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1.1. Mot i vati on
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1.2. Thesi s Contributions
Thi s t hesa snapeedtpho dossaneedraditaminnle hand gesture r e

system for t4akei ngbathbmad to interact with
all owing for-r ebibnitceireancttaisoinwmea(hHR I&lso tr oibrotter act |
(RRA3Dprideed duorhswrkebotwadenwdk | opsdpamd or m

sign |lgaeagtiwges amvietr b cdoir man hseMed e vblag per drr al

frameworketbhgtmiemdmenstatic hand postures and
basedhder i can Si(gAmSLL)&e qau gggedr odadead set of hum
hamaesstuor et est the recognition accpoapouay aof ou

hand gestowrnd ti on approaches.

The main contriédueéions of this thesis

1 Development of an efficier@ndreattime hand gesture recognitisgstem which
usesa multiclassSupport Vector Machine (SVM) methdar trainingtherecogni-
tion ofthestatichand posturesndaN-DimensionaDynamic Time WarpingND-

DTW) methodfor thedynamic handjesturegsecognition The static hand posture
recogrition providestwo interaction mdalities humanrobot interaction and ro-
botrobot interactionusing a humaiike dexterous robot hand that we specially
developed

1 Werecordeda 3D handgesturegraining/testingdataset of static postures and dy-
namic gestres tailored to accommodate the kinematic constructive limitations of
the humarlike robot hand. The static postures consist oftémedigits (numeric
symbols) the handshapes sélectedetters based on ASL alphababd some sim-
ple postures. Meanwhilthe dynamic gesturesibseincludeshand rotation move-
ments and nonotation movements.

1 Wetestedthe recognition accuracy of the system by comparing the experimental
resultswhen using théAdaptive Naive Bayes ClassififANBC) and kNearest
Neighbors k-NN) approachefor static posture classificatiohleanwhile, we used
recognition result of discretdidden Markov Mode(DiscreteHMM) classifieras
the comparison to exathe dynamic hand gestures recognition accuracy as well as

theaverageunningtime.



1.3. Publ i cations Arising from this
Tle foll owing publications have arisen from

1 D. zZhi, T.E.A.de Oliveira V.P.da Fonsecd;.M. Petriu,"Teaching a Robot Sign
Languagausing VisionBased Hand Gesture Recognitib(accepted, 2018 IEEE
International Conference ondinputational Intelligence and Virtual Environ-
ments for Measurement Systems and Applications (CIVENM&#g 2018

1 V.P.da Fonsecd).J.KucherhanT.E.A. de Oliveira,D. Zhi, E.M. Petriu,fiFuzzy
controlled object manipulation using a thfeegered robotic hand.Proceedings
of the 2017 Annual IEEE InternationaBystems Conference (SysCopp. 16.

April 2017

1 D. Zhi, Te@ching a Robot Sign Language using Vidgased Hand Gesture
Recognitiom  peoirs10th Annual Engineering and Computer Science Graduate
Poster CompetitionUniv. of Ottawa, Canada, Mar@7, 2018

14. Thesi s Outline
Tkt heissi sorgani zed as foll ows:

1 Chapter 2 presentsthe background and literature reviews of the hand gesture
recognition problemsThe literature review focused on two visibased hand ges-
ture recognitioraspectsstatic posture and dynamic gesture recognition.

1 Chapter 3introduces the hardware and sadt& components of the develossd-
tem andexplainshow thesetwo areworking togetherThen we discuss the major
limitations of the robohandandof the Leap Motion Controller.

1 Chapter 4 presentsheclassification algorithms developed for the staticchpos-
ture recognition.

1 Chapter 5 presents the classification algorithms developed for the dynamic hand
gesture recognitian

1 Chapter 6 presents conclusigrand future workplans

t
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Figure 2.1 American Sign Languag@SL) alphabet and digits
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212Categories of Hand Gestures
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Hand gestures

Static gestures Dynamic gestures
(Hand postures / poses) (Hand gesture}p

A orientations
A shape

| &fingerds fl
A position/trajectory
A motion speed/ direction
A scale

" A orientations i .
. A shape |
. Afingerds flex ang
. A relative position to body ,
i A context environment '

Figure 2.2 Features of the static and dynamic hanstges
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Predicted

Gesture Data Feature e
— > —— Classification—> ~ " "0

Data Acquisition Extraction

Figure 2.3 Standard Hand Gesture Recognit@iagram

The vhassH&@itapproaches overcome the | imitat
by usi ngfrtehe d amarbpds ho Tleeay coe/feerral aivimmt ages
i) robust and¢)ieacyrd Phiestetteurfpog utiriteed r e,cogni t i c
andyv | ower ¢ ompBwthasted@d Raolmawedp 826 Be ampr ehensi ve
l i teratun dicecarewa ret@inoebtead e ¢ aedpectnowvdly,dedt it h
sensorHGRaperdoac hes.

Liu [el1@diadp onsoeddunh@adred HGR yst em hruontiaamtt e r -
act.Thoins modhesli st s @Ff sfeinvseo rs tdeajisagreentliddeecnttiiofni,c a
tiong,igesturevytgaskumg, cl(\g s giefsitawatei dmaypyptd md . (
four steps, (i) toreicopgniwrteiplne scewmrti rhga ntdh g ea
gesture mappi ng gsetsep,r et Haanbded & taesd {oDhedtn d

contomimands.

22. ConviemnCalme-Bas eHdand GeRewo@eni ti on
Approaches

The conventbiaosneadl acpagaeoraacghleesf @uasmear gest ur e r ec
tidhe difficulty and neimend uftoarttihosnaahl @ mcdomaprleeax ift
t hiemalgac k g,racmtdhpdo or  Iciognhttriinbgut fee d tou rmea ke xatgr act i
mostri proahldcse ipraetctoegrmn ¢ ¢ ® NS

Anotihreprost @t c oins i tdleea ndle ssiegfre cctliaosnsi f i cat i
goriftagmst ures madepdyi hiacsdisanwis hhepEi on

This section reviews the related works fr

postures r e caopgpnriofaacahnersercd gtnhe i ©d udyrsami ¢ han



221.Static Hand Postures Recognition
Throughout the past decpdepboeelddéalrenyg wpph
postur e :r(elgyoagbnaisteiedd m 0 Asg per vi semchet kade, O §)
unsupervised | earning methods.

Gr afpdhs endt h.ovths | e al wayshesktidel d of pattern
classithesae i meat hods were not wused for hand i
high computational cost. Recently, the use o
pattern recognition prébatetaannttizen heg aiomgpd t @&
cost 1is no.l moneOoOBeaddabirhiterrotdnbbcees®r apat chi ng
(EGM¢t htoodeco @i pedr soes and .BGHMilde wesb jdeecvted o pi
di stomtviaDywmami ¢ Li nlkeArrahistnked twod & nnoetu-need n
rons timaidrodredret ect. tOmee fodr&tGulrese seadr laipp | i cati o
hand gesture recoghrniteoahpvwigdl[@d.$]t pdseeatted by
robust classi fecagee®rseygat enmiflmalgle sha&aisd post L
with complex backgtbumdesusiengi EESEM as the n
represent the I mage segmentation and regi ons:¢
bet ween the differesbl iucheang & esaecghmaant iadt Vi eorand. g &7 rinc
rate of -8b6mebpos f-lom@ad&l lped hand po ptrerses nitmalg @ ;.
[ 1, 111&%hext ehdi®fd t her ochbuontani nt eraction, where |
rithms provide scale invariant for independe
Threes ullRé ynggaa & mo wepde rtsoord eap elicRdteec ent | y, a hi et
chical HEGMppac HGRras been [plro]ddhs sedwiomk dr amat
i mprowhedori giumsaibn gedMsbiyng alugemibHigeny etlos doifstr
hi erarchies toTthlkee agicwuemcgr @apht he proposed
usitrelgand posthidedsf r e ht,amaclegmpeundz edal resu
t htaHHEEGM met h o da mcvaenr a btebagcenit €1 oh ©9. 85% i f t he
prextracted using Histogram of Oriented Grad

Bunch gpppbacdegmni fi camb®Mubsruaanclhy ocfal | ed e
bunch grapghuaitactbes 8d t o represent the wvaria
obj ectT hseh abpuéniceh atftt hhedbmmdleogogdus points in the
objects or theesame eakejneadthijadpmtbsdgs yby each



| abel eddnannacched .ng prst hes add @lmppaitef t he bunch to
i magtea dian i me otgad &pihnd t he maxi mum | i kel i hood
bunch. gThpbd haapspseaeas b @ Léh[d1lB8d recognize the h
turesnwmphex backgrounds.

Supervised LeasSninecg dalhgoriapthhhs g¢ge&&v & loog p ment
mance icopag@wmac hi ne allegaorrniitnhgms s pawmeeds eanmd hc h a
filuee tbhi gherecognt hneacrh i amec U rea,a yne snpge cmeat | hl oyd st
super vi s ear el évhetlfdlosrrod Miersg ur e recognition prob
from convedhtaisedalapgpramlt hes, atberstupmsvhaed &
tra tr ajwhienrge pah-bassebte lolfe dp raerfeeidn ii mg od athae | ear n
rithm to trai pcatlhleed .ecalransisnigf ineord e |

Zhao [e2fhtadpofetde Ve d-¥abllukedi ¢ ( EVL)oappr oa
hand pestogmet ckbnnoioven as recur siowe Riud deu dtnidaurc tli
by ExtVvamdweadl ee d( RRIoEgM2cIhi s mdtatsesd fi es t he hart
by detiemrgmiwhet her 4 mhe siufpiese Jiaegaaslh, eRI®OE VY |h
vides a heuri st iacs ssrduileeas iftoroio mearlnar ge amount
pl es and sets ©ohfe ecxltasascitfeide rf ecaanu rbges moerfe ned
rul es whil e mor esampalreesi mg df ¢ dteumMmededand ur i ng
periTbdweeB3® cl asses of hand posit@adfes$s hes Rd ENVdar
met ag@dobhdmrdubasagldgornt hd msx persiumeisn g éha ovg -
ni trisotn@4 o4 %.

As tpiamdegdcoheemtfifdnanle hand past worel oaecog
meet the gr owihregtaildreenaanms! iodati ons duse to hi g
andomparatively | ow recognition rates.

Th8VM (Support Vad tgompir Mpodiedesgo il ok
gai hbhadt t eoft i Dhe resear ctev enleaovprrekafilnpge samurteh e
recognitionlapp®ktandedst he original SVM bir
mu kctlias s usagrgsotnme t 0 rad ewghyi ¢ h ma kcelsa stsh ep omu lutr ie
recogniti©merpdesdspitddlsee.nt ed a-amog@sty stheimt i pl e
static hdbmadepootnur ad i rtighd SSV M yssl taesese u sye bc ams t
recendh phoasned tfhfeomntandgbadibsi,ti amanr aihm ee
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correspondi ngThlt®Maicniarsggi datea were preprocess
of poor | i ghlthieeg og o d d in ©finubsytgh.e r esultthg efer om t
cl asssky ereirsmemsthevw hiahe f usi negf fS\WVcplireendtincyte e
di f flrearechtpfos®dmd e smiagIe3s% recognition rate.

