify al-
gor-ymou. Sth suntgeia, or-zoume thn peiramatik kataskeu , dhlad tic argitektoniktc
twn monttlwn, tic up loipec mej douc paragwg c qarakthristik,n kai tic paramttrouc
ekpa-deushc. Ttloc, parousi zoume ta apoteltsmata twn peiram twn mac kai axiologo me
tic tegnikkc pou grhsimopoi same.

0.2 Ap toSMPL-X sthn Anagn, rish Nohmatik c
Gl ,ssac

To SMPL-X enai tna trisdi stato monttlo anakataskeu c anjrwp-nou s, matoc, qger-
I,n kai pros,pou, ikan na dieukol nei thn an lush twn anjr,pinwn pr xewn, epikoin-
wni, n kai sunaisjhm twn. Basiz menoi se aut , enai logik na ekmetalleuto me aut to
ergale-o se tna pr blhma pou apaite- analutik kai leptomer c anapar stash tou anjr-
wp-nou s, matoc, pros, pou kai geri,n, dhlad to pr blhma thc anagn, rishc nohmatik c
gl ,ssac.

Par lo pou to SMPL-X mpore- na anakataskeu sei me pol meg lh akr-beia ton n-
Jrwpo se mia sugkekrimtnh akolouj-a eik nwn, o ap,teroc st qoc enai h anagn,rish
twn nohm twn stic akolouj-ec auttc. H k ria prosdok-a ehai ti h gamhl ,n diast sewn
parametrik anapar stash tou SMPL-X ja enai arket gia na aigmalwt-sei th pleioy-
hf-a thc plhrofor-ac pou metad-detai mtsw en ¢ no matoc, dhlad thn p za tou qgerio ,
tou anjrwp-ou s, matoc kaj ,c kai twn ekfr sewn tou pros,pou. H ikan thta aut tou
SMPL-X prtpei na to kajist mia pol apotelesmatik endi mesh anapar stash gia thn
anagn, rish nohmatik ¢ gl ,ssac. Pio sugkekrimtna, to SMPL-X pa-rnei k je tna RGB
frame en ¢ bnteo kai anakataskeu zei ton njrwpo sto frame aut epistrtfontac 88
paramttrouc pou antistoigo n sthn anakataskeu aut . Epomtnwc, k je bnteo isod -
nama k je n hma, metatrtpetai se mia akolouj-a ap vectors m kouc 88. H akolouj-a
aut twn SMPL-X paramttrwn pou ektenete se la ta frames en ¢ no matoc, mpore- na
grhsimopoihje- san e-sodoc se tnan classifier ,Ste na katat xei to n hma se m-a ap tic
diajtsimec kathgor-ec. To sq ma 2 optikopoie- th diadikas-a h opo-a akolouje-tai gia th
paragwg thc akolouj-ac twn vectors, dedomtnou en ¢ bnteo.

To sq ma 2 1 d-nei tna s nolo ap eik nec maz- me thn SMPL-X anakataskeu touc,
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0.2. Ap to SMPL-X sthn Anagn,rish Nohmatik ¢ GI,ssac 12

Figure 1: Par deigma ap thn trisdi stath anakataskeu tou anjrwp-nou s,matoc, twn geri,n
kai tou pros,pou mtsw tou SMPL-Q mtsw diaforetik ,n gwni,n, gia tna RGB frame to opo-o
fa-netai sto p nw mtroc.
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0.3. Peiramatiki Méroc 13

Figure 2. H argitektonik pou grhsimopoi jhke gia na paragjeb h akoloujba api garakthristik”
gia éna bbnteo pou periégei nohmatik gl ssakai Ostera na qrhsimopoihjeD gialassi cation.

,ste na gbnoun katanoht™ ta leptomer apotelesmata pou paréqgei to montélo toSMPL-
X. Prigmati, to montélo auti mporeb na anakataskeu“sei me ep’rkeia tiso th dom tou
gerioO iso kai tic leptomeéreiec tou pros,pou, ektic fusik™ tou Bdiou tou s, matoc , sto
perib’llon thc nohmatik ¢ gl ssac , gegonic pou ja apotelései kOrio garakthristiki gia
mban epitug anagn,rish

0.2.1 Problhmatikéc peript,seic kai Qrinoi ekteéleshc

Parilo pou to SMPL-X prosféerei arket™ pleonekt mata , gr sima igi mino sto pri -
blhma thc anagn,rishc nohmatik ¢ gl,ssac all” genikitera sto toméa thc anagn,rishc
energei,n, ergetai kai me k“poia meionekt matarqik™ , sugkritik™ me “llec trisdi"statec
mejidouc anakataskeu ¢ s,matog geri,n kai pros,pou , ipwc to HMR [34] to ExPose
[15], ebnai arket™ pio argi Ligw thc beltistopoihtik ¢ diadikasbac pou akoloujeb, h
anakataskeu mino miaRGB eikinac grei"zetai perBpou ena lepti me th gr sh miac koin ¢
GPU. To gegonic auti, periorbzei shmantik™ th mejodo aut api to na anabajmisteb se
real-time efarmog . Apithn llh ,to SMPL-X kai o SMPLIify-X algirijmoc ePnai pijan,c
h pio leptomer ¢ kai akrib ¢ méjodoc anakataskeu ¢ To sq ma 3 parégei mia sOgkrish
se grino kai ekfrastikithta metaxO twn HMR,ExPose kai SMPLify-X.

Api thn 7llh , o SMPLIify-X algirjmoc grhsimopoieb to disdi"stato skeleti tou
OpenPose [11, 12, 66, 7d]a argikopobhshParadixwc, itan oi gofob apousi“zoun api thn
eikina, to opobo ebnai kai to pléon sOnhjec sto toméa thc anagn rishc nohmatik ¢ gl s-
sac, o algirijmoc argikopobhshc apotugq™nej me apotelesma o algirijmocSMPLIfy-X
na mh mporeb na elaqistopoi sei thn sun“rthshc sflmatoc Auti éqei wc apotelesma
thn anakataskeu \ter"twn ", antb gia th leptomer c trisdi"stat anapar“stash tou an-
jrwpbnou s,matoc To sq ma 4 debgnei merik™ paradebgmata ipodMPLify-X algiri-
jmoc apotugq nei na anakataskeu’sei epitug,c to anjr,pino s,ma, to priswpo kai tic
geironombec api nkR&B eikina.

0.3 Peiramatiki Méroc

Miac kai o stigoc mac ebnai na test'roume thn ikanithta thc proteinimenhc mac meji-
dou na par“xei ikanopoihtik anakataskeu trisdi"statou pros,pou , geri,n kai s,matoc ,
periorbzoume thn mejodo mac se mh suneq anagn,rish nohmatik ¢ gl,ss&tsuneq c
nohmatik gl ,ssa periégei suntaktik kai glwssologik dom pou xepern” ta iria thc
doulei"c autc. Auti shmabnei iti aporrBptoume api touc peiramatismoOc, rhzseic
dedoménwn ipwc eBnaRWTH-PHOENIX-Weather 2014 [38] kai h SIGNUM [76] pou

13



0.3. Peiramatiki Méroc 14

Figure 3: SOgkrish metaxO twn tri,n state-of-the-art mejidwn gia thn trisdi’stath
anakataskeu anjrwpbnou s mato¢ dhlad to HMR, to SMPLIify-X kai to ExPose. Eikina
api to [15] Supp. Material.

Figure 4: Peript seic apotugbac tou SMPLIify-X ligw thc argikopoi shc tou Openpose,itan
apousi“zoun oi gofob api thnRGB eikina.

apoteloOntai api oliklhrec prot’seic kai igi memonwmeénec léxeic Antb autoQepiken-
trwnimaste sthn Greek Sign Language Lemmas Dataset (GSLL) [43, 72], h opoPa
apodebgjhke idanik gia ta peirmata madl MS-ASL [74]b"sh dedoménwn apotelebte api
222nohmatistéc se exairetik™ enallassimena perib’llonta, k'ti pou k™nei ta th sOgklish

twn Conv3D diktOwn idiaitérwc dOskolh Gia na progwr soume se mia pio dbkaih sOgkr-

1H b"sh aut mporeb na brejeD sto sOndesmiattps://robotics.ntua.gr/gsll-dataset

14



0.3. Peiramatiki Méroc 15

ish metax@BD anakataskeu c¢ kai3D suneliktik,n diktOwn, epilégoume thrGSLL b"sh h

opoba apotelebte mino api dOo nohmatistéc3kdidiaforetik™ no mata (kl"seic ) se éna
sOnolo sgedin 3500bbnteo mprost™ api éna stajeri mple pani O pPnakat parousi“zei

perissiterec leptoméreiec gia th b sh kai ta epilegména uposOnala

| GSLL UposOnola| Bbnted Eikinec | TrainSet | DevSet| TestSet ]

50 kI"seic 538 22808 318 106 114
100klI"seic 1038 | 45437 618 206 214
200klI"seic 2038 | 92599 1218 406 414
300klI"seic 3038 | 140771 1818 606 614
347kl"seic 3464 | 161050 2066 695 703

Table 1: Statistik™ giathn Greek Sign Language Lemmas Datasekai ta antDstoiga uposOnola
thc. Endeiktikic proteinimenoc qwrismic setrain, dev kai test sOnola pou grhsimopoioOntai sta
peir‘mata tou [43].

H mh suneq c anagn,rish nohmatik c gl,ssac mporeb na jewrhjeb wc priblhmsug-
genec me thn anagn, rishc prxewhkin sewn (action recognition). Epomenwcanamenoume
iti parimoiec tegnikéc ja douleOoun kal” sthn anagn,rishc nohmatik ¢ gl ssac epBshc
Epilegoume na mhn epémboume sto m koc twn akolouji,n api garakthristik’Etsi, ta
garakthristik™ mac diaféeroun se m koc kai ektebnontai apl0 eikinec meqri kaB00. Sth
sunégeia parousi’zoume tic mejidouc me tic opobec epiléegoume na antimetwpbsoume to
priblhma thc anagn,rishc nohmatik c gl,ssac .

Openpose: Ex"goumed11 parametrouc gia K'je frame kai ta pareqoume san ebsodo
se eénaRecurrent neurwniki dbktuo pou apotelebtai api éna milBi-LSTM str,ma twn
256 units kai @naDensestr.ma gia thn taxinimhsh, afoO efarmisoumestandard scaling
sta stoigePa mac PisteOoume iti to na parégoume énacurrent neurwniki dbktuo se
sunduasmi me t®penpose featurega exalebyei tic perittéc plhroforbec ipwc to finto ,
ta roOga to fwtismi pou periégontai se miaraw eikina.

Raw eikinec kai optik ro : Mba trisdi"stath state-of-the-artméjodoc gia anag-
n rishc energei.n kai nohm“twn ebnai tt8D network [74, 14]. Metasghmatbzoume to mége-
joc K'je eikinac se énan 175 175 pbnaka kai kanonikopoioOmepteels sto di"sthma
[0;1]. Dbnoume tic eikinec wc ebsodo kai se éB8&16-LSTM montelg to opobo ar-
gikopoiebtai me ta b'rh toumagenet [23],gia peraiterw peiramatismi H eikina 5 debgnei
thn trisdi"stath suneliktik arqitektonik pou periegrifhke  , me pio leptomereia

SMPL-X : Ligw thc ikanithtac tou SMPL-X na anaparast sei th dom tou anjrw-
pPnou s matoc me leptomeérepmsteOoume iti aut h méjodoc ja paréqei garakthristik” -
kleidi” gia to priblhma thc anagn,rishc thc nohmatik ¢ gl,ssac . Epipleon, to SMPL-X
grei“zetai tic parametrouc tou Openposegia na ex gei ta garakthristik™ tou , epomenwc
upojétoume iti to pr.to ja paréqei pio poiotik™ kai bajOtera garakthristik™ api iti to
deOtero Epiprosjétwc , to SMPL-X paréqei trisdi“stath plhroforba , en sugkrbsei me to
Openposeto opobo dbnei disdi“statkeypoints, kai epoménwc ta exagimena garakthris-
tik™ ja emperiéqoun perissiterh plhroforba . H méjodoc aut ex"gei88 garakthristik™ gia
k'je eikina , dhmiourg,ntac eénan pbnake koc akoloujpag 88 gia k'je akoloujba, h
opobPa sth sunéqgeia upikeitatandard scaling,imoia me ta garakthristik™ tou Openpose.
Parimoia me toOpenposeepPshaogrhsimopoioOme to Bdézurrent neurwniki dbktupiqi
mino epeid ta dOo peirmata emperiéqoun to Bdioc eBdoc garakthristik n all” kai kurbwc
epeid jéloume na sugkrbnoume eujéwc tic fOo mejidpanex’rthta thc argitektonik ¢ .

EkpaideOome ila ta neurwnik™ dbktua grhsimopoi,nt@ategorical cross-entropy loss.

15



0.4. Peiramatik Apotbmhsh 16

Stochastic gradient descengirhsimopoiebtai gia th beltistopobhsh thc sun“rthshc sf’l-
mato¢ me arqiki learning rate st 0.0001kai 10% decay rategia k’je epoq , en, to
batch sizetbjetai 1 ligw tou diaforetikoO m kouc pou éqoun oi seiréc QrhsimopoioOme
Learning Rate Reductionkai Early Stopping mésw touvalidation loss mepatience 3kai 5
epogéc antbstoigagia na apofOgoume tover tting. To sq ma 6 deBgnei éna par"deigma
api mia eiking thn optik thc ro , to disdi"stato skeleti api to  Openposekai thn 3D
anakataskeu tou SMPL-X.

