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ABSTRACT

Egocentric recognition is one of the computer vision fields which has been
studied pervasively. Due to its development in photography system and a small size
video that made it simple to utilize, the egocentric camera is attached to the head or
the chest to record the first-person point of view. The gadget is used to study hand grasp
type. However, as human hands can be transformed into shapes through different
camera angles, detecting the hand grasp type is not easy. Moreover, an environmental
light under low illumination conditions makes it difficult to detect the hand grasp type.

This study addressed the techniques which increased the efficiency of
egocentric hand grasp type recognition in low light conditions by utilizing the flex sensor
and image enhancement algorithm with adaptive gamma correction with weighting
distribution. In the enhancement stage, the flex sensor was attached to the thumb for
object manipulation. The average voltages were used to configure the weighting
parameter to improve the gamma function in the image enhancement stage. As the
thumb placement differed in positions of each grasp on the objects, distinct images were
made after the enhancement of low light conditions. Moreover, the YOLOv2 of the deep
learning technique was used for the grasp detection and recognition system.

The research results showed that the proposed method could significantly
improve grasp detection and recognition in egocentric vision. It can detect 18 gestures

according to different shapes of objects with the highest accuracy of about 86.28%.

Keywords: egocentric vision, hand grasp, flex sensor, image enhancement, deep

learning
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[4] uldmsranuasanindneazriledulussuudliduniaidulaedsuuuurdedudiug 18

7 ‘ i
Large Diameter Medium Wrap Small Diameter Fixed Hook

_+ S

Index Finger Extension ~ Thumb Index Finger Thumb 2 Finger Writing Tripod

vindle fslugui 2.2

B -

Tip Pinch Power Disk Tripod

o~ V@ 7aA

©

~S

Lateral Tripod Parallel Extension Literal Pinch Ring

Extension Type Precision Disk
= A v v o oA 9 v Y A ao
JUT 2.2 vihdleduingdwiu 18 vinile Nldnaaedluszuudlilgunsaity

18



2.2 AnYEIUNTIvaIng

LY A v v

sUnsevesinggndunsedanismigdatu n1siaudilanszuiunisnenanid

Y
)

Aud1AguInTun1s@ned Wesanduusuvendsnisadsulmvesdeniululalunisidney

I LY Y A

seninadleduingiiazdu lnetnginazgnianislanatsds FBdnnisudazisnenaunnanaiuniy

9 Y

Yue Untinuaginguszaianisdu dnganunsadduniindulavatssuriiiazuyydaziden
Aurdanganunisidanunaziinlsdus) fegradu nstiuiidydu diundaduniuansneiu
aeetey 3 funus A AUt (FUNsINsEUen), Auuu (5Useean) uwagdudu (junsald

uy) Aaudnduenavgguianiiazueninglasnisiuaindiumis lagdngdiulvgiyaisvinding

v 9

'
o ¥ [y Ly = L =

nieIteiun1sivredie lnganved vl dmsuingnesnuuuniiouduiusvoswywd

q

(%
[KY)

AatuAzNBLanIEsUAiinvesinglne s kazdIusuAtinves Tngd T ung Anssunis Tu
Youysd [5] uenantun1sduinguesuywdavardafisdmidn sUsrsazauiniiazinu

fi915anlunisdu aniinaniuuwdluy Snguilauaiunsadduwnuanduldausssusifvane

Y

RIS IR

[

UinguizasRvasnuLasfiulsdug uywdidonvisiumiuiiodanisiuing

dawdsifedluszauingfe diminvesing drudiiusdue) Juegiuudazd1unuanisdu e

#15UNTTUTRgAUEN YL FUNTIATIUN 2.3

JUN 2.3 Msduinglusiunide a, b uag ¢ mudnursUNTeting [6]

19



[y
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MINFUN 2.3 WNUYBITRQUNUAIE a, b Uag ¢ laell a Wuvwinvewlindngiieninan
1 A A = I [ aa '
WaT c WwBYMIULWINAUNAA @ 2 b > o) Fuduaruenvesingluaiuis Ingaiunsaws
anuwazgUnsiwesingunnasindudiuau 4 3Unsa fie Prismatic, Round, Flat wag Thin 619
= = = o = & av oy a ac
A13N 2.1 waggun 2.4 Fadnguilsduenadlivatswuuvesgunsisnndinuasvateisiunis