Huang [e2tPfealp.os edreddail mamdb st ure meddgnni ti on
whcih  c osnsbvViMh ewi t hF IGal@®mdi. me nfse aotnerreea | avul at ed by
convolution opeKdtifearst lm&iursgphrGarboirp al compon
anal ysis apdGalenni n t he &VMercil messbo dtienreedl t
tés ng-anhgt @ge hane mpetthet edbustness of the trai
Two yeaHMwsadaq@tetr ,al . r wamdgrdi® jewh iacnh iimmpcr eased tt
recognrate Ano ad&.pic¥oMienrdsekp enh g ® wia e & ye It op e d
| ower the influence of the poor Damgdhas ngt c o
all2gtesented-tamet poestueals recognition systel
combining wiotfie aBOFeln)Bag wor k i-en@pliamwed i almeé s
met hod by adding an eatirsao nhipmabtcdelsgsehaodt aue a
detection Abteratberaeatures have been extra
means quant hmatwiaen i anlpdg @miethtced tviad aulmap | hhes e
normali zed di mensi onalotvectmur ta< | talses tSrvavi rcil n

AnSuper voclaeyd neEmbedd$Lindgal(gorfiotrhnsi gn | anguaea
recogdescomRedchs usedethibme t @G3eigore sleanguage ( C
recogniti onostsi UgBArafwadotavadnet ecud s edch fath groa i nt éanl
hand region mayolvewegr twihe cilirea efcd dtonr ea ceexutr raag
thaeohi eveadLH$iemegl3éh and postures fitdmam welhree CSL
used to evaluate t heamidheek p e ma me vsthaolfw etdd saunis ty s
aver agae culr%a cy

Unsupervised lamartimmamcdt neal gfor mit ngne svhi ch
unl abell ed training sampGeese[tpajllo.pensi&ERasasi fie
anhdamdkaicn g s yosotsehmptdissdru deg $ agamstt ures based on d
| ocally |l inear embdéhtdiDhujsbe d LfLcEr) ihaa cgobgrmidtshinoim e
recoivretrrsi nsi ct fhei tgrihi nbeuntsea sa maalfl p d a tj i@encat osl otwheer m
d mensi onalaPs phabNeluliMadiwo r ki § PANN)t o cl assi fy t
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postuwsriensgd itshteainrces i n the | ower di mensional s

222Dynami¢c Hand Gestures Recognition
Theynami baBGRo addr esesohhinaoatghhgamgle s eqgfi o n
from eacht i me mefe sif Mangetshe feature extraction
i nformation not onl yr eccoorvteaiends ftriboeh satemathe cfi rihaens
porilt,yanthe temporal cohersmnmcme eselfrmeedant héepdir mt
of viewla$sithiecatihan GelednEsapae esmaj ort capproac
the dynani(cHiHHKGRen Mar kov Model (HMM))i and ot
Artificial sNANNR]I DVentaweo rta T p mng i()D TIVa r minndg (
based algorithms and other methods.

Hi dden Mar kov ,Medel of HMM)e mo sstt ad da mma rclay
mo delngchni ques for solving ¢dgyesammB@ebard ges
all 3Rabi[mRalridvi ewedbasi ¢c HMMetnbhbbeedbdbmadi c prob
t haanatheér essed HMMiem gessthgre r e od@mriotrido mga g ml
hi,mga&sture cl ass craHMNM et e nepplraetseedng meadmisbcyt lyap m @ a
gesture recognidgolokng dfriorbd iemmg ctame bceept i mal par
HMMvVvia the given observed segaceuneaerecee clehre nh e ¢
ognibzyea@dmpuittsanigpi | @maxtii msm Iwik enl aehaocoide bt er e
templ at e.

Chen [e3tRhalr.coad it @aed ar dd GRyrncahmitcen s wd eif mgr
st erpestail me hand tracking and segmenting, feat
gestur etsi.orne ctohgenif eat ur & oaxtireac tdiesas pipsi e, (& D
estimate the apdt matwhbeataene®d yad dttse mmo r a l f ea-
tures. Then, -tae mmonbawaddceds tg antteoalt he HMM t o tr 8
classifier. The HMM cl assifier computes the
ti fimeddlhtehhe tghpe @b adbs He tyredi Theé oax peitipmeént u
20 dynamic gestures t o etde satr 6t6heeg nsiytsitoenm raantde .r
al[.3@adt hreshol d model based ikrel|l . HMMotdx -f i | t
tracted feature from the given seqguharcdhe con:

usedhtoacterize each gesturyThe qrueaiwclet iarsg as yn
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all owed to effectively avoidditdhenont slzce lacrsg fti
training dataset.

Combiweidgheéadures of hand awglesedl ¢ ®at imen
pl ement t KH&ERHEBMIVheéold regi on ias k@ @tiencvtaerd aunsti n g
met hodowamemt tracking is achieved by simpl:"
area in the seqruemkbse. hdahids aagptaaclmeat ui enp o |
one foll owed by | ocaTheenexamar2ivi®dOn tgieussyeusr @ h ur ¢
t HEeMM c | as slisfeistelreenrain@ald 0 0 s amplt de@st @cogni ti on ac
of theAmgtsh em. s itbnaiskepds f etvhiMe cbgohhef géset ur es
t hteen Adriagbistcspr e § 8 fufisd ch he fiRihgeBatn ded ( LRB-) and Be
Wel ch adighoher & hmi nign parodoeprstehgee c ces s t heecl assi
fier.

The basusihhbihd geneoulsaiMag ktoow rcepresent t he
guenmexoxnday det enrommien & vtamd tpirmdbabB3pBi]jopesedMar
an alternati vecatlilaipfuttnpgu ta | gioddenh Mlar Kkov Mode
whhci s lhasledmogeneous WMarkowmeC€Chadntrains the
to map input and output seqguehteosnaunoysirnegc osgup €
ni ze two c| alsussets| @ifh bgteosdtuucreeds .a gesture recog
on | OHMEI X pEhi meantlsarugsegendgat ase et | icnhiatsesd rteoc oag -t
tcom¢l uded dalcd tuhadleéd WMMwe r s und MM, r at e t ha
AnHGR ystem integrating HMM temporal featu
ni tiigpmes emt3eBd Thi s work considered tbe hand

n

i ndependent deamldo yed eas Kaldman f i Istasr tteon-t r ac
por al That st asi c s h adpeessk-tarlienrd espcanrg d dnamricdd d
gestures descr i pttoHes Malreas.uidididesrf nwere astlyrsati enmn nsgh o
robusitnneecsosgni zi ng agenptl erxe dsase ikwgdrld U nadegb i | et vy
det ecehianngb v edhmenti ¢s D) et ewmtelgeerst tom segment at i
proaches based ovhilcafciknvdrssdt s@oend sgoitnbaakd
to t heaepgsit atr ,t [K3 9threotd ueole. @ Smadt Sd mMeggme t ot hsee g me n't
gestures andan etcltognd&ame mdedthhbbowds t @ oenfpfeinci ent |
sate the badddwdri a¢i &inglesiellnng tbhet ween t he sec
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and r ecamaointsiiodnarpalolvies t he system running ti

Ot her -braMMGRnet hiodsIPmdeamet ri ¢ HMMPa[ HM&k )
HMMg PaHMMsand Coupl ed WMMsonn @ddthiMslp.duesgd a
tended HMMhORBEMMBopdr gest urtehartaugtersbal opar amet
t heemi spin @mabi | i ti es Eoxfp etrhi emelsipt dadl e B EsHubpMee-s .
ri ocompgarvehg c HiMMMometBhradd|[ édaad CHMM ap-
proach for trainingamtHdMMs Tlwois & eac@pena ezoeimetswot h e
| i mi $oatt hsedb mmr eec e s svhH M| § sa prpeolrdati vely smal l
st atveg) er[ 4edtp veellaonp eAdAls ed hard ogihgms on systen
PREMMswhi ch is an i mprTdviemeanptp roofac@HMM.del s t h
cesses so mbacelaml beHMMai ned i ndependentl!l y.
vocaba? 2r ASEusigg 400 training samples and 9

Ot hsetrat i st i ¢ adl snep ppaontsH GRRlp pl | Cahteinored . al
[ 4Bt oposeldevaelt vmopproach to representhit-he rec
erarchicalf dotagnestbwrtes. The | ower | evel provi
astatistical metHhad kvwehifech twamksi menddwhAd&aB8oost
hi ghewealovsgdesacti c anaSt pgih&srbtalesxet@d amma a
( SCFG) . IDladdise seets taegdensat ur e s sryescboagsneidt ioomn Fi ni t
State Machi net l(fféoSuM)-oftidveemodl edi st i nctt upleases a
The handrregirmmned inmmaggesguence by finding the
poentgidhset ures are represented bgakeSM. r Sautked t
et [&lp.f opoBywydmiac BNeytewsoiraknsy BB Wmhreecogon of
i sol ated or continuousi teodsgesénces Thethre
proposed algorithm i s,wihrertehd hfeggatuurid i ex»t raa cd
r etail me deoodliagsi-hgndngExwpgeurtiamsent al resul ts
cess rate todins®9 abredds fgreesctougni t i ¢ mgeo mtnidn wBAOu s7 7 9
stream of gestures.

Artificial B(eAIN Bh)l e Nfert evgpu ceratnldy glesd durfesr r ec
ti@ampl i caYamph4sp i o p bTs eaBe ladeyu Nat wor k ( TDNN) met |
t ol assdynyamiOge AtSlLthe s. wlom k the 2D hand movenm

everiyngl e 1 maguesiamgoertractedst hgnewdi athes han
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by performing a mantdhiesad athleeessoadigsaid paaenbdonfr ame

i n otrodegretvi awtrwae s ponrdenwhed v elitheent t rajectori e

used thleMMimodel . The decision making is a
work wutilizes i nput data t oama kienhteengbruantcehd o fo
all ow ffimmeadi &de on.

Chamleddével optidma -vaestiGiRnet ied ng a combi neé
ton of cont i nRKeocuusr NdaMiMest vasircRkNNs) t o cl assi fy f
gestpresbeitmngr recogntite oo pteln ¢ e malwamreenet hod
Fourier uwWtisltioz @egdkescsi be,welh e dRaddroRia $sEtdaptei on
( RBIFn orcdears stpad yBhe comput epir svimRB8&Eriape es
movement iwefroerunsdeteina no t hgeecsotAnrissesn [ 48 oposed
anANN asH@R ystem usiogg aphegct(EMBY si gnal anall
movement wéeeatturaed ed fr,amdEMBe swagmaplAsid t o
classify the gestures.

Dynamic Ti me Warmrpdfnfgix@eThW)i dael gowuisekdm f or
deal i dgnamitdr gestur e rTechoycamidt 4gtinogpa.coebd eansn e w
feature extracti onf inmeltd oals shuamspetdi oonns vtehcattort h-
treated as opt-iayéit osw. sWk hMangs rvtlienxat r act t w
di ffersehnf bkoamdttihe absahndtteh & erl elckutriieemso tve | o c i
et [&#0fi Il i zed the new peasaeahtd@ddtpeoopoedd mat h
HGR yst em Onadaesy noanfAi @agr a mmi-Pnags s( nPe) . The hand
are dbtask-tedmnrdepeeddeaoidd movement esti mati on
retMInamodel . This work provides a new direct.i
considered t he mbamwd darhs\wedtmeanii Idadcomo wdés si ngl e

One ofrthest studies of developing hand
ot andTlaw dal gori thm i s [pgbjgmnsedilsy wOaorkr,adihmei u
video sequence i s @atftcmed wietmipl atseet aotl pPiT#

been used to find the alignmentchéetwaerrthke
all 5gtopoadiastical DTW (SDTW) model only f o
|l i zed two combined classifiers, Combi ned Di s
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QuadrCataissi fi cati on onRDFOHFM)EIl s h s reflarpm i tnlge (e s
ture classification. This approach separate
avoid the confliction the |l ikelihood output s
sult proves the effectivenesisl eadn dh apnodt egnet si tau rs
poses.