0.4 Peiramatik Apotbmhsh

0.4.1 Peiramatik™ apoteléesmata

Me bsh ton pPnak&, ta Openposekai SMPL-X montéla ta opoDa apoteloOntai apl.6
kai 0.9 ekatommOria paramétrouc antbstgigapernoOn se epPdoshGanv3D-LSTM Kai
ta VGG16-LSTM monteéla ta opoPa apoteloOntai ap#3 kai 15 ekatommOria paramétrouc
antbstoiga Auti mporeD na ermhneuteD me b"sh to gegonic iti ta dOo pr ta mporoOn na
aporrbyoun thn peritt plhroforBa gia k’je eikina , kai na krat soun mino th plhroforba
pou afor” sth swmatodom tou anjr,pou pou nohmatbzeiSugkekriménato VGG16 mon-
telo apotugq nei telebwc na sugklbnei kai mhdenbsdosstou, epitugg nontac pososti
mikritero tou 10% gia ilec tic ki'seic . Auti ebnai anamenimenmiac kai oiJoze kai
Koller in [74], @qoun ekpaideOsei éN&G16-LSTM montélo sthn MS-ASL bsh to opobo
petugabnédi3.33%sto uposOnolo ASL100Kkai milic 1.47%sto uposOnolo ASL500. 'Opwc
anaférjhke nwrbterg h GSLL b“sh garakthrDzetai api omoiimorfo perib’llon metaxO
k“je no matoc kai k“je nohmatist (2 nohmatistec mprost™ api éna mple qit,nd. H MS-
ASL b’sh api thn “llh , apotelebtai api 222 xeqwristoOc nohmatistéc ipou k’je nihma
pragmatopoiebtai se teleBwc diaforetiki perib’llon PisteOoume iti to Openposekai to
SMPL-X ja xepersoun kat” polO se epbdosh ta suneliktik® montéla se autéc tic b’seic
pou prosomoi.noun ton pragmatiki kismo me megalOterh akrbbel@loc, to SMPL-X
fabnetai na par“gei pio poiotik™ garakthristik™ se sOgkrish me to Openposejdiabtera me
thn Oparxh perissiterwn nohm’twn k'ti pou deBgnei iti mia pio poiotik kai leptomer ¢
anapar'stash tou anjrwpbnou s, matoc ebnai aparabthth gia to priblhma thc anagn,r-
ishc nohmatik ¢ gl,ssac. Me thn prosj kh perissiterwn , poikPlwn kai duskoliterwn
nohm™twn stotrain set, to Openposeapotugqnei na apotup,sei tic mikréc leptomereiec

Figure 5: H argitektonik pou grhsimopoi jhke gia to suneliktiki  13D-type montélo. Sta aris-
ter” ePnai h proteinimenh argitektonik twn3D CNN keli.n akoloujoOmena api énaBidirectional
LSTM str,ma . Sta dexi” fabnetai to eswterik™ str,mata gia K'je éna api ta 3D cells.

16



0.4. Peiramatik Apotbmhsh 17

Figure 6: i) Pr th eikina : RGB eikina, ii) DeOterh eikina Optik ro c thc eikinac , iii) TrBth
eikina: Openpose D Skeleti , iv) Tetarth eikina : 3D Anakataskeu meéswSMPL-X.

pou diagwrbzei ta no mata auten, to SMPL-X diathreb ta posost™ akribebac tou sgedin
xed.

0.4.2 Ablation 'Ereuna

Gia na exet’soume peraiterw téeaturespou par"gontai api to SMPL-X, peiramatizi-
maste me sunduasmi enic uposunilou api aut"Sugkekrimenato SMPL-X par"gei éna
sOnolo api 88 paramétrouc 10 gia to sq ma, 3 gia global orientation, 24gia aristeri kai
dexb qéri3 gia to sagini, 6 gia aristeri kai dexb gérj 10 gia thn ekfrash kai 32 gia th
swmatodom Epipléon, ebPnai euréwc gnwsti iti h nohmatik gl ,ssa, den basbzetai mino
stic geironombec all” exbsou kai stic kin seic oliklhrou tou s,matoc kai stic ekfr"seic
tou pros,pou . Gia na anadebxoume autin ton isqurisqiogwr'me se merik™ peir"mata
Arqgik™ , afairoOme ilh thn plhroforDa pou proérgetai api tic ekfr'seic tou pros,pou
(sagini, aristeri kai dexD m’ti kai ékfrash) kai ekpaideOoume to montélo xamie éna
sOnolo 69 garakthristik,n . Sth sunégeig afairoOme mino th plhroforBa thc pizac tou
s, matoc kai ekpaideOoume to montélo me éna sOB@fmarameétrwn Téloc, gia plhrithta
afairoOme thn plhroforba api to aristeri kai to dexP gérj kai ekpaideOoume xan” to mon-
télo me 64 paramétrouc EkteloOme ta Bdia peirmata kai me@penposediagwrbzontac
ta keypoints thc pizac (75 parametroug, ta keypoints tou pros,pou (210 paramétroud
kai ta keypoints aristeroO kai dexioO gerioQ126 paramétroud. O pPnaka8 sunoybzei ta
apotelesmata gia ila ta proanaferjenta peir'mata .

Argik™ , blépoume iti h par’leiyh opoioud pote api ta tria kan’lia plhroforbac pr'g-
mati mei,nei thn akrbbeia tou montelouSth prixh, periménoume iti h parileiyh twn
garakthristik_n tou pros_pou na ephre”sei akima perissitero sthn anagn, rish suneqoOc
nohmatik ¢ gl ssac , ipou to priswpo pabzei polO shmantiki rilo sto na ekfr"zei thn
éntash miac léxhc Gia par"deigmah Iéxh \brog " kai \ giini", éqoun akrib,c thn sOn-
jesh geironombac kai s,matocenw mino to sq ma tou pros,pou allzei. Epipleon,
parathroOme iti to na paraleDyoume thn plhroforDa thc geironombacShePL-X kostDzei

| Méjodoc n GSLL Subset || Subset 50] Subset 100 Subset 200] Subset 300] Pl rhc Bsh || Par'metroi |

3D RGB & Optik Ro 90.41% 86.85% 80.79% 71.36% 65.95% 43.41ekat.
2D OpenposeSkeletic 96.49% 94.39% 93.24% 91.86% 88.59% 1.55ekat.
3D SMPL-X Anakataskeu 96.52% 95.87% 95.41% 95.28% 94.77% 0.88ekat.

Table 2: SOgkrish twn tri,n basik,n mejidwn gia ekpaBdeush i) Apléc RGB eikinec me thn
optik touc ro i) Keypoints tou OpenposeskeletoO kai i) Trisdi’stath anakataskeu meésw
SMPL-X.
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0.5. Epipleon Peir'mata 18

Par"metroi | Openpose| SMPL-X
‘Oloi 88.59% | 94.77%
Qwrbc Priswpo| 88.34% | 93.19%
Qwrbc Qeria 70.20% | 89.58%
Qwrbc S ma 84.21% | 85.02%

Table 3: Peirmata me uposOnola apfeatures pou par"gjhkan me Openposekai SMPL-X.

ligitero api to na paralebyoume thn piza tou s,matoc. Auti mporeD na ermhneuteb wc
ex c. 'Otan up’rgoun IDga kai apl” diajésima no mataaut™ mporoOn kurBwc na apotup-
wjoOn api thn kbnhsh tou bragbona tou gerjoéh, ta géria kai ta d"qtula paraménoun
kurbwc eujebaParila aut”™ , kai ta geria ipwc kai h swmatodom (kurbwc ligw twn
bragiinwn tou gerioQ), ePnai exégqousac shmasPac sthn anagn,rish nohmatik ¢ gl ssac
en, thn Bdia stigm, h par’leiyh twn ekfr"'sewn tou pros,pou ephre“zei thn apoteles-
matikithta tou montélou. Api thn “llh , sto Openposejigw tou gegonitoc iti égei polO
ligiterec paramétrouc ga to s,ma, dhlad milic 75 api tic 411, ebnai polO pio epiblabéc
na afaireseic ta géria, par” to s,ma .

0.5 Epipleon Peir"mata

0.5.1 SMPL-X vs ExPose

'‘Opwc periegr'fhke prohgouménwdo SMPL-X ePnai pijan,c h pio poiotik méjodoc
gia thn trisdi"stath anakataskeu thc swmatodom c, twn ekfr'sewn tou pros,pou kai
twn geironomi ,n api miaRGB eikina. Den ebnai imwé pio gr gorh mejodoc  Sug-
kekriménah enic leptoO diadikasPa beltistopobBhshc pou akoloujeb o algirijmoc thc gia
K'je eikina , kajist” ton SMPLIfy-X algirijmo , mh ikani giareal-time efarmogec To
ExPose,api thn “llh pleur” , to opoPo dhmosieOjhke ®020,diathreD thn poiithta thc
anakataskeu ¢ grhsimopoi, ntac body-driven attention mhganismi kai tréqgei se sgedin
real-time me th gr sh miac koin cGPU. Sth sunégeig sugkrBnoume poiotik™ tic dOo meji-
doug anakataskeu“zontac trisdi"statec anaparast’seic kai gia to SMPL-X kai gia to
ExPose,se eikinec parménec api b seic nohmatik c gl ,ssac

Epipléon, sugkrbnoume tic dOo autéc mejidouc sto priblnma thc anagn rishefar-
mizontac thn Pdia diadikasba pou periegr'fhke stic paragr'foug.2 kai 0.3. O pbnakad
deDbgnei ta apotelésmata gia tSMPL-X kai to ExPosesta di“fora uposOnola thc GSLL
b“shc.

| Méjodoc n GSLL Subset| Subset 50| Subset 100] Subset 200] Subset 300|  Par'metroi |

SMPLify-X 96.49% 94.39% 93.24% 91.86% || 0.88 ekatommOria
ExPose 99.20% 99.46% 97.74% 96.47% 1.59 ekatommOria

Table 4: SOgkrish metaxO twn dOo trisdi"statwn mejidwn gia anakataskeu anjrwpBnou s,ma-
toc, geri,n kai pros,pou : i) SMPLIify-X ii) ExPose

ParathroOme iti to ExPosebohjei to neurwniki dbBktuo na anagnwrbsei kalOtera tic
diaforéc metaxO twn nohm™twn se k'je bPnte®ar” to gegonic iti to ExPose, gia na
kataférei na petOgei sgedinreal-time anakataskeu, mei nei thn ekfrastikithta kai thn
poiithta thc , mporeb na apokwdikopoi sei epark,c tic leptoméreiec tou anjrwpbnou s, -
matog twn geri.n kai tou pros,pou , kai m’lista kalOtera api to SMPLify-X. Epipléon,
ta qarakthristik” tou ExPosek™noun to neurwniki dbktuo na sugklbnei polO taqOtera se
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0.5. Epipleon Peir'mata 19

sOgkrish me toSMPLify-X. H sOgkrish metaxO twn dGuate-of-the-art mejidwn fabnetai
na parousi“zei meg-lo ereunhtiki endiaféron kai ja prépei na diereunhjeD se megalOterec
kai duskoliterec b"seic epipléon.

0.5.2 ExPose sthn MS-ASL b"sh

Exet"zoume peraitérw thn epPdosh tdExPose,se mia api tic pio dOskolec b’seic di-
ajésimec gia anagn rish mh suneqoOc nohmatik ¢ gl ssathn MS-ASL. Parousi“zoume
ta state-of-the-art apotelesmata sth b"sh aut gia tic di"forec mejidouc , kaj,c paraje-
toume kai ta dik® mac apotelésmata grhsimopoi,ntac t&xPose. EkpaideOoume éna apli
Recurrent neurwniki dbktuo grhsimopoi,ntac mino enaSTM epbpedo kai parousi"zoume
ta apotelesmata mac ston pbnaka Ta peirmata mac periorbzontai mino se éna mikri
uposOnolo thc bshc Blépoume iti to neurwniki dbktuo argikopoihméno me ExPose
garakthristik™ petugabnei ena ekplhktiki 37.39% akrbbeia H méjodoc aut préepei na
sugkrbnetai me t¢1CN network, to opoPo ebnai éna sOnjeexurrent neurnwiki dbktuo
pou grhsimopoieb san ebsodo ton disdi"stato skeleti to@penpose.Anamenoume pwc to
ExPosesunduazimeno me to isqurHCN dbktuo ja xeper'sei kat™ polO to parin HCN
dbktuo me t@penposekaj,c kai thn Re-signméjodo Téloc, se éna akima megalOtero
uposOnolo thc MS-ASL b’shc, ipou to 13D gr gora apoklbnej to ExPose dOnatai na
paramebnei stajeri kai na to xeper“seik nontac to thn kalOterh diajésimh meéjodo

0.5.3 Kan’li BYjouc
0.5.3.1 MiDaS: Ektbmhsh B jouc

To MiDaS ebnai ena eustajec montelo ektbmhshc b jouc to opobo mporeb na efarmosteb
se poikbla perib’llonta, kai anaptOgjhke api to R. Ranftl kai “llouc [63]. H doulei” aut
protebBnei mia prwtituph sun“rthsh sf’lmatoc pou ebnai anex’rthth se meg“lec phgec asum-
batithtac metaxO diafirwn b’ sewn dedoménwsumperilambanoménhc thc adieukrbnisthc
kai diaforopoioOmenhc kiDmaka#wt” ta sf'lmata epitrépoun thn ekpabdeush dedoménwn
pou éqoun dialegjeD mesw diaforetik,n katagrafik,n mhganhm™twn ipwc ePnaistereo
k"mere¢ ta laser scannerskai oi structured light sensors. Poiotik™ apotelésmata tou
MiDaS fabnontai sto sq ma7.