InnsPuiuinguszasalunmslidauingiu fAegradu n153uing3Us1avewInniinug

wazgUsrmunUsuenianisiuindeudilaenisiie wiluvaeidvieiivwindniaznaunisdu

'
va a

wieunlaen1sUanyu luvaeidngarunsadssdulalnenuand@nvainnale wu sUs,
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M99 2.1 NsTuNanwzgUNTweringildiedu (2]

a0y ANWaYIUNTS VUNLRVDIING
1 Prismatic a>2b
2 Round b<a<2b,cca<2c
3 Flat b>2c
al Thin b>>c

Prismatic

Round Flat Thin

gﬂﬁ 2.4 GT@aéﬂaé’ﬂwngﬂmqmmmmﬁ@%ﬁmq
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Undodmsududegun 2.3 wandbiiiudiegneinisduinglaegunedne Tnggnduludundu
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gn aetusundulddmsuingdnnulasunasiiinnnimisinunnmuenisidedelunisdu
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2.3 izuunamaiﬂwumﬂwu

szuUAlMGuUNIAITUNS pa1u1saLS N nNaeE1971 First-Person Vision (FPV) [7] [8]
& = A fa v & & P ) a Iz aas A Y A
Wuanu1nileuaanauiamasiviey 340879890 Un15IAsIeinnLasIflanaelaenassNaiy
1dle Falpenlundrazauldnfswensovuniinen laglinnilndlAesiuszeenisuauiuyes
Healdnaes dadudeyanimazduiindiuvesainiigldyauievinnumeiislasiausyuued
wievhanudlafanssuveslduasusunvesminiuluannwindeuialy ndesialdses
TWdhawth Faineeduiiusiunmivesieniinveidld Fadulsslovilidilafiafanssuuas
avuadtavedldlinty Tnedudnuideineatuszuudliduvsaitunfiiuinuet a.a 1997
[24] waleAuDeuINTUNSIINTY A.A. 2012 FIUNISARTUVDILIUANDIRI IS AL NADILDATY

WAL LU Google Glass and GoPro cameras Hudu ﬁﬂﬁ?aéﬁﬂiugﬂﬁ 25

Torso mounted glass mounted

head-mounted

Cameras Cameras cameras

U 2.5 fegandesdlidunsmidunfivngludanive [9]
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Jermeanmile egralsinu iWevauly FPV dnisedesdnsetlymardaiondadiis
ilosnnadeuiilududaganid siliadeulwiSuagngiuunisiwasuuiasanuduna
i Faazannuamvesnwldegnann shliernsenisuenueziiouas Tngilaulaniiunds
(Background) sileashearuinminvesveluladndesfiauldldlutidlifidisum wlvndes
yintldsuaruismnniulnefegendosifvgludanieddlusui 2.5 gunsaindesanld
fifoglutiagtufinuiadnuasdmidnu waridvaeliamsatuiinamidauamgsduuy
wsusnEld ndpaanlldliLuy GoPro uay Looxcie Suiidnsumsuroudsganaust 25 81 60 fps
dnllngjazlddgmiviuiindanssuldlalaindalue uidndundesaldliuuy Narative Clip
uway SenseCam 7Idun1miins 2 w38 3 fom Fadrulngjaglddmsunstufinamlunaiiu
Junerietu Tnsundluusas Suudraedinsduiingmds 2,000 n1w tufoninis 60,000 s
ou Fsnsdsundasenudunasainsuidazshananazanquainvesnmls sivliense

nsvuunilenazingiaulaniiunds fegnisauldndedluszuudlidunsaiduiiou

amanndesnifaduiiluldnulieseidgmialeunisteniuuiediudaulddgun 2.6

U 2.6 fegnamsaldndedlusyuudlidurseidu [10]
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2.4 AUATUNIULUULAL9D

s 4

AUNTUAIIUR
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Tumusuulassauulgas NTnUsuiun1sinesusoladie tneuni

a

UL ALAADE A UNUNILALANUATUNIUYDIDIAUTENDULTULY DS AL WUTHU AUNITAAYD

Y

Wi Geanusnumududndiuleenseiudsunanisidseddnvuediguin 2.7 Inslaseaing

Jundnfiuifiiliingniturieg uuusuawIusessu (Substrate) wuuBangu wandniiumnil

AavantR b nsgusumsiuivilinemiindnissiudiiuegtamains) Tuvasuiugugases

kY
N o A

Tukus1uun@dafimnanudunmunvanena 2 919 Usesunas 25kQ [11]