Lear fbiarsgepmpr omzihelsy texmgetb a sneedt he dgse,ns pace
based alJgandtbmseves fEheib@t mapbbed -basleaar ni n
approagelstfuare r ecogmpebiacre du snieriegdaiatne éixae I mpac
t reu nni ncga utsiemdel my ge datussaetdw, b Erhd smowerment r ep
sentation based on motion divergence-fields
scal e Tihhmemagmost.i on dawergeadet mapgsteceamehe sal
| ocal moeamenhawbtrae gieadn bygr eApgiessid aulr ededat aset
1050 videwasegdethneaesval uat e t hPeatrwaceddghnaint i on
[#presented -aasedgapppaaeh to model hand ges
and tr a§heicn pdthkemposed a visualizat H&ER navi ga
using Bezier curves to analyze motion trajec
rated the hand vead dieori toyltiaalhbemanhdomccor at e

whenspdéed changi ng

23. Dept h Sendamd B@s®tdures Recognit

I n recenrctwoweoasits dephwecaeameed a revolution in
tion field mIwadriawi daeempd hp rieife gdisngnsto | sva lnugt i o n
t hceompl ex backgr ouspd 0 bdNedwsd rhmeurnad idaalp t ghrnacdaem -
erssauch heiscr os ofl thajriddhbee a p MbDotnitorfoLlMCepalr e i n -
creasingly used isni iddeyg W&Rq U e s acdornapha raagteiav el y

to the RGB camerlhmocdywhmsmon recogni zing
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Depth image RGB image

Figure 24 Hand detection using depth camera and RGB camera

A performance compar iadepctanfanaR 6B ¢tamecking
eriashown i n tf idigsh ftedciarlecettléeyct t he hamudiargea an
a conventional tR®@Bmrlaeane rtma dkuger d wa ddmeradi gploor
al gosmushtonsheed separate the hand Hoevgineém, from
dept h caemessarnot dfhfeeset ed olby ems, eaermdd iutp drhaeme
recogmri o¢ ®omhiscless enrtettad Imef are ctolgenmi.t i on appl i c:

Oumrevi e Wheeopft h -bsassresddorhand g elsittuereatrwerceo ging ta
ering separately tikd attwer ¢d@RJ ruivutescpparcotaisvde | tyh e
t hdeynami c gestures recognition.

231.Recognition of Static Postures
The maeo®tmmounsl éeé pstehn § @mmrs HE&R narce LMCKHI ¢ & & ]
i awi del y usmdnrgeeksdgdahmenr aH®R § e tdems

L] 5®& chee ayrsilt yod e-tail mand @erdt s @ mr elcaonggnu a g eo n
usi ng tKoi nelcdas s idfeyf | mierdeT haees ltfuirseesd O ehnrgNa 7 |
frameavod ki m&8DK and i d8 4a% hsiuecvceeds s-hradme e pfoosr- si n
ture recogriadro wmbeadeld 906 st us@eBop&aeewthathd
movenme demethodnuwsatngh ahand pageai triecan spohsd e,
training dataset with unconstrai heeanmncdnditi

contour modelweire caeswmput @ti onal cost i n gest.
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exepr i ments shaw mehaty sttleims cramalreach a total 8
i ng one postur e.

Zhou [eG8 aslcariolbduand postur e raadagrsistiingn t oy
I mpacts of hand | ,oacnadt ioorni ewa raita toino ndsi,f fsea aelnec e
duces a nkravs ald gnhEeinw-Ber t h 8MoDviesrt ance ( FEMD) , t
ure the db etcwhesgradn crieegsi ons onwhkiecH i mgtc haenod v e me
Anotwoerrk baseddesc FEBM&MiI «cdmbienpetsh di nf or mat i on
colmarr kechni aaed deEkKk pet i pnemy exdo btunset mesad and
ti me per foooramamr mea calficosh 6 ¢ veal opttidma Sedbdbku gam
based omelF&M®&d hand posture recognition algo

Theovel Randomi zed (R®OFi) sibas edoraé gtor i t hm
classification ul[s6,h]gvhKaddealc h ipdmeapgheh speidxadasin and
si B#@shiemagegibaguost i ng. This systelmShagebéeaenet eege
consi Hthi,MP Oofi mages, sared otgma ttrremd | ©7s BGwW | n
the aut hor also used a s[utbBspett eosft ChhaelL esayrsnt eGre
si fying mulattitpali8n7ign8g® ucri es)3 odn dr astiengt teaigrisn g r e
a94. P5% ci s)i.on r at e

Kirac[ et capans engr deadur e mexthrolala § doeine t
recofvredmdee pt h usmanggeisimealr andom r.e dglirhees sailbgm f or
over comes sdweetlhieamifti eotgiedrusiedbh andt hdeew trhes ol u:
camarmnal can estimate theibahdof olExhpeesrfspmaesnett i or
shovwiat pelydtatrhemasnr aanhdkecom <c¢cl assi fi c @tiimamgf aroest
enhatnhcee f eat uf bbbkt caslu®eiseant ed Radi al Di stri]
| ocdetgctingntli ggebai py repre3baert ppgf bhemahat
waesv aé d atssd megr & tosddalt agse st ur es.

The Leap Mot i(obnM@roendt rtoda kcefufreart e hand tr acl
ef Ciseontut orietad me gesture recognition probl ems
Chuan [t Ealel ohpRIdea@amgni ti ont htepaperotn s iomg
ControfMfher systkélmadeptoWadlphbodr SYM cl assi fi e
ogn242ehandgs ihePlesalopfhdbekperlimeetdladiwcess rate
of 72. 7Ilk&dNf @a/md 8 3 % SIVar| & hxeirfesepect i vel y. Mo h a
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[ 60fi ILiMGeod devel op an Arabic Sign Ilcdmnglealge r €
a hand tpaokiesgi pge phaesseMalTihiilsayseyMtPBejm clespt r ¢
al gor it hnNNcd atsrEapierr etshdereta 9 9 % r e c oFgunniatsiaokna r a't
et [®#IBPdposleea@ma Moasfeodngee!l | i ng | anguage recogn
i ngbdd®flieci si nasogiiheifoonr atchceu réasckyt f@efresr evratr or der
deci Maonsn|[ @éPpit @$ ent eHds Rae tnloovdmtwsnbrighrati on of Ki
and Leap MoFiaoncokssvstemgeoti ps posiatrieon and
extracted from bot hd akaanc cft evdamidn tlood ags snvudtMiMo n
clas®&tpersmeimgsubset of Americoawvi Manogl yAlv@
dat ed -ttihme rgear ftohremadnecsec rafbed system

Van den Ble7rpgitho peots eadl W€ bryesalle mid g noaF| i g h't
( TocFa melTrhae. To F eall os oe nhhea npc eb atsteed Hjeeasrtlugreer -r ecogn
for mainesg stamme c o gnb ezsgiecsiuwsréeds i nt er acutsiwigt h a
t he Robot Oper dt7il}igp eSSy snteamdaBROSTombi nati on o
depth camer a anuledaash caansedr 9%a sbH @ eovheinwso r k
al so points that ttwwoa matesagsaediaeesr ofo t usdiigragl ftt-loe ar
icamproveimeemtdepth cameras are good enough

t htahlgee st ur e recaghintelebdp system

232.Recognition of Dynamic Gestures
The dyhGRme mamosgd al | engi ngt hreelseeat ch poptare r
nition due to featscenext¢oamidleexnit gii If# ti ycud ft itle
made gestures. Thi s s whusyencatmiocn greesvtiuerwes rreeccoegn
dept h ,caknenhbesta p Mootnitooendl et her depth sensor s.
Ki ndbdatsseylst @anisl: o] ¥pjr oplocserdif mecte 1 mstyesrtaeart i on
usi ng tkKoi nneacnti pul at e stlh,e alMelgdah k@ ¢ o n mmage n g
( MRH3nd and arm gesal uagismatsiuem, asotati on, tr;
and fusrdltogi cal andgl7egivel opai aste Halmeatr di st ¢
hand gestures recogni ti onan esiygshtbeonu ruGa kenggo stiw oh na
using the classic Eutthe detameddierEdiapgc demat met -
riex.persenemduct edc owonegi ghhatn d gfesamrdead aset of
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cl assesi mhowe@¥%asuccess rate.

Lu[i7Bf opapreadduct mani fold model to nor mal |
based omneamomegression model . THhhias croemgr es s
posi tenoff oca@atii @ nExgtetrn wileind scondulct ee hamadggest
dat aGlealsear n, Cambr[i7¢g e nlda tdDgokeesc{kd Edo d y
shew good per florérRa redhdleeddsuti s quar esalrgeogr es s
ri tthdnevelgeptare segsbgmtdviohhes a bEhalearsml| ut i
onghbearmhalgl enge using two key features: | e
geomehotybmres#\h-bearwmapnrgesemt7rgdwhinalhoduced a t emj
mat ching scheme to rephesgasttuhe hamd| gestal
t ol aygseisft ures by matching t he Stretopilsatme twh d
used only training sample per action, the he
urement are no longerdiFeeadéeer Thanch a@smi ftioer
relation coefficiErpéer sUineggempe hersit emptiataset
uatlke proposed met hod.

Wan dt7rBdloposedcd-baama ng based recognition

with Bag ©Bodrteraattuergeys t o cl assify Chadamrarn dyi
RGE camarma.el séeetatacei on met hod, namely 3D E
l nvari ant Featur e Twas stf e ihoddesHD hE MeaS lale W) ,
f euartes @arf é edcyeleseat al e and or i enbngotrieo nu swehfiulle vciosr
i nformati on heroangiatriean a s BaFs é ent ptreengmuttat i on
data (SOBMBO) riespruesenal ifreeaarurescmhuisnradtg .o nT hoifs ¢
approaeld ahpewd drirmaGhceeLeacomge$ 681 en

S mil ar to thesHGRgDETAN aR@B r i tsdamkesy it bl @l &
i n dbegpstend gesture recogni {fi7T@hoposkdemsr oBush
tracking and recognition algorithm based on
tures are exhtantdltd edi e, Kialefdi tlye hadddgeetcu
enhanced using DTW. Aimanl ¢ o pihteb gpat otb@a bc Il a g yi fe
|l etter spelling gestsossleenrdth.dSIPextesesper i ment a

Cheng[801tabkentHGH yas t3eDm & dnsaegie-Cbass DTW
(I DCW) met ib@ad. dTshdet ®maa s e DDl gest ure sequence
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finger combififatmigewhied s a ree hds ef sf eprr tesraundea p -

tusrtéhe di screpancies between gesture cl asses
mul ti pDTeWT h@&€t h o de dsihgomwil fyimpea mtvper f or mance when
usitnmgp ASL gesture geat83ddgtt €.ndlea tadandd,g pGheedn

a Windowed DTW ( WDoTrW)-enluahlsgso r3 @ himand movement
recognietyi pmr.eaphwedcl,calohe@pparameterjzéeéed sear
c al eu hceots t matrix to fimodftlhaeglkesguneaseqgardc
gesture dat arseedorode dl 6wsid aissiednatuate the per
of the proposed approach.