O R. Ranftl kai “lloi , beltbwsan toMiDaS montélo proteBnonta¥ision Transformers
gia Densepribleyh sto [62]. Oi Dense vision transformerebnai mia argitektonik pou
anamogleQei toueision transformersme ta suneliktik® neurwnik™ dbktua gia probl mata
pou aforoOn sedenseprobléyeic. Ta tokens sunarmologoOntai api di*fora st'dia tou
vision transformer se anaparast’seic pou moi"zoun me eikinec diafirvn analOsewoi

| Méjodoc n MS-ASL Subset| Subset 100 Subset 200 Subset 500 Subset 1000

Aplic Classi er 0.99% 0.50% 0.21% 0.11%
VGG+LSTM [21, 19] 13.33% 7.56% 1.47% -
HCN [46] 46.08% 35.85% 21.45% 15.49%
Re-sign [40] 45.45% 43.22% 27.94% 14.69%
13D [14] 81.76% 81.97% 72.50% 57.69%
| ExPose [15] | 37.39% | - | - | - |

Table 5: SOgkrish metaxO th&xPose mejidou me éna apliLSTM RNN dbktuo kai twnstate-
of-the-art mejidwn gia aut th b’sh .
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0.5. Epipleon Peir'mata 20

Figure 7: Poiotik™ apotelésmata tou MiDas montélou ektbmhshc b”jouc

Figure 8: Poiotik sOgkrish metaxO tou pl rwc suneliktikoO diktOou MiDas kai tou Depth
Vision Transformer sto priblhma thc ektbmhshc b jouc

opobec stadiak™ sundu“zontai se pl rouc an’lush probleyeic grhsimopoi,ntac sunelik-
tikoOc decoders.To dbktuo kormoO totransformer epexerg zetai tic anaparast’seic se
stajer kai sgetik™ uyhl an’lush kai egei éna kajoliki pedbo apodoq c se k'je st'dio
Autec oi idiithtec, epitrépoun ston dense vision transformemna paregei miane-grained
kai pio kajolik kai xek’jarh pribleyh se sOgkrish me to pl rec suneliktiki neurwniki
dbktuo Sugkekrimeénasto priblhma thc pribleyhc b jouc , oi dense vision transformers
petugabnoun beltbwsh thc t'xh28% se sOgkrish me toucstate-of-the-art pl rwc sune-
liktik_n neurwnik_n montélwn MiDaS sto [63]. Mia poiotik sOgkrish metaxO aut,n twn
dOo fabnetai sto sq ma.

H argitektonik tou depth vision transformer fabnetai sto Sq ma9. Sta arister”
fabnetai h sOnoyh thc argitektonik ¢ H eikina thc eisidou metasghmatbzetai dekens
(portokalD) ebte mésw thc exagwg ¢ mh epikaluptimematchesakoloujopOmena api mia
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0.5. Epipleon Peir'mata 21

Figure 9: H arqgitektonik tou depth vision transformer gia to priblhma thc ektbmhshc b jouc

Figure 10: Paradebgmata api thiGSLL b"sh mazb me thn Ektbmhsh B"jouc tMiDaS.

grammik probol sthn attened anapar'stash (DPT-Base kai DPT-Large) ebte mésw thc
efarmog ¢ tou ResNet-50exagwgea qarakthristik,n (DPT-Hybrid). H enswmatwmeénh
eikina prosaux”netai mepositional embeddingkai eéna anex’rthto readout token (Kikkino)
prostbjetai. Ta tokenspernne mesw pollapl,n stadbwn touransformer. 'Ustera, ta to-
kensepanasunarmologoOntai api diaforetik™ st’dia ,ste na moi“zoun me mia anapar”stash
eikinac se pollapléc analOseic (prsino). Ta fusion montéla(mwb stadiak™ en_noun kai
k"noun upsamplingtic anaparast™seic gia na par goun ne-grained probleyeic. Sto kén-
tro , blepoume thn an’lush thcReassemblg diadikasbacTa tokensen, nontai se g'rtec
garakthristik. n me qwrik an’lush % thc argik ¢ eikinac. Teloc, sta dexi” ta mplok
fusion sundu”zoun ta garakthristik™ grhsimopoi,ntac residual suneliktikéc mon“dec kai
kK"noun upsamplingtwn qgart,n me garakthristik™ .

Gia ta peir'mata macgrhsimopoioOme to pio sOggrono kai epitugéc montélo gia ek-
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0.6. Suneisforéec 22

tbmhsh b“joucdhlad to MiDaS montélo pou periégei toualepth vision transformers.

0.5.3.2 Peir'mata me to kan’li tou b’jouc

PisteOoume iti h plhroforBa bjouc ja aux sei thn apidosh tou neurwnikoO diktOou
itan grhsimopoihjeD san deOtero kan’liMiac kai hGreek Sign Language Lemmas Dataset
de periégei plhroforDa b joug grhsimopoioOme to proanaferjén ergaleBdiDaS gia ek-
tbmhsh tou bYjouc DOo paradeBgmata api th b’sh aut mazP me thn ektbmhsh bjouc
fabnontai sto sq malo.

Gia na test"roume thn plhroforba tou b’jouc, ekpaideOoume &na montélo grhsimopoi,n-
tac wc minh plhroforBa to bjoc. Sth sunéqeia ekpaideOoume éna dik naNN-LSTM
montélo grhsimopoi ntac thn argitektonik tou sq matoc 2, en, téloc sunduzoume thn
SMPL-X plhroforba me aut tou b’jouc. Ta apotelesmata fabnontai ston pbnak&
ParathroOme iti h gr sh mino tou b’joc de bohjei to neurwniki na ekpaideute® swst”
gia to priblhma thc anagn, rishc nohmatik ¢ gl ,ssac , se sOgkrish me “lla probl mata
pou ebnai idiabtera gr simba apotelésmata me mino thRGB plhroforba éqoun anafer-
jeb sto [42]. O sunduasmicRGB plhroforbac kai b“jouc de bohj ei to neurwniki na
krat sei th gr simh plhroforba me apotélesma na egei elafr,c geiriterh epbdosh

| Méjodoc n GSLL Subset|| Subset 50| Subset 100 Subset 200 Subset 300

Mino bjoc 11.56% 9.91% 9.1% 6.50%
RGB 88.59% 84.58% 71.98% 55.37%
RGB + B7joc 85.81% 82.59% 70.01% 52.10%

Table 6: Peiramatik™ apotelesmata gia tic treic mejidouc training: i) grhsimopoi,ntac mino
plhroforba b7jouc , ii) grhsimopoi ,ntac mino thn RGB plhroforba kai iii) sundu”zontac RGB
eikinec kai thn plhroforba tou b’jouc .

0.6 Suneisforéc

Sth diplwmatik aut melet jhke h sOggronh éreuna sto pedbPo thc trisdi’stathc
irashc upologist,n kai sugkekriména h trisdi"stath anakataskeu tou anjr,pinou s,-
matog twn geri_n kai thc ékfrashc . Epipléon, ereun jhke to sOnjeto priblhma thc anag-
n.rishc mh suneqoOc nohmatik ¢ gl ssac kai pwc h trisdi’stat anakataskeu mporeD
na bohj sei sto priblhma auti . Oi suneisforec thc diplwmatik ¢ aut ¢ ebnai arketéc kai
mporoOn na sunoyistoOn stic ex ¢

" Prosférame mia endeleq kai leptomer c bibliografik an’lush twn pio sOggronwn
kai state-of-the-art disdi"statwn kai trisdi"statwn mejidwn gia anakataskeu tou
anjr.pou , sta teleutaba 5 grinia. Sugkekrimenaperigryame kai exhg same se
bYjoc th mejodologba pou up’rgei pbsw api to di"'shmo disdi"stato montélo ex-
agwg ¢ anjr,pinou skeletoO , to Openpose (2016-2019) [11, 12, 66, 7QrDsame
kai exhg same ta trisdi"stata parametrik™ montéla ou grhsimopoioOntai gia na peri-
grafeb to anjr,pino s,ma , SMPL (2015) [48]kai SMPL-X (2019) [56]. Epipléon,
perigr'yame tic tegnikec leptomereiec pbsw api tic pio poiotikéc mejidouc gia ex-
agwg trisdi"statwn parameétrwn pou perigr-foun to anjr,pino s,ma , to priswpo
kai ta géeria mésw miac mirRGB eikinac, dhlad twn SMPL-ify (2016) [7], HMR
(2018) [34], SMPLify-X (2019) [56Kkai ExPose (2020) [15].
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Figure 11: Probléeyeic b'jouc gia garakthristikec eikinec api thn
noun to Bdio nihmekajari ".
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" Prosférame mia parimoia bibliografik an’lush twn pio shmantik,n b"sewn gia
nohmatik gl ,ssa kaj,c kai tic state-of-the-art mejidouc gia thn antimet,pish tou
probl matoc anagn rishc thc nohmatik c. AnalOsame se bjoc thnMS-ASL b’sh
[74], kai tic korufabec tegnikéc pou grhsimopoi jhkan gia na epiteugjeb uyhl epb-
dosh sto priblhma thc anagn rishc mh suneqoOc nohmatik ¢ gl ssac Perigryame
dOo api tic pio basikéc ellhnikéc b seic nohmatik ¢ gl,ssac, tic Greek Sign Lan-
guage Lemmas Dataset [43] kai Greek Sign Language Dataset [1]5to toméa thc
suneqoOc nohmatik ¢ gl ssac parousi’same tic dOo pio epifanebc b’seic gia auti to
priblhma, tic RWTH-PHOENIX-Weather 2014 dataset [38]kai RWTH-PHOENIX-
Weather 2014 Translation dataset [10]mazPb me titate-of-the-art mejidouc sto
toméa thc anagn,rishc nohmatik c gl,ssac twn teleutabwn et.n

Axiopoi same thn Greek Sign Language Lemmas Dataset (GSLLgia ta peir -
mata macthn opoba organ ,same ex arqc kai diajesame dhmisia kai peraiterw
peiramatismoOc api thn ereunhtik koinithta H GSLL b“sh mazb me statistikéc
leptomereiec kai odhgbec gr shc ebnai diajésimh Istips://robotics.ntua.gr/gsll-
dataset.

Efarmisame tic 3D mejidouc anakataskeu ¢ s,mato¢ pros,pou kai geri,n sto
priblhma thc anagn, rishc mh suneqoOc nohmatik ¢ gl, ssacpetugaPnontac korufaba
apotelesmata kai xepern ntac ilec tic upiloipec gnwstec mejidouc. Sugkekrimena
axiopoi same toSMPL-X, éna sOggrono parametriki montélo pou epitrépei thn ex-
agwg arjr,sewn gia to trisdi"stato s;ma , tic geironombec kai tic ekfr'seic tou
pros,pou api mia RGB eikina. Qrhsimopoi same auti to olistiki 3D ergalebo
gia anagn,rish nohmatik c gl,ssac , debgnontac iti odhgeb se uyhl” posost™ anag-
n.rishc se sOgkrish me ta trisdi’stata suneliktik® dbktua pou paPrnoun san eb-
sodo eikinec kai thn optik touc ro , all” kai api Recurrent neurwnik™ dbktua pou
pabrnoun san ebsodo disdi"stato skeleti toDpenpose.

Epipleon, pragmatopoi same miablation éreuna pou debgnei thn shmasba tou na
up“rqoun diajesima kai ta trba kan’lia plhroforbag sugkekriménaoi ekfr'seic

tou pros,pou , to sq ma twn geri,n all” kai oliklhro to s,;ma  , gia na epiteuqgjeb

h beéltisth anagn,rish nohmatik ¢ gl.ssac . SugkekriménaekpaideOsame trba di-
aforetik™ montéla , paralebpont™c ta garakthristik™ tou pros,pou , ta garakthris-

tik™ tou s,matoc kai ta garakthristik™ twn geri,n antbstoiga . Debgnoume iti k'je
meéroc tou s,matoc pabzei shmantiki rilo sthn epbteuxh megistou apotelesmatoc sto
priblhma thc anagn,rishc nohmatik c gl,ssac .

Sugkrbnoume eujéwc dOo api tic sOggronec mejidouc gia trisdi“stath anakataskeu
to SMPLIify-X kai to ExPoSE, se qrino ektéleshc all” kai se ekfrastikithta

Auti shmabneiiti test roume kai tic mejidouc sto Bdio priblhma thc anagn,rishc
mh suneqoOc nohmatik ¢ gl ssac gia na elégxoume thn ep’rkeia towRar’llhla
parégoume eikinec kai gia tic dOo anakataskeuéc gia poiotik sOgkrisin, sqoli™-
zoume to grino ektéleshc touc Teloc, axiopoioOme t&ExPose, sthn Bswc pio
dOskolh diajesimh b’sh gia anagn, rish mh suneqoOc nohmatik ¢ gl ssacanob-
gontac drimo gia mellontik ereuna

Peiramatist kame me mejidouc ektbmhshc b"jouc kai sth sunégeia axiopoi same to
pio epitugec montelo gia na enisqOsoume to montélo anagn,.rishc sto priblhma
thc anagn,rishc nohmatik c gl,ssac . EkpaideOsame montela grhsimopoi ,ntac mino
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plhroforba b~jouc , sunduazimenh plhroforba b'jouc kaiRGB eikinac, kai téloc
sunduazimenhc plhroforbac b“jouc kaBMPL-X paramétrwn

Klebnontac¢h diplwmatik aut anobgei monop“tia sto kismo thc trisdi"stathc anakataskeu c
kai thc anagn rishc nohmatik ¢ gl ,ssac . To pr,to mporeD na axiopoihjeD me polloOc
tripouc _ste na belti sei tic shmerinéc mejidouc pou up’rgoun gia to deOtero, en,
apoteleb kai éna exairetiki ergalebo gia “lla probl matg stic mérec mac
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Chapter 1

Introduction

1.1 Computer Vision & Machine Learning

1.1.1 From Feature Extraction to Deep Learning

The main task of Computer Vision is to extract as much information possible from

an image into a compact descriptor. These feature representations are then fed into a
machine learning approach, like Support Vector Machines [18]. Until nowadays, Computer
Vision was focused on nding sophisticated ways to extract such qualitative features
from images. Most of the time features used to be some statistical properties or shape
descriptors, or texture descriptors. For the method to be able to generalize successfully,
features should be highly discriminative. Discriminative representation was enhanced by
unsupervised learning such as Gaussian Mixture Models (GMMSs), Principal Component
Analysis (PCA), or manifold embedding. One of the most prominent methodologies
that was exploited for a vast variety of computer vision tasks involved the detection of
interest points over di erent scales and the extraction of local descriptors around these
points [6, 50]. As local descriptors, gradient orientation was encoded into xed-sized
histograms. Each image was then represented by a set of dierent local descriptors.
Classi cation applications required a supervised learning step, like SVMs, and a xed-
sized representation for the image. To this end, the set of local descriptors was organized
into a histogram based on the Bag of Visual Words approach [45].