» Phenolic resin substrate

Conductive ink

Contruction 2.2" Flex Sensor

5UN 2.7 Iaseaiediudsznauresanuiuniuiuulawe [12]

WIadiMSlAeRITeUTULDIAINNLIVBUBULD T NUTUHININ I TINAIEITN TR
Meendeagyivissoinsveiadnuiniu auaudinisiluiidanas silviriaausunu
WL neA1AnuimumwasiUsURsulUnugemiAanisineiiaegui 2.8 FeliAiannuduni

Dudaunisy 2.1-2.3

0 =0 - R, ~ 25ka (2.1)
0 = 45" - 25ka < Ry «< 125ke (2.2)
0 =90 - 25ke « Ry < 125ke (2.3)

Ny 45° ANUAUNIULITegNUTENIN 75 kQ iy 90° AU unuilazegiuseana
125 kQ ewuigaignuiulveglululsudnass AnuA U uIzNaUgALAN AT ULI1R
ansadayuselalagnaindrnnudumuiliindy Tummeud A1ves R (kQ) dunusiuvyy

[

&
PNU
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Ry =100 - — + 25. (2.4)

Flat

45° Bend

90° Bend ' \

5UN 2.8 Mslasnazyunisinsiivesnuiumukuulace [12]

2.5 1A399HBNNNITUIZUIANANIN
3UszaNaNaNIN (Image processing) Lﬂu‘i‘ﬁﬂ’ﬁﬁﬁaﬂi’ﬂumimwé’uLLamW\Tﬁmq

Ae 9 Inglannglunuaeuiaesviadfldlussuudlfduniaidu nmsussnananimdunis

[y

dinminUsziianavsefnmameaauimeiiiioladeyaiineinis lnedisnisnldiueg

Y

(%

finaneguuuuin eglsimuluideiazinausmealulagnldvioneidesiuaiuideidvinty
lagiduluseenisuiulsinunInaeazunin (Image Enhancement) Fadunszuiruniswlad
P A g W A A P A v = = ) Ay

Toyan nluiiay Wenvzaianmniusgasidenrseusulnuaivesninisenis lag
9193gAaN TN ttnAiaUS U e ewmeliakastiunUsyinanaiiolvlan niide an1s
r-:tl’ 1 a = % 1 d' 1 % a o Q’{I E%4 U
FaudazmallnazinisuTuussnmlundyguiuanateiu lunwidelagldnisusudsanimainnis
USumunuuiivevaiseuaadng Fadanidewasinsiiludssendldednaniteuns [13] [14]

2.5.1 ALNUNIVDININ
ANLNNLT (Gamma) AB ANANNANNUSTEMINIAGavluRna (Pixel ) 9990 1NWAY

ANANULAIATI (luminance) MUANLTUASIVBININA LA UERSSUNINYINaad aluldl
| A ¢ Y aa Y] 9 ] ' Y & A a &
AN edNgniuwesnaefdneatuiinlildazmulinseiuiian uyedvielureueilines

LAMINE L51FIABINTTUUMSENIN bNULIADALSATU (Gamma correction) IagN1SYIN9IUYDY

& v aa A Ao . a 1 14 Y Y I
WULDINABIRINDE LalUILAILUTNDUNTENY image sensor M 2 1 ﬂaaqlmiusuazdal,ﬂu
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2 Wiy (Auduifusuuy Linean uwinvesywdlalldvihamnuuidedy Jsaenuyud
fuduanfiosdruniarintu wasfunuenuaiadiurueuduiamesiasiu (auduius
Uy Nonlinear) fans1wlugudl 2.9 snfegnatu i 500% wiedin aemvesLyuduLas
IflaninndosdnegUetraiulddn Weifeufuudimuyudsoulmeeuastudiulnuisialed
wnnin Mnmaealudetvilitauidelunisuesveasasiidisiuuasiinirand Taeeey
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INPUT: Actual Luminance

JUT 2.9 Megrennuiduian 50% Nwugeiveindediineadulaaindasa [15]

o A

fainanuudadunundunsuusaseninamssunasiinuywdifuiunimain
wulwesvendesiinea Wonmainndesndneagniuiindeyaiivly wiei3undn Gamma
encode Fetiuazyiliaiildlndidgsiudsiiviuainasuansua 1iesnszuunmsueaiuvie
nsmevauswonuduLamesmyustulildwiadu ndnfe uyvdueadiudiuiinainaniy
AL dua3e WA Image sensor mavausIReANUINLALTUTWEY andaegnau dv17 e
AIaLAs 100 e Audmifinnuduuas 50 mice Auiiuywdiiuaglilvdiminanmie