TheMCb asseylsgs @me n [e8tR jaolp.orsaepdiGd® y st em huesi ng
LMC A gest wroem sdodfitla bragsvee ment tr ajreedc obryyeadf 36
Leap Moatsi usesit t he accuracy of thisdgdongstem.
using SVM xH earsismd nites®)Vddmanmpda r s M r f o rpmaonvceed
t haWMadbedter performance regarding the over e
Lu e[t8@alv.el opeHiGRyns9t dmrbased on Leap Moti on.
a simplified pestevdemheaedcodmiept o @aehsnddiamag a | pr e
deteerctsaepshei gNCfsii argpr ti liwde se xttireact i on and tr
providing accurate absolute positions of hal
Hi dden Conditional Ne uBxgler Fimelnd a(aH&LdddSyu-1 & ls g a1
racy owhe&m®. bWMEge sther e3Bndadbba%efGerstiaredi cr
d alk aas e

Ot her dephaseysntsdoist e[ @pf adentedvari ant
hand gestures reazogeamttlenosiwlyischa memuavingjes bot
i nformation andhenadakgsityhmmabegned these 1t
prove theaceuaoaghiyftfietneoaan viernotm ondlr anmec &€ me gt
basepmpr oach, tthhiseh a we r k b hismeagsig® irmrepr esent t he
primitives. The Igw fperuacleasbialriet yc | Eadsistihfiltidsdt a n c €
f istdh e gcelsavsusrhbee st descri ption. Test data samp
vi ewphoeitnmte training data are used to test the

success rat e.
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Erden[ 8% efly.raeocetlr i ¢ I nfrarneddr eBuRRrc 8&8r a a
era to develop a hand gestur e s etdoodeco\wvernt r o

t he rmawamenilne vi deo sseeqquueennccee.s lafr et lieemcad gni z e«
movements, t heticoanptiusr edd heenchtelsymfasi ecratt itoon st ep,
video haal yesi be performed &m tivpnEBI@Bec amer a
Al | (WTA) wakgoesietdhmssi fy thedegpest mpeas Bhowea
t hmest had taerbepter f or maneé igresmulkanacmeanmidt i on

di sthbaansceed recognition method.
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Chapter ®DvebHyseeam

Thi s chaptthhear pffwas en crodnponfetnwasr eef t.Adedevel oj
hardware gradbnacsecpnmc@ndi antagioor ¢thheet sbotic
handreoboti c arm, and t.hbelLeaptMarieonarCoant ecl
i n section t3hRD,bodc o MOpiestaROPBIfy adeswtoerk, ( t he s of
devel opmenlLte akpi tMoftoi onCE€oenkudbetdewicméamd @es-

tupreediScitoon 3.3 will di scuss the hardwar e
hand and the Led&SmkpcMdpmpmesBeBlbat cohtbtkbusi ons

31. Har dwar e

Thtehree hardwarnrtehreobmp otcheehbeatdi ct eemp Mod i on
Controlflidvreenglehré a odbtodaerdn ar e assambm&nké o bui
robotads asnhBwngBrieh

3.1.1.ThRoboti c Hand

Figure 3.1 Assemblyof therobotic hand
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Threoboand shown i nsFaguwopeB. IHa fpd.6 ma se df i v e

underactuadteudgtfeeaglRoss and | i neaAl motlhherse sho
I snextended wri st ncdvagryr(emBi.ttlgeaplmade of pal m
connedtheeadbdotoi c arm to perfor nWitthhes twarx tsean deod a
coveurrobé@atand can perform hand era&axias$ idibno mo v e m

degrees to +45 degrees.

3.12ThRobotic Arm

The robotic ®&orrmaBarsl]i knsawono@enfully 3D printe
designed for resear cahs asnmdiwgndBu ealtti ommaai | n | pyu rcpoons
of arm cover, wrist cover and wrist motor, a
It should be noticed that the sb0bhafdmlcldyar m p

assembled forearm withsawbrbetfooumes oos beawrec

wri st movement. So, there are no motors 1nsi
t he robdtercmahtdagddhs i nstalled i nsthadremot he wr i
control the hand rotation movements around t

The wrist motor is connected taos amhewrectr

i F gWwWr(ez) wipioowrer ed by a regul ar power supply

blck wires. The other five wi@aes s abieagnaridn coni
3(dHhe brown wire gets the feedback of the |
controller stabilization purposeg. VEBe tthtehel

power and converts the voltage when we need
motBesi,déebhere is a micro USB interface on th
to connect apdi odeunttyr oolf itth.e Tn@es riosc otnd rod r terr o |

gear rotation of the wrist servo motor when

by converting it into the direct voltage. Fr
ment command is a continuoasyg ThamgODngof llo:
means negative 45 degrees and 1 indicates po
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(c)

Figure 3.2TheRobotic Armand its assembly

31.33.T heeap Motion Controll er

The Leap Mot[itbhjasCqouitchkl yecreated a revolutio
met hod of.Uhht Eeathenpgopul ar depttlttgcamdraleap
Mot i on GCoonnltyr oclol necre ntt rr adakaidie o @e,phiae@d digmg preci -
sion discrete inmpftdromadavaednhpg smgiatiineerd and compr
software development kit.
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8.00 cm

1.50 cm

3.00 cm

IR LED IR LED IR LED
, IR Camera IR Camera

\1/ J 0.50 cm

2.00 cm
4.00 cm
6.00 cm
7.50 cm

Figure 3.3The Leap Motion Controlldi89]

The Leap Motion Contrdlnlferartgedvimiha uad mc a
prehensive positheaomdsd ndrod nfait n @énbs pllayc ee satbaolvlei s
t he devsiucilehadcdeéi s cootrtbern gtien 9 ywstleom,at ed at t
surface of the Leapanlakzeenou@yent hel heri zdme ax
alleling @osthfeadeax ioi | e t thkze tqylcaan e ,t owi t h t h
creasing posi tBlexausal ude acpsmaysedabawndst he s
of the Leap Motion Controller, the discrete
ative VvVajmwxessnossfFanoet ppalpofsiitsz &r,2 5FA.

63. dBBa)ns t he ctehpdaé m pei Htocaft ed at 102.571 |
surface of Leapt KReuriroenntCofnrtarnoel | er i n
The working area of t hye ILienaipt evib,t i connl yC oanptprr

from 25 millimeters to 600 millimeters with
viesur f acaes ismh otwhne B0 weivgeurr,e t3h.e4 .l ocal i zati on
Motion is higher t hiacnh omahkeers dtehpet hp osseintsioorns , o0 u

joints, fingertips, and pal m clenieeap &anilbea a
Controller not only provi desi @&lhseo ptrreacd ksien go o€
part of t hei dianngd st haen ds ppereodv of them in millim
gui dleltyer mi ne which finger or joiingr acskendovi n

separately.
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Field of view — XY plane Field of view — YZ plane

Figure 3.4The working area of the Leap Motion Controll@0]

I n addition, theref abteapeMetriadtn aGemant algle
ot her popul arEdEeptthotsocemmpaedcter v, aP @NStBa kclaeh.l e
Wi twh dt h:n &.pt hi: ndédi2ghd ncoWeiaghdt 1. 3HDande
able and inexpensi vieh ewsiei B d & omalde $l00a @ oMd tair s

Controlpgeeefcihthssfnadr gest ure recogni tsieonns orress.e ar ¢

3.2. Softwar e

Thei agram showspeai Figareh8&.5el ations bet wee
as indicates the inputs and outputs under tI
as foll ow:
1. Robot hand A, or human hapérforms the hand gestures representing the input of
the interaction system. The hand gestures can be classified into static hand postures
and dynamic hand gestures;
2. The Leap Motion Controllemsed to obtain the reéime hand gestures. The inputs
of this sensor are the static hand postures or the dynamic hand gestures, and the
outputs are the corresponding depth data containing hand tracking information;
3. Classification Modulds the most important part of the proposed system for the

training phase as fahe gesture classification. It receives the raw depth data of
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captured hand gestures as the input and outputs the predicted gesture label to the
robotic hand B. In classification module, there is a training phase need to be imple-
mented to perform redime gestures classification. The more details will be ex-
plained in section 3.3.4;

4. Robotic hand Bs the destination robot which will receive the predicted gesture
labels from the classification module and transfer the predicted label into movement

command sahto robotic hand B via ROS system.

ROS

" static postures <, depth data | Classification | Predicted Iabellyl \
_— —_—

® " @&
P dynamic gestures L Module &
robot A or Leap Motion
human hand Controller robotB

Figure 3.5The Overview of Software Architecture

Based on the i ntphuet RCOSeoddiacntdimabnawdrialbseetd € n d
sieab fl oat val ue dmfeltohaet hvaanl du en otdoe tphhed ,wriifst 1

the prediction class is 1, (trheepnr eas efnltoiantg vgeecst
wi | | be Isienmmmoatroo sf ovet he haftdepndsaentiogtthal
angl e equwillsl tlme zeearmt) tthoe swer ifsltoaMotoant rAdll v a

the rangé ofrO0Oth®] robot h@nohhemosembatf cogensd:f
andi nidicthéebsingerss Fardltyheoaklniersid p tpdagda wir s st
rotates t o-4t5h e emwdeielsi n@ap moé s,e nrtess predcsSt idveeglrye e s
The presented interaction system was deve
tem) frlame&iwdbriknt egr at e[d9 afid hGRTe a(pGeSstKur e Rec
Tool ki ts92d ipragryam. Thel eRCGS ifsr atnheew ohri kg hwehsitc |
and communicates all tshgeet eml cpotpperest agh peert
nol ogy. The GRT Ilibrary is deployed 4 n cl ass
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ti me hand gesture recognition. Moreover, the
ware devel opment kit to give wbech tbeaaaoeests

sary software component in this system.

321.Robot Operating System (ROS)
The Robot Operaf{ivih$ 8 pssaomgrmcre(oRO0St)surne cwmmi o n

sof tfwaameWwbr praovwaledsani zed camemmhiniveat @roal -

|l ows a wild range of robotictidadrfdwareentt d agy®l
More | mppoO&lakhad yt he capabil-staése Db BpnDféewanat
as tphirtds | i br &r iSDK ,aosdt ndeedv i tchree current proj e
equi pment and | earning albgowstdemeel 6pet b ewimb

to worgket her under the framework using C++ oI

/binary_motors_hand

and

/enable motors

/hand data static

/leap_motion

/hand data dynamic
/[enable motors

/position hand

/position wrist

/binary_motors_wrist

Figure 3.6 ROS framework

ThROS f r amewvolrattetser perfor mamae dreamat iconve
propdewgt!| ocponmepnatr e d t oi rottehrefraesedmeiall &dwi o h rolyo tl €
communi caframegiwRtOrso d u b a diosnacmept s ofmpl ement at i
antdh e yR S ep a qRkOaSg enso,d e s , ROBOB®easmd gRrBS ser vi ces

Packagept hmi tisoke foddpendent projects whi
ROS wor,medaeach project must csraeeamteer ya hu migq u
relaab®le str ucRQ@I ep aoclk argess it a ikfeitniuesde be 1 ncl ude
for tellingttohéduddmndpitlheer cloaddve and hXMLUI i ng all
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file of addsdexbrhagdgmpemmtpelrti es Bésitdhe s, ptale &
ROS systemnaal depgdr duil d solmatkkeomad& eamns-t ead o
mand toaondmpuilkd the projecdt.kinn Li nux, whi ch

Nodeas e the executabl e plrhoeg rcaommse ionf saR ORB0 h of
the initiatl assingnt dfet @deveerbye @aaptyraobgla ra m
compooceaemdmmuni cate with -bpleer Aotdedrs .tuhsaitn g aplel
el ememt ROS system areshoea&tgeur) s dR@&chodes e
can send data to or r éc¢easi-tpmeeearat @ao mmwmi oa thiea |
cl udepsarttwsoafime by imgmfd u b sicrbg b

1 Publishingindicates the action of sending déitem a ROS node ta ROS topic.

The data is sent by a publisheaRA@Sn t he n

nodecancontain many publisherit means a RO8ode can send many different

types of data to the ROS topics, allowing other nodes get these data as needed.