Until recently, meticulously crafting the feature extraction step, was the most impor-
tant aspect of every Computer Vision task, while SVMs and Neural Networks were only
employed at the very last step. Nowadays though, with the advance in computational
capabilities of state-of-the-art hardware equipment, like GPUs, and the abundance of
labeled data, neural network utilization has suddenly risen for every possible computer
vision task during the last decade. For example, existing resources have enabled the ef-
cient training of end-to-end deep neural networks, consisting from hundreds to million
layers, like the very famous AlexNet [44] (2012). With the advance of the latter, the com-
puter vision research community shifted towards using Deep Neural Networks (DNNSs) as
optimal feature extractors. In fact, the vast majority of the recent continuously expanding
computer vision literature relies on DNNs for almost every possible sub-task. Since deep
learning will also serve as the core component for a major portion of this thesis, we brie y
analyze several important aspects of building and optimizing neural networks.
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1.1.2 History of Neural Networks

McCulloch and Pitts were the rst to introduce the concept of neural networks in
1943. The McCulloch-Pitts neuron is also known as linear threshold gate and consisted
of a linear transform topped by a step activation function. In 1958, Rosenblatt proposed
an enhancement over the McCulloch-Pitts Neuron, called the perceptron, introducing
the idea of trainable weights along with an appropriate training algorithm for binary
classi cation. Multiple neurons stacked to build a multi-layer feed-forward network were
considered, in order to extend the neuron concept to classify non-linearly separable classes,
like the famous XOR problem. Intermediate layers between input and output were referred
to as hidden layers. The Perceptron and a multi-layer network example are depicted in
Figures 1.1 (a) and (b), respectively.

Figure 1.1: Visalization of (a) the Perceptron Neuron, consisted of a dot product and a non-
linear activation, and (b) an example of multi-layer feed-forward neural network, consisted of
multiple neurons and 3 layers: input, one hidden, and output.

Since the formulation of multi-layer feed-forward networks, leaps have been made to-
wards complex structures of neurons, leading to two types of neural networks that will
emerge multiple times in this thesis: Recurrent Neural Networks (RNNs) and Convolu-
tional Neural Networks (CNNSs).

1.1.3 Convolutional Neural Networks

Since spatial context should be captured, image-related problems had always been
challenging. One important factor aspect of neural networks is the introduction of Con-
volutional Neural Networks (CNNs), which can e ciently handle images and deduce spa-
tial information from them. Before that, Itering was performed by convolution with a
handcrafted kernel, designed to capture speci c patterns like edges. Convolutional neural
networks work by using trainable Iters which can generate discriminative feature maps,
optimized for each given task. CNNs revolutionized the computer vision eld, pushing
aside sub-optimal handcrafted features. GiveiX;Y, the input and output 3D tensors
respectively, andW the 4D kernelled weight tensor, the convolutional layers perform the
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operationY = X W. which is de ned as follows:

Xin
Y [m] = X[n] WIm;nl;m=1;:::;Cou (1.1)
n=1
Y 2 RO H Wix 2 RO H Woyy 2 RO Cour b kw (1.2)

The spatial dimensionsH W and k;, ky correspond to the feature map and the
kernel size, respectively, whil€;n and C,ut correspond to the number of 2D feature maps
on the input and the output of convolution. Layers close to the input generate low-level
features, such as edges, while layers close to the output generate high-level features of
complex shape and texture. For example, the nal layers of a CNN can generate a nose
or eyes for face detection. Finally, stacking layers in successive order is not a necessary
architectural requirement, while in fact, the majority of recent architectures contains
complex information ows of multiple paths, like GoogleNet [70], ResNet [25], DenseNet
[27] and so on.

1.1.4 Recurrent Neural Networks

Except from images, sequence modeling is a standout area of research with notable
results in Speech Recognition, Sign Language Recognition, and Natural Language Pro-
cessing. Since typical neural networks similar to CNNs cannot model a sequence of data,
an alternation is needed. To this end, Recurrent Neural Networks (RNNs) were intro-
duced. Consider thd x;g segments that form the input sequence of an RNN and tHé;g
segments that form the hidden state. We have the following recurrent formulation:

hi = (fa(hi 1)+ fx(xi)) (1.3)

where () is a nonlinear activation function andfy();f«() are the linear transformation
functions for the hidden state and input respectively. Since these transformations are
linear they can be formulated by a weight matrix and a bias. For instance,,(x) =
Wyx + b,. Each step of the recurrent formulation of Equation 1.3 shares the same
weights. Hence, the unrolled version of RNN can be viewed as a typical neural network
with shared weights. From the appearance of the rst RNNs, more complicated variants
have been constructed:

N

Multi-layer Recurrent Neural Network: The output sequence of the rst RNN is
fed as an input sequence to the second RNN and so on. Each layer is described
by the recurrent relation of Equation 1.3 and uses a pair of shared weight tensors
(WX: W K), wherek is the layer's identi er.

Bidirectional Recurrent Neural Network; Typical RNNs learn representations from
previous time steps. However, often it is helpful to incorporate information from
future steps. Bidirectional RNNs combine both information ows, rightward and
leftward at each step.

" Long-Short Term Memory (LSTM) and Gated Recurrent Unit (GRU) Networks;
GRU Networks [16] contain gated recurrent unit which have an update gate that
decides how much of information from the hidden state should be let through, and
a reset gate that decides on how much information from the hidden state should be
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discarded. Long Short Term Memory (LSTM) Networks [26] aim to retain infor-
mation from distant time steps without vanishing it through time. Both units are
preferred in the majority of recent sequence-related applications.

1.1.5 Categories of Layers

Convolutional Layer

Neural networks, on their very basis, work on a simple idea; to alternate between linear
transformation and non-linearities to build complex functions. The linear transformation
can be:

" A fully connected layer which is a simple linear projection performed by a 2D tensor

" A convolutional layer which performs a convolution operation for every input/output
channel pair resulting in a 4D tensor.

Activation Layer

After every linear transformation, a non-linear function is following. Typical activa-
tion functions are tanh, sigmoid, ReLU, and others. These non-linearities contribute to
the representational capabilities of neural networks.

Batch Normalization

The concept of batch normalization [29] is to constraint the input and output of layers
over a speci ¢ range of values. For that to happen, the running mean value is computed
along with the standard deviation, updated at each batch by a momentum scheme. The
input is then normalized to approximate a normal distribution of zero-mean and devia-
tion of one. Batch normalization helps the convergence of the network's optimization by
avoiding extreme values which may a ect the gradients.

Dropout :

To solve one of the biggest problems that emerged through the use of neural networks,
namely over tting, data augmentation, and random noise were introduced. Speci cally,
since the network sometimes tends to learn exclusively the training dataset without the
ability to generalize, a form of noise was introduced; the random zeroing of channels, oth-
erwise known as dropout [69]. Dropout essentially assists the creation of multiple "paths"
of information through di erent channels and avoids correlating a neuron with a speci c
input sample, thus enhancing generalization.

1.1.6 Optimization

Finally, we describe the way neural networks are trained. To train a neural network,
with respect to the weights of the model, the following steps are required:

" De ne a training set of input samplesx; and output targets y;.

A

De ne a loss functionL (¥;yi) which quanti es the proximity of the prediction ¥; to
the requested targety;. Loss function plays a crucial role in the successful training
of the neural network.
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~ Select an optimizing algorithm to perform = argmin P L(f (Xi);yi), where
is the set of all the weights comprising the network. No analytic solution exists
for the aforementioned optimizing scheme, due to its complexity. Thus, iterative
gradient-based algorithms are employed to gradually minimize the overall loss, like
the gradient-descent method.

As said before, the loss function is critical for the e ectiveness of the trained model.
First of all, the loss function should re ect the task's goal. For instance, mean squared
error (MSE) should be used for regression problems and Cross-Entropy (CE) for clas-
si cation tasks. Losses can be complex and consist of multiple terms when considering
multi-task or advanced problems. Secondly, the loss function should be di erentiable since
a gradient-based optimization scheme is used.

The gradients computation is performed layer-wise, starting from the loss function
and moving backward to the input layer, when training a deep neural network. This
method is called backpropagation. Computing the gradient of each parameter with respect
to the loss function relies on the chain rule. Iterative gradient-based optimizations are
summarized through computing gradients and updating weights. These two steps are
performed iteratively until convergence is guaranteed. The convergence implies that the
gradient would be almost zero, which translates to detecting an optimum. Nonetheless,
this scheme cannot guarantee that this discovered optimum, is in fact, global.

After computing the gradient score of the objective functionl (theta) with respect
to the parameters , the update of the weights is fundamentally done by the rule:

r J( ), where controls the convergence rate. The Stochastic Gradient Descent
(SGD) optimization algorithm is used to eliminate the impractical method of calculating
the gradients over the entire dataset. SGD performs a parameter update for each training
sample, while an entire iteration of every dataset sample is referred to as the epoch.

1.2 Human Body

1.2.1 Body, Face and Hands

Body

The human body is the structure of a human being. It is composed of many di erent
types of cells that together create tissues and subsequently organ systems. They ensure
homeostasis and the viability of the human body. It comprises a head, neck, trunk (which
includes the thorax and abdomen), arms and hands, legs, and feet.

The study of the human body involves anatomy, physiology, histology, and embryology.
The body varies anatomically in known ways. Physiology focuses on the systems and
organs of the human body and their functions. Many systems and mechanisms interact
in order to maintain homeostasis, with safe levels of substances such as sugar and oxygen
in the blood. The body is studied by health professionals, physiologists, anatomists, and
by artists to assist them in their work.

Face

The face is the front of an animal's head that features three of the head's sense organs,
the eyes, nose, and mouth, and through which animals express many of their emotions.
The face is crucial for human identity, and damage such as scarring or developmental
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Figure 1.2: Unveiled human body. lllustration of the main skeletal muscles con-
stitutive of the human body in the anatomical reference posture. Around 600 mus-
cles put in motion the various articulations composing the human skeleton. Image from
https://en.wikipedia.org/wiki/Human _body.

deformities a ects the psyche adversely. The front of the human head is called the face.
It includes several distinct areas, of which the main features are:

A

The forehead, comprising the skin beneath the hairline, bordered laterally by the
temples and inferiorly by eyebrows and ears

The eyes, sitting in the orbit and protected by eyelids and eyelashes
The distinctive human nose shape, nostrils, and nasal septum

The cheeks, covering the maxilla and mandibula (or jaw), the extremity of which is
the chin

The mouth, with the upper lip divided by the philtrum, sometimes revealing the
teeth

Facial appearance is vital for human recognition and communication. Facial muscles
in humans allow the expression of emotions.

The face is itself a highly sensitive region of the human body and its expression may
change when the brain is stimulated by any of the many human senses, such as touch,
temperature, smell, taste, hearing, movement, hunger, or visual stimuli.

Faces are essential to expressing emotion, consciously or unconsciously. A frown de-
notes disapproval; a smile usually means someone is pleased. Being able to read emotion
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Figure 1.3: Ventrolateral aspect of the face with skin removed, showing muscles of the face.
Image from https://en.wikipedia.org/wiki/Face.

in another's face is \the fundamental basis for empathy and the ability to interpret a
person's reactions and predict the probability of ensuing behaviors". One study used the
Multimodal Emotion Recognition Test to attempt to determine how to measure emaotion.
This research aimed at using a measuring device to accomplish what people do so easily
every day: read emotion in a face. The muscles of the face play a prominent role in
the expression of emotion, and vary among di erent individuals, giving rise to additional
diversity in expression and facial features.

People are also relatively good at determining if a smile is real or fake. A recent
study looked at individuals judging forced and genuine smiles. While young and elderly
participants equally could tell the di erence for smiling young people, the \older adult
participants outperformed young adult participants in distinguishing between posed and
spontaneous smiles". This suggests that with experience and age, we become more accu-
rate at perceiving true emotions across various age groups.

Hands

A hand is a prehensile, multi- ngered appendage located at the end of the forearm
or forelimb of primates such as humans, chimpanzees, monkeys, and lemurs. A few
other vertebrates such as the koala (which has two opposable thumbs on each \hand"
and ngerprints extremely similar to human ngerprints) are often described as having
\hands" instead of paws on their front limbs. The raccoon is usually described as having
\hands" though opposable thumbs are lacking.

The human hand normally has ve digits: four ngers plus one thumb; these are often
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Figure 1.4: Arches of the hand. Red: one of the oblique arches. Brown: one of the longitudinal
arches of the digits. Dark green: transverse carpal arch. Light green: transverse metacarpal
arch. Image from https://en.wikipedia.org/wiki/Hand.

referred to collectively as ve ngers, however, whereby the thumb is included as one of
the ngers. It has 27 bones, not including the sesamoid bone, the number of which varies
among people, 14 of which are the phalanges (proximal, intermediate, and distal) of the
ngers and thumb. The metacarpal bones connect the ngers and the carpal bones of the
wrist. Each human hand has ve metacarpals and eight carpal bones.

Fingers contain some of the densest areas of nerve endings in the body and are the
richest source of tactile feedback. They also have the greatest positioning capability
of the body; thus, the sense of touch is intimately associated with hands. Like other
paired organs (eyes, feet, legs) each hand is dominantly controlled by the opposing brain
hemisphere, so that handedness|the preferred hand choice for single-handed activities
such as writing with a pencil, re ects individual brain functioning.

Among humans, the hands play an important function in body language and sign
language. Likewise, the ten digits of two hands and the twelve phalanges of four ngers
(touchable by the thumb) have given rise to number systems and calculation techniques.

1.3 Sign Language

1.3.1 History

Sign languages have been around much longer than most people think. They existed
in ancient Greece and even before recorded history. Next, we o er some perspective on
how proli ¢ sign language really is, by diving into the long and colorful history of how
signsjand ASL in particular|came to be.
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Figure 1.5: The Greek philosophers Plato, Socrates, and Aristotle were the rst people
in history to write about sign language and deaf members of their society. Image from
https://aslblog.goreact.com/the-history-of-sign-language.

Earliest Sign Languages : No one knows exactly when sign language rst appeared,
but many sources agree that using hands to communicate has been around just as long
as spoken language. And these early signing systems were the direct result of humans
needing a new way to interact. Researchers believe that hunters on the open plains used
signs to communicate with each other from great distances. Because of the lack of visual
obstruction in a plains environment, the sign was the most obvious way to communicate
without scaring o the animals they were hunting.