1 Subscribing denotes tlaetionthat a ROS nodeeceivesdata froma ROS topicTo

receive the dat a, a ROS nodkRem@eidssitde ctri

node and determine the namehad specific topic to subscribe. It should be noticed

that asubscriber can onlfsubscribé onetopic at a time.

Fig3rsghows the foundati ofilbapoméépodmnof ROS
si D,ifikkirn amoyt orgamimaedar y modtTohress ewrfiosutr ROS node
resent the corresponding components in the p

Messagqelds cate the way of how ROS nodes coc
ROS frameROSkmessage composes of a specific
published on a unigue topic. This data type
by most popul ar programming | anguages, such
t he aggrs t hat consi st of other messages.

Topmean ROAtna@ade tvimed ds asgadtva deed t opi c. I n
a ROS topic wildl be crrpahleibsyylwegn i ngeai ont gak
For i nRsGSandeceap moshmshing the raw data of
and dynamic fheonmd tdestpulel i shteda st hensRO8 t bpl
Ahand dadbanflitaantdi cd at &, rdkyrmpemitd vel y. Simultane
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ROS nidd e sdd ikfi isd te tndit nmgop itcosg eatnidimeg s a g essugb -
scriibrertshe node when there are messages in t
1 Publisherrepresents thelassof letting the ROS nodesend messages twher

nodes It will notify the ROS master node to register a given topic name and keep

this registration of publishing. Excefar the topic name, &pical publisher will

be given a size of the message queue to buffer up the publistssdhgesvhich

have not beenest yet when the messages are published too quick.

1 Subscriter denotes thelass which allows the ROS nodes can receive messages

from the other nodes by calling its subscribe function. This function usually has

three parametergl) the first parameter ishie name of the topic thatROS node

wants to subscrih€2) thesecond parameter is the message queue same as the pub-

lisher which gives a buffer to store the received messages trahdiabeen pro-

ceeded(3) thethird parameter is a callback functiorattwill be triggered when a

messagéasarrived.

A ROS utsoupailcny ai mmrse otnyye of ROS message an
subscribers to receive message from it. On
subscribe vari ous nteospsiacgse st. 0 Fdudrndhle@rmpruded ¢ ishe
subscribers in concurrent ROS netwlbortkawawee co
amwareness of knowing each ot her.

Ser vii taei$chaet & e rcnoamtmuvnel nteatt b amdnw e eRMO R arcchd e s
i hhceoncurr entA fROEmeswarwk ce can onl y vwiet mdvert
a speciThics naemevi ce usually contai nasndmany cc
directl ynog@des adree qouessd  arneds pemrcsd .v e

In thiBeehegdRRODEIf r amewda ko iisnsutbadnteud on
14.10T4Oper ay s 068 M.

322Leap Motion Controll er SDK

When the Leap MotioanrCeonttirrnd atk®B tdleterhi ¢¢ @a w xsial |
software runs a backdreoumd dp rtacaecsks ntgo drad @ae if
which ficadp efd PVlifhced system architaeastshewofi he
thegBr.&hservice processes the hand tracking
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sends it to the foreground application by de

Besides, phbloei oe appkacation werkxscenpgepeats
and atlhueews to control the device by changing
figuration of the Leap Motion Controll er.
—— USB Leap Service——— Leap Settings Apf
API
Foreground Background
Application Application

Figure 3.7 Thearchitecture ol_eapMotion software

The Leap Motsioofnt wlaornet rdoel vl eelsro glmeeanpnS kb t
vi dewo di fferent type of API s (NAapgplviec Atpipd n cR
tion |(nNAdmfda cae We b S o . Hkoente VHear t, le attf taere APl woul d
treoeéed in this section since the presented in
Applicati @8amkenter adate APl s, thecBAIl besuaedyn:i
many popular programming ,laandg.Jalygt@ovienseuch as
application the access to the Leap Service t
t hat we can develop our foregr ouhdtfeoorre-backg

ground applicatbogmaminidn « @it sedgaymriveecnee vt t r ac ki |

i nformation from the device througloNAI, wh
|l ecdtang from the service process and runs 1in
Handlist Fingerlist ]
Controller =—— Frame —— Hands ——— Fingers
| Bonelist
Listener
Bones

Figure 3.8 The layout of Leap MotioNAI
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can
abs

sho

some !l |fbuancckt i ons . i Mmheamhi hagénsses provided

tro
T

The NAI o@ommpwbaddess ol upesihtaindns i n 3D space

Leap Motion as mentioned eardilerhaind gmodti ioomn

be obtained frame by frame, and each

fr

(

olute positions offucdciarcdh fpiamd e rodt, ctblAomsn ehsa, n d

wn i nToFiggelte ti 8eed f nbor mhei onarrent fr ame,

Li eremame, Hand, Finger, and Bone, as
Controller class represents the Leap Motion Controbed thecreatedcontroller
objectcan automatically make a connection to the service process to obtain the hand
tracking dataThis classcontains several meber functions that user can use to
configure the device.

Listener classincludes many callback functions to be overridden by assigning a
controller instance to listeto the events of the controlléfor instance, the frame
callback function from a listean object can be triggered to get the frame infor-
mation wherthelatest frame obtained by the Leap Motion Controller.

Frame class indicates a single frame captured by the device which contains a set
of hand and finger tracking data, giving their orientadigositions, directions, and
velocities. The frame object can be initialized eitherirhplementinga listener

class to get the latest frame when the callback hasthggered ocreating a frame
object as usual in a controller objestframe objectttached with a handlist which

has all the tracking data as we needed.

A hand classprovides the physical motion information of detected hand. It contains
a batch of hand tracking data, including velocity, position, and normal of palm, the
direction ofhand, and the list of attached fingdBgsidesa handlist consisting of

hand objects can be extracted from the frame class, and this hand objects normally
compose left hand and right hand.

Similar to the hand class, we can getfihger objectsfrom a inger list provided

by hand class. In the list, all fingers are storeithéorder of thumb, index, middle,

ring, and pinky. Moreover, finger class also provides the position and direction of
fingertips as well as the velocities, and per each fingerna bst is contained to

give the users the access to the bone object.
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mat

Theboneclass is exactly the primitive classtire NAI architecturelt is the small-
est clasandonly provides the tracking information of the detected b&oe.ex-
ample, in ndex finger, length: 52.9144mm, width: 17.15BEoximal bone, start at
(3.21084, 147.759, 64.3163), end wfit1.4152, 156.976, 27.6814), direction: (
0.212235,-0.238427, 0.947686Exceptto thumb finger, all fingers have four
bones identified as Metacarpal, Rirnal Phalanx, Intermediate Phalanx, and Distal

Phalanx, in the order from hand base todgshown irFigure 3.9.

Distal Phalanges

Intermediate Phalanges

Proximal Phalanges ( \

Metacarpals
0-length thumb metacarpal

Figure 3.9lllustration of bones class provided in Leap Motion Ad3]

I n addition ,we a & tnenkacniya sostenser hand

t rack

ion in Leap MdtisdmmnARIs, bsdoveaemy ftime earth ipt

j oi,mabmr otation angle around each axis

st

1 useful aaotitbe Ppyesemtwidl i nsleow i

323.Gesture Recognition Tool ki ts

The

Gesture Recog[ndiz$ oanrs dooetrk i ltisbr( &Ry )devel o

n

and

Chap

r etail me gesture classification and recognitic

and

cl as diearMa smlgstrddag o rciatnh e uss@CtoH pma-egr a

j eRBERT prcamecdl e with a wild range of dat a

V O i

varsi oauppl Foat henswace,angeerds f f erent

ce data, enodlermpnhhddaba, awdi ch makes
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the project to get the best recognition
mand of Ftome i pich@gd @altegor it hm mi ghpobeteuuesesd i
cognition project i f t hoet hpeorsw-Nibteec |ianspiuitfsi earr

uld be bette+#l itheaharmseklparwibtie mporst ures.

Recermtilsytneh®&l gesture hasograipiddoy &t alkear y e
tsgasec or diitnsg steover al uFniirgsutel ya d v@RBniti apgkebsv.i d e s
mp r e hdeantsai vter ai nalnlgp weease .t ol trecord own <cus
rough any sensor asad desmibetIrtahien irneg edeadteads egte s
en, the | abelled training wil/ be sent to

assifier.ha$ecaadnddItyi,on&@RT si gnal processing

g the gesture inputs. Thidspl-r@ndepbpghabf pr
OcC easlsg mrgi tatmnds f eat ur e swdh azgs i BMlavimegdg hAUder, a (
-Movement Frbhfecitoagwpdfeatures, to refine t
e recognition Ricralhlaywy | obral gs#dbfmekergelsepec
re recognition project includi ng esctoagt-i ¢ pa
t wonmdhans that the supported | earning alggo

d eWiatuhl tt.hi s euhnetqtureaifreeadd uacl asempiobes aet oma:

ction threshootntsi nsedstdatval stdaé¢ am.

324.Cl assi Mbdat eon
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TRAINING PHASE

ini Pre Feature i Test
Training — — — Learning :>Accurac

Data processing Extraction Algorithm y
Trained Model
Real Time Pre Feature I Post Predicted
Sensor Data — )| Classification—)

REAL TIME PREDICTION PHASE

processing Extraction processing label

Figure 3.10Flowchartof the Classification Module

The proposed classification modul e of softw
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whol e i nteramncd iiotn isnycsltiedes t wo maj or- phases:
ti medipecti ars pphasven (i)nl hFei gouriemad .yl OGowrud tei dms d fo
transf etri mehegesetaur e data from a sensor into
robotic hand. To achieve this purpose, a ¢cl
phase before wememphemegesbaalk cl assifica

The rainingdipbases the procesandf tthreaieniam g
some | ittl e dsitfdteirce npcoessth dree svetercha dryinagni ¢ gest
phaseas foll ow

1 For static postures training phase therecorded trening data consists of static

hand posturesf ASL alphabet hand shapebhen, a moving average filter was

implemented to prprocessing these training data. After that, the processed training

data will be used to perform feature extraction to extract the training feature of static

hand postures. The extracted features cowliatances andelocitiesof fingertips,

see Chapter 4 for more details, and it will be fed thtostatic posture classifier.

To be more specific, a multlass SVM learning algorithm has been chosen as the

classifier for static hand postures classificaind trained model will be saved for

further use in realime prediction phase. Lastly, a test accuracy of the trained clas-

sifier will be given at the end dfietraining phase.

1 Fordynamic gestures training phasesome predfined simpé hand movements

have been recordednd saveds the dynamic gestures training dataset. Similar to

static postures training phagee dynamic training dataset needs to bepvee

cessed to get a precise trained model by trimming thosenoeement frames,

then,the refined taining dataset will be used to extract dynamic features. The ex-

tracted dynamic features are more complex than static because of higher dimen-

sions and may difféfrom HumanComputer interaction to Rob&obot interaction,

see Chapter 5. Besides, DTW algiom has been selected as the main classifier for

dynamic hand gestures classification compared to other algsriBame as static

training phase, the trained model will be saved fortiea predictionand the test

accuracy will be given.
Al t hougai nihegtdetails are varying to static

phase is to get a pretctime ¢Iras niefdi ecnmtdied n us e d
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I'n ‘tremé predicte@ihmeophdesrh hnmaeeda of robot
made gestures are capt drreadneb Yoo &apghemtrieon C
we send the raw data to t heprfoecaetsusreed etxot rdaectte
t he i nrgedath me gesture bel dygamie gtast iuc epedt t1
an extra velocity thr-pseboétdsiNfeghiphddmdwheme ric
raw data belongs to static postures,; we wil/|
ot herwise, the dymamed hfoaa twaTihde nd ettnexcstied rerde d .
f eatwirlelsebé to trained citamei fpredi modelin @od
predict ed Moersetouvreer ,| abheelpeocesanngxstappbBt pr e
compar ed pthoastersaaddune nigpeci al cases, see Chapte
Lalsyapr edi ct ed plraebseelntweitdlolhebkdedseeht nati on robot
whol e process of <classification module has Db

33.Li mitations

33.1.Li mi t at hReonb ootfi ¢ Hand
Theobotic temtnathpgrleesent ed systemumamtor nt e
anot heanidto biost ,al so the bri dge Tthou sc,o ntnheec tl itnhiet
the robotic hand wil|l det bemenei tbhesypsteeml b
wi || use this Bawd t & edgpegshtawrr énso tive@sh smuch as w
l i mitation mainly refers to the degree of fr
1. Five DOF oftherobotic hand As we can see in section 3.1.1, each fingeiois-c
trolled by one linear motor inside the palm covealso uses a fishing line to attach
all the tendons of the finger by connecting the fingertip and the linear motor so that
the fingers can be actuatddowever, this hardware structure is exactly rinest
significantlimitation of the robotichand because all the tendongbalangefave
to move together, result in only five degrees of freedom can be used. Also, the
bending direction of each finger is fixed so that this hand cannot perform the com-
plex handshapes, like the finger twists.
2. One DOF of the wrist parBecause the original robotic hand does not contain the
wrist part, we assembled the witbrearm together to make the robotic haad

perform rotation movemeimdr somedynamic gestures. Bdue to the material and
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time limit, there is only one servo motor installed inside the wrist part, also refers
to one degree of freedom.
3. Lossof the fishing lineThis limitation indicates that the fishing limghich binds

the tendon and motor wilbosewith the increasing experiment timéhis defect

is inevitableso that we need to fasten it ortrethe connections to avoid the inac-

curate effect of the handshajrae to time
Theef actead 2 of &ahemaithb ont stantdidawetdne possi bi |l i
of repeating p,osteswelst ainm tgleesttur @isni ng sampl

l i mited range.

3.32LiIi mi t@aft itome Leap Motion Controller
Thleeap Mot i ondeCmpotnh rcoa meerra issed t o capture han
the trai fhemgadauraseyt .owit hedLeapt Mptiohl uenc
training samples and the recognition rate. l
most accurate 3D depth sensors andhehe maeke
still several defects when we use it:
1. Communication interruptionsThe communication interruption indicates that the
PC loses signal from Leap Motion Controller sometimes, result in getting invalid
hand tracking frame or frames, dependshenduration of the signal interruption.
It mainly caused bweakUSB contact or the shobreakof procesd.eap Service
and the probability of thiphenomenors relatively low and usually happens at the
beginning or the end of a posture recording.
2. Meanirgless finger tracking datdrhis disadvantage is mainly causedtbg rela-
tive position and orientation of the haadoutthe camera. When some fingare
overlapping, the Leap Motion Controller may detect the forefingers as the back
fingers and vice vess result in the incorrect finger tracking data recordetthén
current frame. If theslseframes still exist in the training dataset, the accuracy of
thetrained model will be affected.
3. Poor working area As we know in section 3.1.81e working area of the device is
above the surface 25 millimeters to 600 millimeters with a field of view of 150

degrees. However, this working area mightbmpresseth some cases.
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Above three | imitations are almMproawde drby fifl

t i vaeviogiyd recal i brating the Leap Motion Contro

34. Concl usi ons

In thisw@hamtemduaedhi tecture of the present
system whitwl oaanpltar gpwasrtosf ;taWlade @, secti on 3. 2 ¢
al | the hardware componerthzo bhat iltcthrdo o d jhe s p
arfor(ear m)he anedap MotHsope cdadtinymlbloea rcm haarned an
assembol epder f orgne stthue elsgandvhi l e the Leap Moti or

receiving the gesture inputs. Meanwhil e, sec
parts used to control t he abovel ehvaerld wcaornet rcool
system, R®&S farnameawoor | LbapSD&s, t @RE a&@amar ge o
cation modul e ofBdsiape sMota onl aswiifciedat i on mo
scrimedection 3.3. 4. which plays a key role
explaictlhewitfey static hand postures and dyn;
cationf modaohar't
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Chapte@lradsi fi caftoaoat Modu

HanRlostsBeeognition

Thi s @h a&pstelmet snoel tohgoyfl curbreedail me st ati c fmand post
ti,onrredspgnto the clsaosvimf B e a tfad ro nb dioBaithhee
robot i n(tHeRdahbre mootb ot | n(tRRIa)ctriecSpetrcitonved yl de
scribes the raw training TOhldesmesdti ofnord . 2t asthioows
the raw stastdabdpampdo peosdad et o get ,anbetter
sectiexpd4d.ad3ns what kind of featsurcewsl d rimem wsd ec
for classctfiemtd4d oh. whedhdgbseespai dertand ¢ omg
machine | earnskegrmethods welBéuereperemeghnalio
di scusseseéct iexml4da.iSdiencg dvehdy thoelsted st SYMecl|l as s
fifear static poasowrsd ernecogni tion i

41. Tr ai ni ngo Ba akharetto sftsur e

Thtraining dataset of s¢seatdoddléaadacttddesesdr es ¢
on American .Btgoochpmgaade acking frames capt:
tion Contootaensaaldl the information which &
we nhksgtte handshapes aorfe svoemmey AsSLmilleart @mdsydi gi
those | ett drgsi futietrheamahsadeapenn used in the trai
Foirnsta® bpegs tfwormrd € hdgde s s atnhea ttatsdeio®i ti n t er ms of

handshape, orientation, ad®ahalso cbateinb nroeomfo vesadc |
the trai eveg dhaeaseet s a | ittle discrepancy i
The selected |l etters are varying to the

fl exi bil Bt yh anfd haunnndaBwe ¢ la o suerodsih édhnradh.d i s mor e f |
t hanwyoht i c,amadbhd can pceonmpolrimaatthesss hapke t he fin
t wi st. This is a significant feature in ASL
gestiumveslowvep | ex handshieepd@dé sEieg tR)@Dsie t o t he

l iimation of theDO&pd efel, @hebrielkedpimc hand can
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those hanhi plosd @remcitevmtegituii o c hahlyesso, mef t he
|l etters have nbhkeeorbrostleonto viemt € racti on mode.

I n boheuhmaonbot i nter @lreoibooosib onb dientae@dacti on
ten (@i gtjot BAA nd ipAoSsLt ureevse been used as static
Becatultsee hahdshapPe i di gidtae H otddodve e r edihdiee
dulpi cat e@bf 1 dmdt 6r modesshoul d bkl nbhe cfharn tthhhea p e s

nNi diegeixtcept @fi ot i nvol ve ,whectWwrmeansotheipal n
hasf aomme the camefdra o¢het loca speobsstféurrteh bGthider d i t
wri st wild./ rotate 90 dEheeta stoldanr odui ngdi it ssh ep oasrt nu

s howh giubr.e

Figure 4.1Ten digits recorded by the Leap Motion Controller

Thpostifwmre t hhondiwiendeXd finger fully extend
finger is closed on t het hnel dhda,ised diisnlgeeprno Mmal c
palm direct to the camer a.

Thposttwret he henidgeixt and mi ddl e fingers are
thumb fingerrifsigred ors.e dT lopen drhiee mpatnadt itdne onfo rtnhad
of palm direct to the camer a.

Thpostfwrdi gretien3dex, middl e, and rndadnb f i nc¢
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ring and pinky fingers are ,ahdstede Ahbemalieh
direct to the camer a.

Thpostforethendpgeiutmb finger is closed on t

are fully extended. i §haanpdo rtiheen tnaotrinoanl ooff tphael nt
camer a.
Thpostfwrre t ®Bal di giithnger s are fully extende

hand,amnd utphe nor mal hced meprad .m di rect ¢t o
Thepostiwmre t h:é hign ggaixtd, dé &nd i ngegre fully ext

t he tamumbsii megyecel otseglet Tdhre ori ent at,mod ohet he
nor mal of phckanmedriar,.ect t o

Thpostt wre t e hiednidgeixt, mi ddl e, and pinky fin
the thumbiagdrsiage closed togethand The ori
nor mal of phckanmedriar,.ect t o

Thpostfwret &€ hienidgeixt, ring, and pinky finger
thumb and middle fingersi ameofcltolsendth dtoei e

nor mal of pbhckanmedriar.ect t o

Thepostfwmre t B:e tdhidgd lten,gpn acifkiynger s are fully
t he thumtfeianngder s are cl osed toget haemd (tTthe or
nor madl m fdiprheex me it @.

Thpostfwre t @tal i fairhteaydedrtse adtdlle tt lhwnmbhes
mi dfii etgerf orm & hei meclient at jaond dfh et meo r hmeard d oif
haisd o 90 degrees with&téaer hac emal of the came

There are several difsocrr erpaatnacti eisq RoBfF ptchte otn
mode andolbbwman fHRBMOadkcet.i dFfh e st sy@ntded postures
i ng dat a ofboetr aiottiod n mode twhaeobpe i tormmexd , bywhi
hum@nhand performed traiomiong idhdtea acwse dnf orSel
di gits tpteapetdicmymand meet the standard handsh
t he pfoent utgepte déf or tmiereb bhimatrichi | ed t o achi eve the
bet ween the thumb aodn ptonf&iyan targocboortd icn gh atnod ,t hi e
maxi mum bending angle and thehberdadier someonp

tion differences of the ring finDeet lbet ween
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muscul aramsd raucntruageti ons of mi[dMilhee ngi hgngeand
wibémwhenpt hkey ftihnegdd!| earfe ngenThimeg, fdngertinp
posi tila@sgoffi nger wil/l be a Ilittle f,orward ¢
i f thenpedtupnegxtend the ring finger and cl
same timpostioketheedi eovier6, t hi s deviation o
the trainingodataifadrerawennpaomsceosmtoalien wthreen d hev e
ation, and it tweulad aniwaaacziynmliuehassi fier.
There apestuxitetat @efs havet baeni ngctdadaset n
and HRI, respectived.yl. Thand b4 w2 agnswhtitcbn
the |l etters have been selected by Ilisting an

tive of fitting this project.