The ancient Great Plains Native Americans also developed a complex signing system.
It's unclear what exactly the system was for, but many di erent theories exist. A popular
one is that sign made intertribal trade possible. To overcome language barriers, the natives
developed a standardized system of hand gestures to negotiate with tribes that did not
speak their language|including European expeditioners. Multiple accounts of Columbus
landing in the Americas claim that the natives communicated with his crew through sign.

Greek Philosophers : It is impossible to know exactly when and where the rst
deaf person tried out sign, but it is known that the rst written record of sign language
came from Ancient Greece. In the fth century B.C., the philosopher Plato wrote the
dialogue Cratylus. In it, he recorded Socrates saying, \If we had neither voice nor tongue,
and yet wished to manifest things to one another, should we not, like those which are at
present mute, endeavor to signify our meaning by our hands, head, and other parts of the
body?" Apparently, ancient Greeks who could not speak did indeed have a rudimentary
sign language to go about their daily lives.

Later Plato's student Aristotle became the rst person ever to record a claim about
deaf people|and unfortunately, it was not a good one. He believed that being able to hear
speech was the only way people could learn. So according to Aristotle, it was completely
impossible to educate deaf people. Even though there was not a shred of factual evidence
to support his claim, Aristotle's theory caught hold and was widely believed for the next
2000 years throughout the world.

And the results were not pretty. During this era of history, deaf people were viewed as
lesser humans who could not legally hold property. They could not get married because
society was afraid that deafness was a hereditary trait that would be passed on to future
generations. Deaf people were often denied citizenship and even religious rights. And
though deafness was regarded as a shameful disability, any form of sign was ostracized
and discouraged, making it nearly impossible for these people to communicate freely.
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Figure 1.6: The rst ngerspelling systems in history emerged in sixteenth-century Spain and
Italy. Image from https://aslblog.goreact.com/the-history-of-sign-language.

Scholars of this period genuinely believed that deaf people could not learn, but some
teachers still tried. In 685 A.D. the Archbishop of York, John Beverly, famously taught a
deaf boy to speak. But instead of seeing this accomplishment as proof that Aristotle was
wrong, thinkers of the era deemed this act as divine. The archbishop was later canonized
for performing the miracle, but people still believed that the only way deafness could be
\overcome" was to speak the same language as the general population.

Teachers in Italy and Spain : In the sixteenth century, philosophers and teachers
nally started questioning Aristotle's claim that people who could not hear could not
be educated. An ltalian physician and mathematician named Girolamo Cardano (also
known as Gerolamo or Geronimo) was the rst voice to challenge Aristotle's long-standing
assumption.

Cardano claimed that hearing was not necessary for a person to understand ideas and
even started developing his own code of hand gestures. He believed that one could use
written words matched with symbols of what they represented to communicate with deaf
students. Although his code was never widely adopted, he did use his methods to teach
his own deaf son. And Cardano's theories greatly in uenced other leaders and thinkers
of the time.

Around the same time as Cardano (about 1570), a Spanish monk named Pedro Ponce
de Leon started educating his own deaf students|the sons of Spanish nobles. Because
they were deaf, these young men were ineligible to inherit property. Leon taught them to
read, write, and speak so they could claim the family fortunes that rightly belonged to
them. And his e orts were successful.

Both Cardano and Leon inspired another Spanish monk named Juan Pablo de Bonet
to take the biggest step in early sign language history. After developing his own methods
of educating deaf pupils, Bonet published the rst book on sign language in 1620. In it,
he included his own manual alphabet of handshapes representing sounds. This was the

rst published system of ngerspelling in history.

Even though these early systems were designed to teach deaf people how to speak
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Figure 1.7: By the 1700s, a standardized sign language|Old French Sign Lan-
guagelalready existed in Paris. L'Eppe added to this system at his school. Image from
https://aslblog.goreact.com/the-history-of-sign-language.

other languages, Bonet's book was still a revolutionary landmark in the development of
sign language as an o cially recognized form of communication. His book sparked interest
across Europe in educating deaf students, but it was not until the mid-1700s that the next
groundbreaking achievement in sign language development took place.

French Sign Language Revolution : The French Deaf community already used
a common sign language in Paris, one that had developed organically over centuries.
L'Eppe added to this Old French Sign Language system by creating a series of hand
signals to replace the sounds of the alphabet. As he taught the twins, 'Eppe uncovered a
breakthrough in deaf education: that deaf people learn visually all the same things that
other people learn by hearing. Deaf and mute people already had a language that was
every bit as powerful and expressive as spoken French, and the key to educating them
was training them to communicate with their hands instead of their voices.

In 1760 I'Eppe founded the rst free public sign language school in the world, funded
by his own inheritance. The school was called Institution Nationale des Sourds-Muetsa
Paris (The Royal Institution of Deaf-Mutes). As the French signing system and I'Eppe’s
methods of teaching continued to develop, deaf people from all over France ocked to his
school. Even o cials from other countries started to take notice. The emperor of Austria
and the empress of Russia both sent teachers to learn I'Eppe's teaching style, and his
in uence eventually led to the creation of twenty-one schools total in France and many
other countries.

Of course, I'Eppe wasn't the only in uential sign language teacher of this time period.
In England, Thomas Braidwood was establishing the Braidwood's Academy for the Deaf
and Dumb around the exact same time that I'Eppe's school opened in France. Braidwood
taught his pupils using a unique two-handed method of sign language, and he was pivotal
in developing the same British Sign Language used today in the United Kingdom.

But not all the teachers of the time were accepting of signs. Samuel Heinicke started
the rst German school for the deaf in 1778, but unlike I'Eppe, Heinicke was a staunch
oralist. He falsely believed that the primary function of education for deaf children should
be to develop their spoken language skills so they could fully integrate into hearing soci-
ety. This is the one area where I'Eppe's in uence stood out among the other European
teachers.

L'Eppe truly was the rst \manualist”" teacher, the rst leader of deaf education who
realized that sign language was the way deaf people should be communicating, and not just
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Figure 1.8: Thomas H. Gallaudet, the founder of the American School for the Deaf and the
namesake of Gallaudet University. Image from https://aslblog.goreact.com/the-history-of-sign-
language.

as a vehicle to help them speak oral languages. Aside from perpetuating the importance
of sign, I'Eppe's unique background in theology and law also made him a valuable ally for
deaf rights in both religion and the courtroom. He was one of the rst people in history
to publicly assert that deaf people deserved to be treated as fully functioning human
beings with something meaningful to contribute to society, even if they spoke a di erent
language. It's little wonder that today I'Eppe is known as the \Father of the Deaf."

The Great Gallaudet : Thomas Hopkins Gallaudet was a Yale graduate and an
ordained clergyman in Hartford, Connecticut. He dreamed of becoming a professional
minister, but his path took a dierent turn in 1814 when he met nine-year-old Alice
Cogswell.

She was the deaf daughter of Gallaudet's neighbor Dr. Mason Fitch Cogswell. Gal-
laudet befriended Alice when he saw that the other children were not playing with her,
and he began teaching her the names of objects by drawing pictures and words in the
dirt. Right from the beginning of their friendship, Gallaudet was amazed by Alice's intel-
ligence, personality, and enthusiasm to learn. He did not realize it at the time, but this
relationship with this little girl was going to change Gallaudet's life forever|and the lives
of millions of future deaf Americans too.

Dr. Cogswell was delighted to see his daughter's progress and convinced Gallaudet
that he should learn more about educating deaf children. Perhaps even start a school.
As a prominent member of Connecticut society, Dr. Cogswell used his connections to
raise enough money to send Gallaudet to Europe to study established methods of deaf
education. The funds were raised in just one afternoon, and soon Gallaudet was on a ship
bound for England.

He hoped to be trained at one of the Braidwood schools for the deaf in England
and Scotland, but the Braidwoods turned out to be far from welcoming. They were not
in a hurry to give up their family sign and lip-reading methods without compensation.
And Gallaudet wasn't convinced that their teaching methods were the best option for
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educating deaf children anyway.

A discouraged Gallaudet parted ways with the Braidwoods, but shortly thereafter he
met Abbe Roch-Ambroise Curcurron Sicard, I'Eppe's successor at the Paris school for the
deaf. Sicard just happened to be visiting England during Gallaudet's trip and was giving
lectures on deaf education along with two of his deaf assistants, Jean Massieu and Laurent
Clerc. When Gallaudet introduced himself and explained his vision of establishing a school
for the deaf in America, Sicard gladly invited him back to Paris to learn the French method
of deaf education.

Gallaudet liked what he saw in Paris. He studied French sign with great enthusiasm,
but he was quickly running out of money and needed to return home. Unsure if he could
really start an American school all on his own, Gallaudet convinced the young Laurent
Clerc to return with him to Hartford so they could start the school together. During
the long sea voyage across the Atlantic, Gallaudet taught Clerc English and Clerc taught
Gallaudet how to sign.

Sign Language today : Sign language is now recognized as the native communication
and education method for Deaf people. No one knows exactly how many sign languages
exist around the world today, but there are unique signing methods in just about every
country on the globe. Sign language is now recognized as the native communication
and education method for Deaf people. Many countries still do not have strong support
for deaf education, and plenty still haven't recognized sign as an o cial language. But
there's no doubt that sign has developed into a fully- edged and beautiful language of its
own right that has connected deaf people all around the world and impacted the lives of
individuals everywhere.

1.3.2 Sign Language Alphabet

Memorizing the American Sign Language alphabet (also known as the American Man-
ual Alphabet) is the rst step when learning American Sign Language and most new sign
language students rely on ngerspelling from the ASL alphabet when they don't know
the sign for something.

Grammatically, ngerspelling is used in ASL for signing proper nouns (people's names,
brand names, book and movie titles, and city and state names). So, it is recommended
that sign language students don't ngerspell a word they don't know. Instead, we suggest
trying to use signs you do know to describe the word or use gestures. If all else fails,
though, go ahead and ngerspell it.

1.4 Contributions & Thesis Structure

This Diploma Thesis discusses the contemporary research eld of 3D Computer Vision,
namely the 3D Reconstruction of the human facial expression, body structure, and hand
gesture. Moreover, this thesis investigates the complex task of Isolated and Continuous
Sign Language Recognition, and how the former eld can help. There is a plethora
of contributions that this thesis o ers. First of all, we o er a very detailed bibliographic
analysis of the most contemporary and state-of-the-art 2D and 3D methods for the human
reconstruction of the last 5 years. Next, a similar bibliographic analysis is followed for
the most important sign language datasets and the state-of-the-art methods confronting
the task of recognizing sign language. Moreover, during this thesis, we exploited the
Greek Sign Language Lemmas Dataset for our experiments, which we re-organized and
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Figure 1.9 The American Sign Language Alphabet. Image from
https://www.startasl.com/american-sign-language-alphabet.

made publicly available for further experimentation. Next, we applied 3D body, face,
and hands reconstruction methods on the isolated SLR task, achieving top results and
surpassing all other currently known methods. Furthermore, we conducted an ablation
study, showing the importance of having all three channels of information; namely facial
expression, hands shape, and body structure, for successfully recognizing Sign Language.
We compared the two most recent 3D reconstruction methods, i.e. SMPL-X (CVPR 2019)
[56] and ExPose (ECCV 2020) [15], in runtime and expressiveness, as well, while exploited
the latter in further experiments in the MS-ASL [74] dataset. Finally, we experimented
with depth estimation methods, as an additive channel to further increase accuracy to
the aforementioned methods. To conclude, this thesis opens a path to the world of 3D
Reconstruction and Sign Language Recognition. The former can be exploited in many
ways to improve the current methods for the latter, while it is currently an exceptional
tool for other tasks as well, nowadays, as it is highlighted in the Future Work section at
the end of this thesis.

This thesis has the following structure. Section 1 o ered an introduction to the topic
of machine learning and computer vision. Moreover, it o ers a brief discussion over the
topic of the human body, as well as the history, alphabet, and vocabulary of the Sign
Language.

Section 2 consists of an analytical bibliographical review of the state-of-the-art meth-
ods for 2D and 3D body, face, and hands reconstruction from 2015 onwards. Speci cally,
we present the most famous method for extracting the 2D skeleton body pose, hands, and
facial characteristics of a human from a single RGB, namely Openpose. Next, we move to
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the most important 3D models for parametrizing the human body (SMPL and SMPL-X)
and describe them in detail, while we analytically present the methods for extracting such
parameters from a single RGB frame (SMPLify, HMR, SMPLIify-X, ExPose).

Section 3 0 ers a presentation of the most important datasets (MS-ASL, GSLL) for the
task of the isolated sign language recognition, together with the state-of-the-art methods
which manage to achieve top accuracy in this task. Furthermore, we present the most im-
portant datasets for continuous sign language recognition as well (PHOENIX-WEATHER,
PHOENIX-WEATHER-TRANSLATION), and some of the most recent methods for con-
fronting this problem.

In Section 4, we analytically present our methodology and experiments. In speci c,
we present the 3D tools we employ, as well as the pipeline which was used to deal with
the problem of Sign Language Recognition. After presenting, the experimental setup,
we proceed with the experimental results and an ablation study. Moreover, we discuss
a comparison between two state-of-the-art 3D methods for body, face, and hands recon-
struction, namely SMPLIify-X and ExPose, as well as some experiments with the latter
on the MS-ASL dataset. Finally, we present one more experiment that has to do with
depth estimation of sign language videos, which is used as an enrichment piece to the 3D
information granted from SMPL-X.

To conclude, Section 5 presents some future directions that can be followed as a
continuation of this thesis and the main contributions of the thesis are being restated.
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Chapter 2

Body Reconstruction

Body Reconstruction is the procedure of creating a parametric model that can accu-
rately represent a wide variety of body shapes in natural human poses through a set of
meaningful parameters. Hence, body reconstruction can be considered as a mapping be-
tween two spacesR" ! R™, m n, whereR" is the space of a single RGB frame, while
R™ is the space of a set of features which represent the human body. This procedure can
be extended to cover the reconstruction of the hands and the facial characteristics, as well,
while it should be noted that much more detail is needed to cover these parts, due to their
smaller size compared to the body and the variety of expressions they can depict. The
two main categories of body, face, and hands reconstruction are the 2D Reconstruction
and the 3D Reconstruction.