41.1.Let tPorst urReoshb-Bfodbrot | nTreaiamcitm @ n
I n addi tidingthoe twadxett éAie €66 L& KO Féddsionc | uded
i n the trai nirngb dtatiafsReirogaedri tomoeb octoprorset suproensd i n ¢

for these | etatbeTdse raer earde smarmeg uli stht er s t hat
RRI trainingt dataasheisghb epcoasussiebi I i ty of the cc
handsaapé®s!| | ow

1. The posture of |l etter 0B&6 and that of the
2. The postur e o fofthedigitler 6D6 and that

3. The postures of | etters OEO6, 6S6, and O6TE6
4. The posture of | etter OFO6 and that of the
5. The posture of | etter 6G06 and that of the
6. The posture of |l etter O6HO6 and that of the
7. The postureof et er O6K6, 6U6, and 6V6 and that of
8 The postures of | etters OM6, ONO6, and 006
9. The postures of |l etters OP6 and 0Q6 <cann

complex handshapes and the direction of wrist rotation;

10.Thepst ure of |l etter OR6 includes finger tw
11.The postures of | ett.ers OWO6 and that of t
Mor eover, t he dpaonsdbaurree sn ootf slteattiecr spost ure so
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consi ddarsgdiinn ntgh dat aset .
The we6exilkertatrealsuded i n t hearRRIditvriadiend nign tdoa tte

gor{ey:those metqautii@manoh g( wir) sthose which do no

as shown in Table 4.1 and 4. 2.
Lette A L Y
Il ustr
(I erany
Roboti
(lefand
Leap M
i mage
(I efand
for bo
ma-mad e
robot
Extended| Extended| Extended| Extended
Descr i None;&GPalPinky&|I m Thumb,; i Thumb,; p
mal diredmal direg PalBmnorm PaBmnor m
er a er a rection: rection:
Table 4.1 The letterghat do not require wrist rotaton 6 A6, o616, o6L6, an

The posdo jbeldadhd@ddo not requireshbanwrinst |
Table 4.1. Similar to the postures for the
postures for these four | etters is always f
shows how the robotic hand mienmd odantsa g ehte. pDlsd
l'ittle discrepancy in the position of the p
pl ays the pda@@8btewraeu sfeori tl dtatcekrs t he degree of
third raw displays tbBé&ettepoh prd@kidegd st & he
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Letter C X

1 ust(rl eetf
handed)

Robot i(cl-eh
handed)

Leap mot
imagd-bBand
for both

made and

Extendedlfll Ext ended nf
PalBmnor ma dex P&l mor
tiedS5 degl dir eedthi adre:

camer a otamer a

descrip

A A

Table 4.2 Lettersthat require wrist rotation fdRRItraining 6 C6, and 6 X0

Thieand podteudCéandféoe qwiri st rolhawnm oinn a¥abl e
42The hand po&druwergeu idfboersl efmerseietsi vaer o wn i tti loen wr i

whi | pos telreto{beoerq ui rdeesg rae e4 5n e gat iTvhee rver iasrte rlo0tOa
frames recorded for each of these | etters.
412 Ex tlea tPorst urHusmaRhobot | nTreaiamcitmg@n

| ®m hheumaopbot | HBMmAadRel @dtra t BoeFéah@G t er s
as showabdBsonintop of t hAd HOeDH t6@ D P g6 Kd pes
O&used in the RRI .VBhtialtei cah ahnuidmaoma ngeadbhihieg eper f
postures of A®L aaldpehda oentl lye tpthesrs ear ¢ it hecau s e a
Leap Moti ohi @ion(geteio tshesert .iFom 3 ntdhted nttheupnmbe r i s
hi dden by other four f tMidgreiéso i hhathet handesa@p
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Controltldernr ecanmnd e

speci fic

p @9 ii tniasvayo aorf

ft h u ml

rejecting some | etters iisf fabroanc d h ebaestl wegdn @
explained in section 4.1.1.
B F U
1 ust(rl et
handed
Robotic
(l-efanhde
Leap marm-
age -h(dred
f or hmuanda
onl y)
Extended
Extended Extended
mi ddl e,
Al exce i ndex,;
descrip lpinky&a!| m
PabBm nodin PabBmnor n
) ma | dir )
recti on: recti on:
camer a
Table43Extra | etters uBoeHO @inndbothhe HRI mode:
Becausékfleaom th@suhaEmd ni nug éddarh @ sRRI mode
t hheampdstwsed in the HRhywobdtmecbelg/ oM@t ngn
arearietailtmee pr edWetth eme phaes @& efdr dlile Y OPer each |
t o hthed peo wiatr ii salthieosne 1 0,f00r0 Ieatchhme s wer e t aken
di fferent mmieh aftn oret p@fs OOID® heocamersa)parc | ea@eh po
i nugpd o winefitgh&eapgoxi ti ons.
The hand wpmast aanaaflad edfy dpprdexygirmes upw
horizontal directiondoWwmtdh e& ad emert dierteh e sp adbi
ward to the horizont al of the camera; the | e
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athheeft side ofon hef vtelme irciagheqdd ¢ scewtti$s et he han
rightward angle to the hwhearntd cpaols idtiiaderc ¢oi fo nc eonf
opposi te 6f stuhieh aceaamtenr aposi ti on, the direct d
camer bawiwlalys t he same and approxi mately 35

of thee mamhm al ways direct to the camer a.

42. Pr-mr ocessing

Prprocestshsetcatofc training dataset I's a neces

from data because

di st al

raw training dataset

|

for RRI or
HRI ?
RRI(10 digits 6 letters),

100 frames /
posture

Trim invalid

frames and

randomly extrac
10 valid frames

10 refined frames /
posture

phal anngasiwnighreastsi am,ac&n d ¢

t h ehsaer ddveatrae ocoourinou nbh e aa fi foenc t
dat a.

| HRI(10 digits + tters)

10,000 frames / posture

Trim invalid or

meaningless frames
and average filtering

20 frames / position

l

100 preprocessed

frames / posture
|

Preprocessed
training dataset

Figure 4.2Flow chart of preprocessing for RRI and HRI

hotma obot i nt
ng d
see 3wkt
tracki nfgr dirmmledfie s me s
piors tRIRMee mo d e,

I n

posture traini

sec.fTbpbodeadl
per .
Il m hheu ma b bot [

moaeeddhteir@n i

er -a o biosdvrnai cambi doehseo broatw st at i c
ata contains invalid fr ame
h t hi shawe diwat @aleiinwisniatde we

piem HRde tmordehle®da,n@0O0 fr ames
espectively

s anot haérst@mdobl er
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phal angeslrhvisbriast idure to thedsubht|l ehpl angebvool
fintghreat mawroaogun he pAwdeluogei trywdtohlrde snigollldi met e
per s ecsoente |twoms npmd et atfrfeessc ma d sabnyoesaft vi.br ati on
Besidewe also i mplemented an average fthbobser t
recordedy fcamesl|l at ppgi thensavef atgog eerxyt rlaOcOt f2rC
refinegefr pgmeatso wh giutr.e

| b hheumapnbot amoee att may ohnaep pneena ntihnagtl esss fr
recoffded ia&ndatuleert ol i mi t gstesee o B8 fAnt @hrteo dcuacneesr a
ami s matt dhffei npegsi t i onfk o wdfeanrma) dre k ivn g wt loé arn he
finger geal with htamiest poondbyl Emenwbeeorrect frar
al so need to manual ly apdojsutsutyr etish & e o@d eInd anhgen
bseparately detected.

Af ttenrgpg-per oces sfi o t ht RERd wea nab tHaRIil nsetda tai cc | e a
postures daogho8RRR1A rcacamedddOsHR1 r a,mewhi ch are used
nextt sfeeeapt,ur e extraction.

43. FeatBixrter acti on

Feature eadmruwucitdalonstiesp bef or e we bientpaluesnee nitt t
decides what kind of features Fwirltlhelrenofreed i n
sel ectionf rodm dteiad nreg dataset wil/l directly
antdhreecogni t iiom naarmncy rcaasye s

The ext Mfeattarr es wotlha W1 RRImemBBabeek t ng dat a
consi ®¥ds mefisaohsomeeaoh f-pameestethiesreper 8i ng
secti)obt di Bed i adgt er irrmpretaigntghred rsecsmderspr ovi de
t hbeest bal ance all et wé dimhattdaenrsantdc ont ai ns
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Figure 4.3lllustrations of the hand tracking data for feature extraction

Figure 4. 3disnmeormssi otnhse t9 acki ng dat a, and ho\
as descrilmgd as foll owi

§ Palmd positiond , normald , and velocityw ;

T Thefingertips positioh , velocityw , and directiofD "O'Y (wherei represent-

ing the finger index: @humb, Xindex, 2middle, 3ring, and 4pinky);

! Hand directiolO OY .
Thfeeat urlsa aftorc t r@ao wnli dh gmalianlays eie di vi ded i nt
lassociated wi thle tppafmnpo sietainde fti mgertip, repr

O , which oédumersli 6tm$ adand represented by
o 9 0 s (1)
where 0 immddthavesfingers i n ourTdeer sfpragmom dt humb

associ @thed avwistoH ute di stances of fingertips

computed as

~

(@ D 0 s (2
wheraenjdr e thethedificegeo®, me@amsexdmplde st ance

tips bet ween ftihnugebatsadlodns mmesx 4 di md@mei ons o
resuddiimgnse ameceeo®priergghret st ati ¢ htataiwniln g baa tf
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into the |l earning al.gorithm to train the <cl a

Al l t het srteasd i ar  éafler mdBhada | gbeél |l ed as a
class for Asad¢ih OQpe miewfs@aamascfeonr feraacnhe, t here a
toteAl vécttdRR| fmo de® O0anwdk ctt MERY fmord e .