2.1 2D Body Reconstruction

The main task in 2D body reconstruction is the pose estimation of a human in an
RGB image. Speci cally, the target is to locate a set of parameters or keypoints that can
e ciently describe the human body, face, hands, and feet. In Computer Vision, 2D Body
representation and reconstruction can be useful in numerous applications. In the next
subsection, we present plausibly the most known and accurate method for real-time 2D
Pose Estimation until now.

2.1.1 OpenPose

The proposed OpenPose method [11, 12, 66, 77], is probably the most acknowledged,
accurate, and fast method for real-time Multi-Person 2D Pose Estimation until now. This
real-time method is based on its bottom-up approach using Part A nity Fields (PAFS)
instead of the detection-based approach in other works. While it is the rst bottom-up
presentation of association score via PAFs, OpenPose achieves a running time that is
invariant to the number of people visible in the image, rendering it a perfect method for
real-time applications.

The overall procedure followed by OpenPose is shown in Figure 2.1. Given a single
RGB image, the method feeds this image in a baseline VGG-like network to extract a
feature map, which is given as input to a multi-stage CNN network, the architecture of
which can be seen in Figure 2.2. The multi-stage CNN is responsible for generating a set
of Part Con dence Maps and a set of Part A nity Fields. Finally, a greedy algorithm
combines the Con dence Maps and the Part A nity Fields to obtain the 2D pose for
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Figure 2.1: The overall presented pipeline. (a) OpenPose feeds the entire image to a CNN to
jointly predict (b) con dence maps for body part detection and (c¢) PAFs for part association.
(d) The parsing step performs a set of bipartite matchings to associate body part candidates.
(e) The nal assembly into full body pose for all people in the image. Image from [11].

each person in the RGB image. Con dence Map is a 2D representation of the belief that
a particular body part can be located in any given pixel. So, each map corresponds to
a joint and has the same size as the input RGB frame. A Part A nity Field is a set of
ow elds that encodes unstructured pairwise relationships between body parts. If, for
example, a pixel is on a limb, then that pixel is represented by a 2D unit vector from the
start joint to the end joint.

The rst step of the multi-stage CNN is to computer the PAFs from the feature maps
of the base network, namelyr. Let ! be the CNN at the rst stage of training. Then

L= YP (2.1)

This procedure is repeated, times in order for the PAFs to be re ned. Hence, if ! is
the CNN at the staget, and L' ! the previous PAFs, then

L'= (/L' )2 t T, (2.2)

After T, iterations, this process must be repeated for the con dence maps detection, given
again the the baseline feature map and the most updated PAFs prediction. This process
is repeated forT¢ iterations. Hence, letting ' be the the CNN at the statet, then

STP = t(|:;|_TP);1: = Tp (23)

S'= YFL™; S )iTp<t Tp+Tc (2.4)

The nal Part A nity Fields (PAFs) L, and the con dence mapsS are then processed
by the greedy algorithm.

The parsing method contains three steps that can be described as follows: Step 1
Using the con dence maps, nd all joints locations. Step 2Using the part a nity elds
and joints found in Step 1, nd which joints go together to form limbs (body parts).
Step 3 Associate limbs that belong to the same person to get the nal list of human
poses. A brief explanation of each step is followed for the completeness of the OpenPose
algorithm.

Step I This step gets as input the con dence maps and the up-sampling scale, which
is the di erence in height and width between the initial RGB image and the con dence
maps. The output of this step is a jointslist, which is a list of joint locations, where each
item is a list of peaks k;y; probability). The algorithm follows the following procedure.
For each joint, it gets the corresponding 2D heat-map for the joint in con dence maps
and nds the peaks by thresholding the 2D heat-map. Next, for each peak, it takes the
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Figure 2.2: The proposed OpenPose architecture of the multi-stage CNN. The rst set of
stages predicts Part A nity Fields ( L!), while the last set predict Part Con dence Maps (S').
The corresponding image features are concatenated for each subsequent stage. Image from [11].

patch around the peak, and it scales it up according to the up-sampling scale. Afterward,
it nds the maximum peak location and adds it to the list of peaks of the joint.

Step 2 This step gets as input the jointslist from the rst step, the Part a nity elds
(PAFs), the up-sampling scale, which is the di erence in height and width between the
input image and PAFs map, and nally the number of intermediate points between the
source and destination joints. The output of this step is the connecteldnbs, which is a
list of connected limbs, where each item is a list of all limbs of that type found in the form
(the id of the source joint, the id of the target joint, score of how good the connection
is). The algorithm follows the following procedure. First, scale up the PAFs to the input
size according to the up-sampling scale. Next, for each limb type i.e. right wrist elbow,
get all the source and destination joint peaks, while if at least one of them is 0, skip
this limb. Then, create a list to store all limb connection candidates and for each source
peak and target peak, nd the direction vector by subtracting the former from the latter.
Normalize the vector into a unit vector, get PAFs values at each intermediate point and
calculate the score of the current limb connection by averaging the PAFs values. Add the
limb connections to the limb connection candidates while adding a score to penalize the
long-distance limb. For each connection candidate, add the connection to the nal list if
the source and the destination are not selected for any connection.

Step 3 This step gets as input the jointslist from Step 1 and the connectedimbs
from Step 2 and gives as output the poses, which is a list of human poses for each person
in the RGB frame. Each item of this list contains the joint locations for that person. The
algorithm follows the following procedure. For each limb type and for each connection of
that type nd the persons that are associated with either joint of the current connection.

In case there is no person, create a new person with the current connection. If there is
one person, then add the connection to that person. Finally, if there are two persons,
merge these two persons into 1 and add the connection. Remove any person with very
few joints.

This real-time Multi-Person 2D Pose Estimation method has numerous application
from Action Recognition [51, 35], Robotic Visual Servoing [30] and Sign Language Recog-
nition [74]. The OpenPose version that can jointly detect human body, hands, and facial
keypoints on single images returns a total of 137 keypoints in the format of;fy; p) where
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Figure 2.3: OpenPose jointly detects human body, hands, facial and feet keypoints from a
single RGB image containing viewpoint and appearance variation, occlusion, crowding, contact,
and other common imaging artifacts. Image from [11].

(x;y) is the position of the keypoint and p the con dence level of the keypoint. In speci c,
OpenPose returns 25 keypoints for the 2D body pose, 21 keypoints for the 2D left hand,
21 keypoints for the 2D right hand, and 70 keypoints for the 2D face expression. Fig-
ure 2.3 shows results containing viewpoint and appearance variation, occlusion, crowding,
contact, and other common imaging artifacts. Finally, Figure 2.4 shows an example frame
with the produced 2D skeleton keypoints.

Figure 2.4: Example frame of the 2D skeleton produced by OpenPose showing the specic
keypoints. Image from [11].
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2.2 3D Reconstruction Methods

In computer vision and computer graphics, 3D reconstruction is the process of cap-
turing the shape and appearance of real objects. One of the main goals of 3D Computer
Vision, when it comes to 3D Body Reconstruction, is the creation of a realistic 3D model
that captures the human body shape and pose dependent shape variation and accurately
represents a wide variety of body shapes in natural human poses. Furthermore, a big
task of 3D human reconstruction is to e ciently extract these realistic body models from
single RGB images accurately and fast. In the next subsections, we present some of the
most famous methods of 3D Body Modelling and 3D Body Reconstruction of the last 5
years.

2.2.1 SMPL & SMPL-ify
2.2.1.1 SMPL model

SMPL [48] is one of the rst realistic 3D models of the human body that is based on
skinning and blend shapes and is learned from thousands of 3D body scans. SMPL is
a learned model of human body shape and pose-dependent shape variation that is more
accurate than previous models and its compatible with existing graphics pipelines. This
Skinned Multi-Person Linear model (SMPL) is a skinned vertex-based model that accu-
rately represents a wide variety of body shapes in natural human poses. The parameters
of the model are learned from data including the rest pose template, blend weights, pose-
dependent blend shapes, identity-dependent blend shapes, and a regressor from vertices
to joint locations. Unlike previous models, the pose-dependent blend shapes are a linear
function of the elements of the pose rotation matrices. This simple formulation enables
training the entire model from a relatively large number of aligned 3D meshes of di erent
people in di erent poses.

2.2.1.2 SMPL-ify algorithm

SMPL-ify [7] is one of the very rst methods for automatically estimating the 3D
pose of the human body and its 3D shape from a single unconstrained image. To do so,
the SMPL-ify method predicts the 2D body joint locations using DeepCut [59] and then
ts the aforementioned statistical body shape model SMPL to these joints. This is done
through the minimization of a sophisticated objective function which penalizes the error
between the projected 3D model joints and the detected 2D ones. Qualitative results of
the SMPL-ify method are shown in Figure 2.5. The SMPL-ify method can be divided
into three main sub-tasks. First, the CNN-based DeepCut prediction of the 3D body joint
locations takes place, while next, the body surface is approximated by a set of \capsules”
where each one has a radius and an axis length. Finally, an objective function is carefully
constructed for it to be minimized. These steps are brie y described below.

2D Body Joints and 3D Body modeling . A single RGB image is given as input
to the DeepCut CNN to predict 2D body joints, Jest. The model provides for each joint
i a con dence value,w;. The body model, according to SMPL, is de ned as a function
M(;; )where; and stand for the shape, pose and translation respectively. The
function M returns a triangulated surface with 6890 vertices. The shape parameters
are coe cients of low-dimensional shape space, learned from a training set of thousands
of registered scans. The pose parametersepresent the axis-angel representation of the
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Figure 2.5: Two examples from the 3D pose and shape estimation using the SMPL-ify method.
The original image is shown at the left, the tted model at the middle and the 3D model rendered
from a di erent viewpoint is shown at the right of the gure. Image from [7].

relative rotation between parts. IfJ( ) denotes the function that predicts 3D skeleton
joints locations from body shape, then those joints can be put in arbitrary poses by
applying a global rigid transformation induced by pose denoted askR (J( );) for joint i.

Bodies Approximation with Capsules : One of the main challenges of 3D pose
estimation is handling the interpenetration between body parts. Apparently, the SMPL
model detects and prevents interpenetration which on the other hand, is extremely ex-
pensive to compute for non-convex and complex surfaces like the body. Using proxy
geometries to compute collisions is a much more e cient method which is followed by the
SMPL-ify system by approximating the body surface as a set of \capsules", whereas each
has a speci c radius and axis length. Two examples are shown in Figure 2.6

Objective Function and Optimization : The objective function used for minimiza-
tion for the 3D pose and shape to be tted to the CNN-detected 2D joints is the sum of
ve independent error terms;

E(; )=Ei(; ;K Jest) + E()+ E()+ spEsp(; )+ E() (2.5)

where K are the camera parameters and , , ¢, and are scalar weights. The
rst error function, is called the joint-based data term which penalizes the weighted 2D
distance between projected SMPL joints and estimated jointdes;. Namely:
X
EJ ( ; ;K;Jest) = Wi ( K (R (J( )I)) Jest;i) (2-6)

joint i

where  is the projection from 3D to 2D induced by a camera with parameters K.
A di erentiable German-McClure penalty function [24] is used for dealing with noisy
estimates. Each jointi contributes by a weightw; which is the con dence produced by
DeepCut and when it comes for occluded joints, this value is usually low and the pose is
driven by the pose priors. The next error function penalizes unnatural bending of elbows
and knees and is given by the formula:
X
Ea( )= exp() (2.7)
|
wherei sums over pose parameters (rotations). The exponential helps the strong penal-
ization of positive bending which is unnatural, while negative and zero bendings ( 0)
are not heavily penalized. Next, given the signi cant variation of poses, it is of vital
importance for the method, to represent the multi-modal nature of the data. This is done
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Figure 2.6: Body shape approximation using capsules for two subjects. The original shape
is shown at the left, the approximated shape with capsules is shown at the middle, while the
capsules reposed are shown at the right. Yellow point clouds represent actual vertices of the
model that is approximated. Image from [7].

by tting SMPL to the CMU marker data, using MoSh [49] and then tting a mixture of
Gaussians to approximately 1 million poses. Thus

E()= log (GN(; 4: 3) min( loggN (; 5: 3)) (28
]

where c is a positive constant and; are the mixture model weights of N=8 Gaussians.
For the interpenetration error term, the capsule's volume are simpli ed into spheres with
centersC(; ) along the capsule axis and radius( ) in order to relate it to the intersec-
tion volume between \incompatible" capsules. Considering a 3D isotropic Gaussian with

()= % for each sphere, the penalty is de ned as a scaled version of the integral of
the product of Gaussians corresponding to \incompatible" parts: |

Es( ;)= exp —— o
. 2O+ 20

where the summation is over all the sphereand I(i) are the spheres that are incompatible
with i. Finally, a shape prionE ( ) is de ned as

E()= T 1 (2.10)

(2.9)

where !is a diagonal matrix with the squared singular values estimated via the Prin-
cipal Component Analysis from the shapes in the SMPL training set.

For the optimization, the camera translation, is initialized by assuming the person is
standing parallel to the image plane. This estimation is further re ned by minimizings;
over the torso joints alone with respect to the camera translation and body orientation.
The best technique for avoiding local minima is starting with high values of and and
gradually decreasing them. In case the person in the frame is captured in a side view, two
initializations are attempted; one as described above and one with the orientation rotated
by 180 degrees. The one with the lowed$f; is picked. The Equation 2.5 is minimized
using Powell's dogleg method [52].

The optimization method takes almost one minute for a single RGB frame. SMPL
and SMPL-ify gained great research attraction in the last few years, while many more
contemporary methods tried to improve the technique, either when it comes to faster
optimization and more detailed representation or when it comes to adding the 3D re-
construction of facial expression and hands. More examples of the SMPL and SMPL-ify
method are shown in Figure 2.7.
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Figure 2.7: Each sub-image shows the original image with the 2D joints t by the CNN. To
the right of that is the estimated 3D pose and shape and the model seen from another view.
Image from [7].

Figure 2.8: Overview of the proposed framework. A given RGB image | is passed through a
convolutional encoder, features of which are given as input to an iterative 3D regression module
that infers the latent 3D representation of the human by minimizing the joint reprojection error.

A discriminator D is also exploited to tell if the 3D parameters come from a real human shape
and pose. Image from [34].

2.2.2 Human Mesh Recovery (HMR)

While SMPLIify o ers a very qualitative and detailed reconstruction of the human
body from a single RGB image, the optimization technique exploited takes up to a whole
minute for each frame, rendering this method inappropriate for real-time applications.
In 2018, Angjoo Kanazawa et al. [34] proposed an end-to-end method for the recovery
of the human shape and pose named Human Mesh Recovery (HMR). This framework
reconstructs a full 3D mesh from a single RGB image, running in real-time while showing
competitive results compared to other reconstruction methods. Figure 2.8 shows the
overview of the proposed framework.

This method used the Skinned Multi-Person Linear model (SMPL) which is described
in Section 2.2.1.1 to encode the 3D mesh of the human body. SMPL encodes the 3D Body
Representation through shape, which shows how each person varies in body proportions,
height, and weight, and through pose, which shows how the 3D surface deforms with
articulation. The shape is given by the rst 10 coe cients of a PCA shape space
while the pose is given by relative 3D rotation of 23 joints in axis-angle representation.
Moreover, the 3D keypoints used for reprojection erroK (; ) are obtained by linear
regression from the nal mesh vertices. The weak-perspective camera model is employed
and the solution yields the global rotationR 2 R® 3, the translation t 2 R?, and the scale
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Figure 2.9: Human Mesh Recovery (HMR) qualitative results using end-to-end adversarial
learning of human pose and shape. The rst two rows show results from the HMR model trained
with some 2D-to-3D supervision, while the bottom row shows results from a model that is trained
in a fully weakly-supervised manner without using any paired 2D-to-3D supervision. The full
3D body is inferred even in cases of occlusions and truncations. Head and limb orientations are
captured as well. Image from [34].

s 2 R. Therefore, the 3D reconstruction of a human body is expressed through an 85
dimensional vector = f ; ;R;t;s gand the projection ofX (; ), given an orthographic
projection is

R=s(RX(; )+t (2.11)

The iterative 3D Regression with feedback is responsible for producing given an
image encoding while aiming to minimize the joint reprojection error

I—reproj = i kvi (X ki)kl (2.12)

wherev; is the visibility for each of the K joints (1 if visible, O if not),  as de ned in
Equation 2.11 andx; 2 R? X is the ith ground truth 2D joints. In order to successfully
regress through the 3D Regression, the authors regressin an iterative error feedback
loop, where progressive changes are made recurrently to the current estimate. Speci cally,
given the image features and the current parameters . the regression module produces
the residual , and then the current estimate ., is updated by adding the residual

to the current estimate. The mean is chosen as an initial estimate .

To eliminate the chance of an anthropometrically implausible 3D body or a body with
gross self-intersections to minimize the reprojection loss, a discriminator netwoik is
exploited to tell whether SMPL parameters correspond to a real body or not. This is
mentioned as an adversarial prior sinc® acts as a data-driver prior that guides the 3D
inference. Figure 2.9 shows qualitative results for the HMR method.

2.2.3 SMPL-X & SMPLIify-X

A much more detailed and qualitative approach appeared in 2019 from G. Pavlakos
and V. Choutas et al. [56] who not only improved the SMPL model by proposing a
new, uni ed, 3D model of the human body SMPL-X but improved as well the SMPL-ify
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approach for reconstructing 3D Hands, Face, and Body from a single monocular image.
SMPL-X, through thousands of 3D scans, is trained to t fully articulated hands and an
expressive face. Furthermore, SMPIify-X is an improved version of the SMPIlify method
in a way that 2D features for face, hands, and feet are used to t the full SMPL-X model,
a new more accurate, and faster interpenetration penalty is de ned and a new neural
network pose prior is being trained.

Unied model SMPL-X : SMPL-X uses vertex-based linear blend skinning with
learned corrective blend shape while haviny = 10;475 vertices andK = 54 joints,
including joints for the neck, jaw, eyeballs, and ngers. To better facilitate hands and
face, the pose parameters are decomposed into; for the jaw joint, | for the nger
joints, and | for the remaining body joints. The shape parameters for body, face, and
hands are noted as usual, with , while the facial expression parameters with . Hence:

MG 5 )= W(Te(5 5 )3(); ;W) (2.13)
To(:5 )= (T)+ Bs( ;S)+ Be(; BE)+ Bp(;P) (2.14)
P
In the aforementioned equationBs( ;S)= ! 1S, is the shape blend shape function

given the linear shape coe cients and the orthonormal principle components of ver-
tex displacqments capturing shape variations due to di erent person identit$,. Next,
Be( ;P)= 2 (Ra() Rn( ))Py, is the pose blend shape function which adds cor-
rective vertex displacements to the template mesh given a mapping functionR from

the pose vector to a vector of concatenated part-relative rotation matrices, thea" el-
ement of R( );R,( ), the pose vector of the rest pose and tE,e_ orthonormal principle
components of vertex displacement®,. Finally, Be(; E) = 1. LE is the expres-
sion blend shape function, given the principle components capturing variatiofisand the
PCA coe cients . The 3D joint locations J vary between di erenct shapes and are a
function of body shape accordingtd( )= J (T + Bs( ;S)), whereJ is a sparse linear
regressor of 3D joint locations from mesh vertices. A linear blend skinning functiofil
rotates the vertices inT,, around the joints J( ) smoothed by blend weightsw. The
template is tted into four datasets of 3D human scans to estimate the shap&g and
body posefW ; P;Jg space parameters, while the hand and face parameters are leveraged
from MANO [64] and FLAME [47] which have learned the pose space and pose corrective
blendshapes for the hands through 1500 hand scans, and the expression spafte the
face from 3800 head scans respectively.

SMPLIify-X : Similarly to the SMPL-ify method described in Section 2.2.1.2, to t
SMPL-X to a single RGB image the authors solve an optimization problem by minimizing
the following function

E(;; )=E;+ E,+ E,+ mEm,+ aEat E + gEg+ cEc (2.15)

b b f f

The data term E; a re-projection loss is exploited for minimizing the weighted robust
distance between the estimated 2D joints].s, and the 2D projection of the corresponding
posed 3D SMPL-X jointsR (J( )); for each jointi, and is given by
X
Es(; KiJ est) = i (kK (RQEACDD) Jesti) (2.16)

joint i

given the the 3D to 2D projection with intrinsic camera parameter&, . Itisimportant
to mention that the 2D detection not only for the body but for the hands, face and feet
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Figure 2.10: SMPL-X model and SMPLIify-X method: The major joints of the body are not
su cient to represent body pose, hand pose, and facial expression, all together. This approach
estimates a detailed and expressive 3D model from a single RGB image. From left to right;
RGB image, major joints, 2D skeleton (using OpenPose), SMPL (female) and SMPL-X (female).
Image from [56].

keypoints as well, are made with OpenPose which is described in Section 2.1.1. The
termsEn, (mn);E , ( ¢);E ( )andEg( ) arelL, priors for the hand pose, facial pose, body
g1ape and facial expressions, penalizing deviation for the neutral state. TEg( p) =

i2(elbows:knees) €XP( 1), similar to SMPLify in Equation 2.7, while E ( ) is a VAE-
based body pose prior an&c( vnf; ) IS an interpenetration penalty. Finally, denotes
optimization weights while an annealing scheme is followed.

Collision penalizer : While SMPL-ify penalizes penetrations through a collision
model which is based on an ensemble of capsules, this is only an approximation of the
human body. Since SMPL-X models the ngers and the face as well, a more detailed
collision model is required. For that, a list of colliding trianglesC are detected by em-
ploying Bounding Volume Hierarchies (BVH) [71] and local conic 3D distance elds
de ned by the triangles C and their normalsn are computed. Then the penetrations can
be penalized by the depth of the intrusion, computed by the position in the distance eld.
Given two colliding trianglesfs and f, the intrusion is bi-directional; the verticesv; of f
are the intruders in the distance eld of ;_ of the receiver trianglef s and are penalized
by ¢.(w) and vice-versa. Hence, the collision terr&c is de ned as

X ( X X )
Ec( )= K (e)nsk®+ ko r, (v)nk? (2.17)
(fs( )ife( ))2C  vs2fs vi2fy

Some qualitative results of the SMPL-ify method and the SMPL-X model can be seen
in Figure 2.11.
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Figure 2.11: Qualitative results of SMPL-X for in-the-wild images. Gray color depicts the
gender-speci ¢ model for con dent gender detections, while the blue color depicts the gender-
neutral model that is used when the gender classi er is uncertain. Image from [56].

2.2.4 ExPose

While the SMPL-X model seems to be the most detailed and accurate model for
representing the human body and SMPify-X the most e cient algorithm for extracting
SMPL-X features from a single RGB image, the time constraint sets a major drawback
for real-time applications. As mentioned earlier, the SMPLIify-X method requires approx-
imately a minute per image due to the minimization of the Equation 2.15. In ECCV
2020, Vasileios Choutas, Georgios Pavlakos et al. [15] proposed ExPose, which stands for
EXporessive POse and Shape rEgression. In contrast to SMPL-X that not only is slow
due to the optimization-based method but also requires 2D keypoints as input, ExPose
directly regresses the body, face, and hands in SMPL-X format, from an RGB image in
almost real-time. While the HMR method was fast due to its regression technique, the
estimation of hands and face was poor due to the downscaling caused by the neural net-
work. ExPose exploits body-driven attention for these regions to extract higher-resolution
crops from the original image while feeding them to dedicated re nement modules with
part-speci ¢ knowledge from existing face- and hand-only datasets.

3D Body Representation : This work chooses to represent the human body through
SMPL-X, which is described in detail in the previous section. The expression parameters

2 R'° and the expression parameters 2 R!° are described by 10 coe cients from
the corresponding PCA spaces. The pose vector2 R’ P models the articulation of
the limbs, the hands, and the face, where D is the rotation representation, here chosen
as 6, which describes the relative rotation of thed = 53 major joints, including 22
main body joints, 1 for the jaw and 15 joints per hand for the nger. Hence, the posed
joints are denoted with X (; ) and the nal set of SMPL-X parameters is the vector

= f;; g2RS3%,

Body-driven Attention : Let | be the full resolution image andT, 2 R? 3 an ane
transformation used for extracting a bounding box of the body,. Then, the body croply
is fed into a neural networkg similar to the HMR technique to produce the parameters y,
the camera scales,, and the translation t,. The recovered posed jointX are projected
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Figure 2.12: The body-driven attention method proposed by ExPose. A body image is ex-
tracted using a bounding box and fed to a neural networkg( ), that predict body pose 1, hand
posethetay, facial posetheta;, shape , expression , camera scales and translation t. The
face and hands are extracted from the original resolution image using bilinear interpolation and
then are fed to part speci ¢ sub-networksf () and h( ) to produce the nal estimates. The part
speci ¢ networks receive hand and face only data for extra supervision. Image from [15].

on the imagex = s(( X) + t), given an orthographic projection . Next, new ane
transformationsTy; Ty 2 R? 3 are used to extract higher resolution hand and faces images
using spatial transformers (ST): [31]

In = ST(;Th); s = ST(; Ty) (2.18)

Similar to 1, the hand and face images are fed to a hand netwolkand a face network
f, to re ne the respective parameter predictions. The hand parameters, include the
orientation of the wrist "™t and nger articulation f"9¢'s = The face parameters contain
the expression coe cients ¢ and the facial pose ;. The re nement of the parameters of
the body network is done by predicting o sets for each of the parameters and conditioning
the part speci ¢ networks on the corresponding body parameters:

wrist . ngers  — K| wrist . ngers [
)

where Wrist; fingers . f- . are the wrist pose, nger pose, facial pose and expression
predicted by g( ) respectively. The predicted 3D meshes are aligned to their respec-
tive imagesly and Is through a set of weak-perspective camera parametdrs;; t,g and

f st ; ts gproduced by the hand and head sub-networks. The nal predictions are equal to:

h i
- wrist . ngers  _ wrist . ngers .
h = , ™ - b 1 b + wrist ngers ] (2.20)

[ 6l= wb +[ & 1] (2.21)
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Figure 2.13: Qualitative results of the ExPose method. The raw RGB image is shown on
the left. The naive regression from a single body image is shown in the middle, which fails to
capture detailed nger articulation and facial expressions. The ExPose results are shown at the
right. Note that due to the attention mechanism, ExPose is able to recover details and produce
results of similar quality as SMPLIify-X, while being 200 times faster. Image from [15].

Thus, the full resolution of the image is being utilized while the network has also the
ability to leverage hand- and face-only information to supplement the training of the
hand and face sub-network. Figure 2.12 shows the prediction module in detail.
Loss function : To train the model, the authors combine a body, face, and hands loss
function, namely:
L = Lbody+ Lhands + Lface + Ln + Lyt (2.22)

The body network is trained using a 2D re-projection loss, 3D joints loss and a loss of the
parameters . Hence, Ly,0dy = Lyeproj + Lapjoins + LsmpL x Where:

X
L3p Joints + LswpL x = >€j X 1"‘ kKE™ ™S g f o gk (2.23)
j=1
X
Lrepoj = Vi kR Xxjkg (2.24)
j=1
where hat terms denote ground-truth quantities andu; is a binary variable denoting
visibility of each of the J joints. For the hand and head only data a re-projection loss is
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Figure 2.14: Further qualitative results for the ExPose method. The image shows the input
image, the ExPose prediction overlayed on the image and rendering from di erent viewpoints.
Image from [15].

employed, using only the subset of joints of each part, and parameter losses:

nA A (0] 2
Lhand = I—reproj + mon oo R0 X (2.25)
n/\ A A 0 2
Lface = Lreproj + £ fr f T ) (2.26)

Due to the fact that ngers and facial landmarks have a much smaller magnitude compared
to those of body joints, an extra penalty is used for these. A 2D re-projection losg and
L is applied in the hand and face image coordinate space using the a ne transformation
T, and T; respectively.
X X
Ly = Vi Tthl(kj Xj) 1;Lf = Vi TfTbl(k‘j Xj) 1 (227)

j2 Hand j 2 Face

Figures 2.13 and 2.14 show qualitative results of the ExPose method.
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Chapter 3

Sign Language Recognition

With the term \Sign Language" we refer to a language that employs signs made with
the hands and other movements, including facial expressions and postures of the body,
used primarily by people who are deaf. Sign Languages are languages that use visual-
manual modality to convey meaning and are expressed through manual articulations in
combination with non-manual elements. Sign Languages do have their own grammar and
lexicon, they are not universal and they are not mutually intelligible with each other.
Humans are able, due to their natural ability, to identify continuous and isolated sign
language after they have been trained to identify and understand it. Unfortunately, that
is not the case with computers since Sign Language Recognition (SLR) is considered a
very hard task due to the need of combining information from three di erent channels;
face, body and hands. Sign Language Recognition is mainly divided into two main tasks;
isolated sign language recognition and continuous sign language recognition.