44. Lear Al g r i t hm

Three popular | earning methods for hand gest
pl emented im tomiderse¢eotifomd BRilepmose bapuvabBaes
Cl assi fi & hkeNfeANBG)t, NeNNgh bt oameudectliaks s Support Ve
Machine (ySVar)e allhle supervised | earning al gor
i ng dadlhd wdt ek Aueset chasseacy will be given
the trainingetdhae-ase®el pteditction

441.St ati cPodame esgni tANBNC wi t h
Adaptive Napvd ABNBe £ sClpdBdIgb Bame c astl aatsisgtfii e r
partisuil daobrlyegepet aog@dbBapwe Bayes classifiers

to deal with a wild range of cl ap898&hdcati on
gesture [@8¢pgnivima ©imeamnad d el can be deducted f
Bayopsobabi |l i tAyYNBcCasl csu tnigpd se® ingfii veenamé hat r ong assu

tions of each t rdaiimme nnsgi odnast av e @odrt n (ot Eodulry calsl
di mensi onal val ued ait m vehgTheadhpdearudeertBay e s

Cl as shiaéshn eadampltive training phas&iwhi clel pat o wvied
high accuracy for recognizing the hand gest
duri ng-ti ime pepahldisdthiiosn adapt oblwe &akgbdburehm to

uously train and perfect the madenle @fr eddach eg
result to the oricgmpal emodel moadmred twlsemgr appe
Mor eover, another significant feature of ANI
user freedoems s editveaarpshiton sh ebdt @ haendhemd kneash g e d

mo d e | more preci se.
The ANB® he @&ahyeeosrem to posppeosbdabi t hey of
event A given the data of event B, by:
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s ., UVLODOO
- 5 - 3
oD 0O (
whebérepreadhentpsi or tgeeodmta ph eanfdgf epr esent s
the prolbadeMdntt yB.of

Il nthe hand gesture classification problemn

06 of event A using equation (3) is actual!l
mension value of input vectorswhéresr rnionvg gi Vv
the conditional probability of el&chsinhpat di
probability of .t hBiass egle sothurtehiosc ccwrgriiti@g i on, t |

(kr [ K] rancaéalkcul ated from t he tmreothiaahel | 9 @ rys ars s
dad a

5

0 0N SBOUN ( 4
B 0&X0uv O
|l mquat jtohne (p4r)obabil ity i ehegesmuoné al &s$ he
t urbe€®E), in the trained modekt ihmaep pseenfirseogr wdhaet na
prior probabilityKbeécaguweseémnarna akslaysesrelo e & lhoet o 1

training vectors for each gesture.
Thequation (4) can be updated tkwheal cul at
t ge ven -ttihme rdcamties @ ttahNed 8§ mensi oDb,al neect be stro
assumptions ifoorw dheseah maidreenkyd:ependent | vy,
- 0 OsO 0 O
U 00 B gs'os‘oﬁ O
wheDe QOB ,N= 9 i n,amtdhecasaditipynadi mdneoebabil
sionaldbOg@ 0tOocan be calculated by:

(5

0 ‘00 0 'O 0 '0$0 0 'O (6)

Her eMul ai vWar mitset r i(bMutlitoonvar i ate GaassibaenDi s
used as the density function duwealtwed hee @atdora
Dof a sped&i fic gesture

Lasahyadapr aieni ng process can be i mpl emer
mo d e | has Derinngrtahimedphasédm ubes a fixed si
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the | atest predicted gesture as the input tr
teén trained model with the st r eaamidniwa igdgahttas. Me
f orosdkeihmensfi onsaitrhiang tdet aneerscahgyctders hel pf

di stinguish the two similar hand gestures 1in
After aldr,edihcet ifoinnadf i nput data can be n
|l i kel i hood among with all | abelled gestures

by equation (7):
AGCAT § 0D 0 0sO U O o .
AR B o000 0 P v (

442.St ati cPodamBe esgni t iNONn wi t h Kk

K-near est nNeN)g habloguorr i(kkimongvth e raviweda i gb ¢ éatath mng
can beéeousmldavsesidnd ate pmedbdsAdondhhough it bel ong:
supervised maohimndé&m|l eNaNnnciflragstsd Ifqe@efr h d eqatr me
trainiamg dastta the entire trainiingaldlagzlyset t c
| ear.niTrhgatsr,aipnhiansge I s not a nectswmarpredeptbe
phassienchper edi cted | abel fowilthebeucomptut eadpddt
prediction period.

Thede# hkeNNused for ¢lsas gii fnidc aathieonmaj or i ty
nearest instances bakBiedkhomanr be diasénta hbeet-e the a
t ween the input sample ,anand hsadlmbel-bBendngr at
near est gr obhe cepresmoihsdi ng gesture cl ass.
predi ctthkeh N o©of alssi mowwobrt dalprobl einst aBeel i de dr
mo st popul ar gregormed rarcd dd spgeamfcect choice 1in
because the variables of the training data |
theD B pldecwever, it can be creepnieatcreidc swiatchc oortdh er
specific training datal|] 9,8pMdan saitcthladIgOs|laiHsatmam e
Mi nkowski[ ID0Td{tea Eae | i doeeatnw@l®ii€@tiasn cdee f i ned as:

0 "ORQ Q0 Q8 Q0 (8

wher eQhehkfotBh, is the input -dvemetnesri omarhp If e aw
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{Q,Q, €©,}], wedual s to the tot alQrreypmieesrendfs it

training sampl es.

40 k=4

3.0 4 ®

2.0

1.0 1

@ Class A
0.0 - AClass B

Unknown

-1.0 4

2.0 - A

3.0 4

-4.0 ‘ ‘ ‘ T ‘ ‘ T
4.0 -3.0 -2.0 -1.0 0.0 1.0 2.0 3.0 40

Figure 4.4lllustrations of how KNN algorithm predicta 2D class when k = 4[101]

Fguresshows -ntelae e 4t nei ghhaatwerdarehh 588 s-whi r
di mensi onal class by finding.Thaeepma@gnbcit gnoWn
bé hcel ass A.

Al gorithmcdde-Refeuldst Nei ghbour <cl ass
)T DOPHI AT OETT Al hAABIAET ¢ AAOA

| O0BOGq predicted | abel
AAcCEIT
Cl asHM,Nfay M/ trai Ni ngl aadMahisadeplse bé p
AIDOhAT
Cal cul at ediEsut¢ddi,ddee a n
AT &l O
Cal cul adwehithle ihmdi d édkes malrl & shte (d,i)s.t an
DAO@O®] orit ydOwhderd® for {
Al A

Table 4.4 Pseudocode of-Klearest Neighbour algorithm
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I n t heouwrasheand gesture classification pro
tor wil |l be increased from 2 to 9 dimensi ons:s
clidean distances between this gesture and :
di stsanwdada h ascTredi ndreorsdmarl | est K distances ¢
pl ace the majority .| abdbsdheasvst hdeppadudioicom el

classifier.

443.St at idPodameesgni ti o+ wistsh SMWMI t i
The mul8sppdercttiMarc hecihnasali i$@seurperlveiasrendi ng al gor i
based on Support VecwihhiacshMacho e @d rgfoon maamc e |
di mensi onlsi neenadd nscenp ababhg daebebibtihemas | ar ge r an
pattrecwmgnition and <c¢l assi f iecnadt i colna spsr odbfl elmisB !
[ 102R Il i brary for supporitnggesdctuocre macligmed i (03
(GRIT®2d i mpl ement the SVMs motdiethe tstaatniion gp as
predilxitfifoenr.e npr & witiowu stsh eanp Is,e tcHea s$SVMia&lrgor i t hm
complicated and has -Shveve ma | egratpeprk cheedd tt @ ma wy dseu
of real probl ems.

Thleasi otihfe¢ 1 meft hrodc|l assi fication is to f
pl ane with the maxiemale marmginn nghidah as s@anpad te s
hyperiph bpereedi ct wbhbenpbdeathegi wpetthTensbassiat a
SVM al gwas tghhrmoposed to handle the binary cl e
the followi p@2fiequirements

[ ET E o0 , Q
h C

N N N

subj ect Otzo%ke @ p ,.0Q
, QmiQ phgB hQ (9)
whee Y, Q pxlBBHQ s t he tr aiorfihtrego dian dhe yvemd ®emt c | a.
php i's the vaenédumrcké aleeplr,esent s the projection

t o t hdei nme ngshi on ia h hsgpedicdend p aC€Ciasnedegmu | ar i zati on

stant variabl e.
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Usitnlge regul ation (9), |tgree atbrsd iemien § whatnha
the di mensions = 2), or OCh y3pyeidi pgldiarsieo vy sv hteme t h
hyperpl ane sdm@marsatsi ng dtihbeg tngmallatmarmwgitrh when t
sampl eB anDk &F espectively.

@ Class 2

Figure 4.5The line or hperplane with maximal margin of binary classification.

Most-lndal cl assi fiicmdli wchi pg obhe msamd postu
voenvu kctlidgaai ni ng edqautiar,e st tehte SVM al gorithm to
pl anes to separ aA®ti i hpeoostsriabil nei ntgo-cdsaord wl eecdt.d £ s im-
fication pr chlaembamrasy n §V Mma kcalsassisf i MM c | as s
was propa3led in

The genern dneulctdi@aa sofSVM bagspeib aedr-d mes
stratoegyYy @QtpAgbt narcyl assushi fi ers that used to ¢
i ng one twhelkmend hetamumbees ofGi ven t hie traini
t pcl assmushctlitalkes cl assi fication tphfeobl ewmi-cagn be
guirements

Iﬁ EHT g o o) ,
subjectot Ge ® p , , oiMOEI ass,
o %oe ® p, oiNMODEI ass,
,oom (11
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Amaj ority vatsi nug eadptpho amdiii$ éavses i,Wwhicah i on
apipdesvery binary classifier to perfoBmnepeedi
all the c¢ft es <il faisesr,s tvheet @gr edi cti on Itahbeel can
most votes. I n addi &ioetrhetro agplpa vwempshherdedtnet g ya, t
class SVM cl| abienadg aeiabhlg 1sOs3t]h a tatehjgg sbon and Wat -
kidhd Ondujictliass SVM.

Asougsystem was desmgnedetioctrenl] we sel ect
the classifier type ssitm@ae nitngdrramatil aslsli ¥ I [za

icantly reduces Thlkee emamer wedemahdgp.ar amet er s

the better result, as foll ow,
1 Scaling training/prediction data to range df,[1];
1 A predicted class will be rejectedtifh e cl assesd6 pr,obabil ity i:
1 Main parametersau= 0.05,C =1,

1 Type: GSupport Vector Classification (SVC).
where SVM piagmmametressnt$§ the maxi mum percent
training sampl)psnalnt y h@i smammyi eapogi tive value
the bal ance between getting the | argest mini
the training sampAssarasrmanyngsspmpbebl are h
bl,e weC=s.dt

TheVMS parameters may vary according to th
this case, we found above hppamameé epostureperd

t he rhoabnodt ipcost ur es.

45 Redli Meedi Rhaoem

Using the gestdiraes cdascriifbed si nrsaentei on 4. 4,
the-triegneel predicti on. During the prediction p:¢
training phase but there are sever al di ffer
gr aphl laienx ptthe differences-tame powtuoes mpl el

based on the Hiigdgréam shown in
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Figure 4.6 Theflowchartof thereaktime prediction phase

The aw -triemmd posture dat aacsaepnturtea tbhye tpree dc
modul e, where thaeseavhlyi dofmmamesati on inter
occul wialtli olme r epmoovceeds sa tndgp tskteenp sent to next ¢
extraction

Di fferdarter dirmimng phaygef etnhfairieesnigostr t i ps
and GGapdlwi | | bei e x ttrod edti s @ thnwgahdes st at i ¢ hand
turmes dylm@ami ¢ halOnd yg &€ shtolsreeds r ames wi th all ve
10 mil |l i metdeirht pemtsdamo cl assi fication step.
failed to meet the threshold requirement, th

Thetnhe gesture madédn caliaosnsicfainc abtei on step
model , where welwdMds uskethrei,madyti bwabbasoer
beshoawn next section.

Finally, the predictedigentlufa etellea becell a sodi fti
i's BN then t herper ocse sasni negx tsrtae pp obsetf or e t he pr
Because the ANBC classifier performs an adaf
samples with the newest | abell ed dgltd&assaldo t
features iod bufifserd.r aimeen, tthiemew hporleed ipcrtoicoens sh ¢
achieved.

46. Experi Restadntds Anal ysi s

Two expeweirmemrctosnducted to validate b&datte hand
rob mntt er amtd sopme ct ihu enbrg b ontt ee anotdiea n Wew ou-sperde
recorded torstt eat adienogdss,@® fcoamensdt opfpst ur es

f ormed sy hhouonddtriegERtl t chdiag@athfdi emot her dat aset
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