Sign languages are natural languages communicable purely by vision via sequences of
time-varying 3D shapes. They serve for communication in the Deaf communities, as well
as among deaf and hearing people if the latter learn to sign. They also serve as inspi-
ration and/or models for building sets of gestures for human-computer communication
or interaction. They convey information and meaning via spatio-temporal visual pat-
terns, which are formed by manual (handshapes) and non-manual cues (facial expressions
and upper body motion). Computer-based processing and recognition of sign videos is
also broadly related to vision-based human-computer and human-robot interaction using
gesture recognition.

While signi cant progress exists in the eld of automatic sign language recognition
from the computer vision and pattern recognition elds, e.g. see [75, 54, 3, 72, 53] and
the references therein, it still remains a quite challenging task especially for continuous
sign language. In addition to signs having a complex multi-cue 4D space-time structure,
the di culty in their automatic recognition is also due to the large variability with respect
to inter-signer or intra-signer variations of signing while expressing the same concept-word.
Due to the above variability, instead of recognizing each sign as a whole “visual word’,
a more e cient approach (inspired by speech recognition) is to decompose signs into
subunits resembling the phonemes of speech, and recognize them as a speci ¢ sequence
of subunits by using some statistical model, e.g. via Hidden Markov Models (HMMs).

Clearly, the subunits approach performs much better on large vocabularies and contin-
uous language; further, the subunits are reusable and help with signer adaptation. In lack
of a lexicon, a computational technique to nd such subunits islata-driven i.e. perform
unsupervised clustering on a large database and use the cluster centroids as subunits.
This performs well in several instances, especially when the subunits are pre-classi ed
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and statistically modeled based on visual features into dynamic vs. static, as done in
[72]. A further improved performance accompanied with phonetic interpretability may be
obtained if the chosen subunits are also based on the phonetic structure of a sign, as for
example by incorporating the Posture-Detention-Transition-Steady Shift (PDTS) system
[32] of phonetic labels. In [60] the phonetic information provided by the PDTS tran-
scriptions of sign videos was combined with the automatically extracted visual features
to create statistically trained phonetic subunitsand a corresponding lexicon, which were
then used for optimally aligning (via Viterbi decoding) the data with the phonetic labels
and hence providing the missing temporal segmentation, as well as better sign recognition.
Vogler and Metaxis in [75] present a novel framework to ASL recognition that aspires to
being a solution to the scalability problems. It is based on breaking down the signs into
their phonemes and modeling them with parallel hidden Markov models. Finally, another
paper that exploits hidden Markov models for spatiotemporal inputs in the sign language
recognition problem is [13]. The proposed approach deals with temporal and spatial as-
pects of the spatiotemporal domain in a discriminative as well as coupling manner. Self
Organizing Maps (SOM) model the spatial aspect of the problem and Markov models
its temporal counterpart. Incorporation of adjacency, both in training and classi cation,
enhances the overall architecture with robustness and adaptability.

While information and meaning in sign languages are mainly conveyed by moving
handshapes, they are also conveyed in part by non-manual cues such as facial expres-
sions. These expressions can be visually modeled by deformable models that encode both
geometric shape and brightness texture information. Deformable masks provided by ac-
tive appearance models (AAMs) [17] can successfully help with detecting and tracking
several types of informative events in frames from a sign sequence, e.g. eye blinking, as
done in [5]. AAMs [65] have also signi cantly boosted the performance of handshape
recognition in sign language videos.

With the advancement of deep neural networks, much progress has been made in
independent and continuous SLR, with the use of CNN and LSTM networks. Koller et
al. in [40] used a pretrained GoogleNet CNN architecture followed by 2 Bidirectional
LSTM layers to achieve, the currently minimum, 26.8% word error rate in the RWTH-
PHOENIX-Weather 2014 continuous sign language dataset [38]. In [74], Joze and Koller
have experimented with di erent deep learning methods in independent SLR, like the I3D
[14] that consists of a plethora of Conv3D layers and inception modules, or the hierarchical
co-occurrence network (HCN) [46] for body key-points. An integral component of our
approach is the use of a recently introduced parametric body model, SMPL-X [56] that
can jointly model the body, the hands and the face of the person. With the exception of
Adam [33], this is the only available model that can jointly capture these three channels
of information. Previous statistical models, focus only the body (e.g., SCAPE [4] and
SMPL [48]), or add hands, but still miss the facial expression (e.g., SMPL+H [64]),
which is crucial for the task of sign language recognition. Conveniently, SMPL-X is
also accompanied by a method that allows us to reconstruct the model parameters for
a person from a single image. The method is called SMPLify-X and is based on the
SMPLIfy approach by Bogo et al. [7].
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3.1 Isolated Sign Language Recognition

3.1.1 Introduction

The term isolated sign language recognition is used to describe the task of recognizing
a single sign which is not in the context of a complete sentence. More speci cally, the
computer's task is to identify a speci ¢ sign among a set of signs, which is depicted by a
signer in a single video. Many datasets have been created for this task and a variety of
methods have been exploited to increase the accuracy. In the next subsections we present
some of the main isolated sign language datasets along with their methods for achieving
high accuracy.

3.1.2 The MS-ASL Dataset

One of the most famous datasets for isolated sign language recognition is the MS-
ASL dataset proposed by V. Joze and O. Koller in BMVC 2019 [74]. They propose the
rst real-life large-scale sign language data set comprising over 25,000 annotated videos,
which they thoroughly evaluate with state-of-the-art methods from sign and related action
recognition. Unlike the current state-of-the-art, the data set allows to investigate the
generalization to unseen individuals (signer-independent test) in a realistic setting with
over 200 signers. Previous work mostly deals with limited vocabulary tasks, while in this
paper, the authors cover a large class count of 1000 signs in challenging and unconstrained
real-life recording conditions. They further propose 13D, known from video classi cations,
as a powerful and suitable architecture for sign language recognition, outperforming the
current state-of-the-art by a large margin. The data set is publicly available to the
community. Some characteristics of the 4 proposed subsets of the MS-ASL data set is
shown in the next Table. Moreover, Figure 3.1 illustrates a histogram of the duration of
the 25,513 video samples of signs after the manual touch-up. To highlight the diversity of
this dataset, Figure 3.2 shows a set of frames that represent the exact same sign \nice".

Number of Videos Duration Videos per class
Data set Class Subjects Train Validation Test Total [hours:min] Min Mean
ASL100 100 189 3789 1190 757 5736 5:33 47 574
ASL200 200 196 6319 2041 1359 9719 9:31 34 1%
ASL500 500 222 11401 3702 2720 17823 17:19 20 35
ASL1000 1000 222 16054 5287 4172 25513 24 : 39 11 25

Next, we present the state-of-the-art methods used to solve the problem of isolated
sign language recognition. Isolated sign language recognition can be considered similar
to action recognition or gesture detection as it is a video classi cation task for a human
being. Three main categories or combinations of them can be considered to confront this
challenging task.

A

Exploit the RGB image using 2D convolution on it and do a recurrent network on
top of that.

Extract body joints in the form of skeleton for the signer, using 2D reconstruction
methods.

Using 3D convolution or 3D reconstruction features.
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Figure 3.1. Histogram of frame numbers for ASL1000 video samples. Image from [74].

2D-CNN : Extraction of features is achieved from each frame of the video indepen-
dently using 2D convolutional layers. Next LSTM layer [26] was used on the top of 2D
convolutional networks, which records the temporal ordering and long range dependencies
by encoding the states. VGG16 [67] network was used as the convolutional network and a
single LSTM layer of size 256 with batch normalization was used as the recurrent network.
This method is refereed to a8/GG-LSTM . Another famous method implemented for
continuous sign language by O. Koller et al. in CVPR 2017 [40] was tested in this dataset
which used GoogleNets [70] as the 2D-CNN followed by 2 bi-directional LSTM layers and
3-state HMM. This method is reported as [40] and it will be further discussed later on in
this Chapter.

Body Keypoints : Extracting 2D skeleton keypoints of the signer is another method
that can be exploited for isolated sign language recognition. A work that covers hand and
face keypoints along with the classical skeleton [66] is used for these experiments. 137
keypoint are extracted in total, where is keypoints is in the form ofx;y; confidence).
Hence, since each video contains 64 frames, a neural network with input of 6437 3
is needed. Figure 3.3 illustrates the extracted 137 body keypoints for a set of frames
from a video sample of MS-ASL. The network exploied in this scenario is the hierarchical
co-occurrence network (HCN) [46] which originally used 15 joints. The input of the
extended network is 137 body keypoints as well as per frame di erence of them. The
network included three layers of 2D convolution on top of each input as well as two extra
2D convolution layers after the concatenation of two paths. The architecture can be seen
in Figure 3.4. This method is refereed to akICN .

3D-CNN : In the last few years, 3D convolutional networks have shown promising
perfromance in action recognition tasks including two of the most famous models, C3D
[73] and 13D [14] networks. While C3D did not converge for any of the experiments
performed, the 13D network was trained successfully. It contains several 3D convolutional
layers followed by 3D max-pooling layers and in ated Inception-V1 submodules. The
architecture can be seen in Figure 3.5. This experiment is referred to 8D .

The aforementioned methods were trained on four di erent MS-ASL subsets (ASL100,
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Figure 3.2: Characteristic frames from the MS-ASL dataset depicting the exact same sign
\clean"/\nice".
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Figure 3.3: Extracted 137 body keypoints for a video sample from MS-ASL. Image from [74].

Figure 3.4: Overview of the proposed hierarchical co-occurrence network: The temporal action
detection framework. The backbone network is described in the left. Two subnetworks are
designed for temporal proposal segmentation and action classi cation respectively. Image from
[46].

ASL200, ASL500, AS1000). Tabl@? reports the results for the average per class accuracy.
The experimental results suggest that this dataset is very di cult for 2D-CNN network

or that one LSTM layer can not propagate the recurrent information well. Re-Sign [40]
method which report as state-of-the-art in some continuous-sign-language datasets, does
not manage to achieve top result in the challenging MS-ASL dataset. Next, the body
keypoints based approach with the HCN network is doing relatively better compared
to 2D-CNN but there is room for improvement due to the network's simplicity and the
simplicity in the keypoint extraction. Finally, the state-of-the-art method for action and
gesture recognition, for the last few years, seems to perform equally good in the task of
sign language recognition as well.

3.1.3 The Greek Sign Language Lemmas Dataset (GSLL)

The Greek Sign Language Lemmas Dataset [43, 72], or GSLL Dataset for short, is
an isolated sign language dataset, the development of which was supported by the EU
research project Dicta-Sign. The GSLL dataset contains 347 di erent signs/classes signed
by two signers; Kostas and Olga (male and female). Each sign is repeated from 5 to 17
times. These 347 classes are recorded through a total of 3,464 videos containing 161,050
frames. Four examples frames are shown in Figure 3.6. Moreover, Table 3.1 shows some
statistics for the dataset and its respective subsets. The indicative suggested splitting in
train, dev and test set was used in the experiments of [43].

Some preliminary experiments were conducted using this dataset by A. Kratimenos

74



3.1. Isolated Sign Language Recognition 75

Figure 3.5: Overview of the proposed 13D network: The Two-Stream In ated 3D ConvNet
(I3D) that is based on 2D ConvNet in ation: Iters and pooling kernels of very deep image clas-

si cation ConvNets are expanded into 3D, making it possible to learn seamless spatio-temporal
feature extractors from video while leveraging successful ImageNet architecture designs and even
their parameters. Image from [14].

| GSLL Subset| Videos | Frames| TrainSet | DevSet| TestSet |

50 classes 538 22808 318 106 114
100 classes| 1038 | 45437 618 206 214
200 classes| 2038 | 92599 1218 406 414
300 classes| 3038 | 140771 1818 606 614
347 classes| 3464 | 161050 2066 695 703

Table 3.1: Statistics for the Greek Sign Language Lemmas Dataset and its respective subsets.
Indicative suggested splitting in train, dev and test set used in the experiments of [43].

et al. in ECCVW 2020 [42]. We present the training methodology and the results that
led to further experimentation in [43]. The results of [43] will be discussed analytically in
Chapter 4.

Training Methodology: ~ We do not intervene on the length of each feature sequence,
resulting in various lengths from 10 to 300 frames per sign. Next, we present the methods
with which we confront this problem. Raw Image : We reshape each frame in a 175175
array and normalize its pixels to [(01]. We feed our images' sequence in a Conv3D-LSTM
model, the structure of which is similar to [41], alongside with a VGG16-LSTM model
which is initialized with Imagenet weights and is followed by a Global Average 2D Pooling
layer. Openpose: We extract 411 parameters for each frame and feed the sequence in
an RNN consisting of one Bi-LSTM layer of 256 units and a Dense layer for classifying,
after applying standard scaling to our features.SMPL-X : Due to SMPL-X ability to
interpret the 3D structure of the body in detail, we strongly believe that this method will
provide key features for action and sign recognition. In this case, we extract 88 features
per frame and follow the same procedure as with the Openpose.

According to Table 3.2, Openpose and SMPL-X models, which consist of 1.4 and
0.7 million parameters respectively, outperform the Conv3D-LSTM and VGG16-LSTM
model, which consist of 43 and 15 million parameters respectively. This can be attributed
to the fact that the former two eliminate the redundant information from each frame,
keeping only the essential key-points. VGG16, in speci ¢, fails to converge and reduce its
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