[
= v A

JgtpdTulANUTNLAWS 0ai NN IS InTlwesdu auyfluaniugnisalifientiu ¥in

v Y

aNa Aa v | & = 2 & i <, = = = =
UFLNINUAIULYULEY 25 KUY NHUHQ%?‘U?Mi@N@QL‘VIuaLV]']u’J']ﬁ'J'NLﬂu@i\‘iﬂuqcﬂa\‘iﬁmqﬁ]%ﬁ@

Y

& & | v a s i v | ~ & I ae ]
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v Y1 %

sgduiintulaildvinliiinasedsils udarddninduiinaadies 30% luvneiigunsaising q 1y
FBUAAING 33U image sensor Tudngfnssuidududuswndudewiinis Gamma
correction LloldsunuunsiuivesywidsaglinmIuasnmiuuaunisentids (Power law)
Tunsufuuzenm Feandunisuivemuduuadviainetu Taedflesdunisuuasninlusuuen
fdutseenldiduenidufiutu (Power law transformations) wazenrdueuvdaunsenism
310 (nth root transformation)
2.5.2 watlA Adaptive Gamma Correction

wadla Gamma correction \Judsildrumlulunisulasninsedudmn (Gray Scale)
fifigsafinea 0-255 Tasldsunuuiugluaunisi 25 Taefl x Aoarsedudiminounis
uAluwnun @ y Ae AANEaaL a9 Gamma correction Inadiaudnnusszninem x
uag y ﬁﬂugﬂﬁ 2.10 Faflenuduiusiuan y 7 3 nsdl Ao nsdlusniilean y =1 agldAmnmn
seduamnmiiounaunsuumvefinanIn dunsdi 2y < 1 axldrmseiudmniiafinea
voammnnnhiieuliukarasfistuegratiuldtalurasidmssiui uaznsdantne v >
1 Asgdvdnvesnmiimfinearesnmtosnitneuliunazazanasegradiuladngieardim
AU [16]

y =255(%) (2.5)

A191A LR UNNTUSUATLNNUIAIEAIAIN A UN NLGAVDININTIAUA A NS UNAT ALY

Tnmianunaziinawsoainedu egralsimuineavesninadiulngduasainanldainaue

a =

Taen1iuren Ui adnaiulleazuisdrudaly arwnuuiasnagliaiunsaldvaelaag el

ada a v ! )

Uszansnin TunsalidusSnawuuninaindasansouny aedulunsadazastafandu

WL AU DAS 19PN LT UNUSTEM IR LAUNITUAISLAURNLLAVDIN WAL ATLANNNUULDE

1 v ° 1 1

N 1,y < 1 livdwvesnmiliseavdmaazawnuingndt 1,y > 1 1dludveinm
fAnsAudmIge Fuavanunsaiuamfinaseaunmainitudiuiuiinvesnmwazanefinies

) a a a a = ° v A Aa ' a 9
seRuMNEMIvRaUSanaiwiull Feavvinlianusavavelasluiuniawarainwiullle

| = a a a U
pgnstiuszansamlunanfelnu
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Input intensity level, x

5UM 2.10 ne1inaenAnuduiusNIThUaIRUIlLLasEINanAT y #1e 9 [54]

a = 14 a =S

2.6 WIAUANTILIIUILUULYNEN
a = Yo o oA ¢ & a ca o DA o A I3
wadlan15i3usitedn Ao gevduasaeuiiwesnideunuulvimileuduinseviewas
Uszan (Network of neuron) Tuanesywd ududuidngesuas Machine Leaming wazgn
138N Deep Learning inszasnalasaingyseamngdudaunuudn (Deep Neural Network)
un lagldduiaudy (Layers) Auanafuiialsoustoya Auana1vedung (Model)

[ & = ! § . =
LAAIBNNIAINTIUIUTUNUINT W 71 Machine Learning (ML) 11889 AIINAINITAVDS
N P = ya 1% o Ao av oy a Y  a ¢ 1

windiloianunsaiseuawing o ldandeyaniled lagnlineudeulaneiuiengnaeiaig q
Ypedeiu ML hlvleTospeuimesatunsaseuawe o lamenuwes laglduseloviannnds
lunsuszaianavespauiameslugatagdu ilvanunsaussananadeyadiuiuuinlaiuies
lnetaunnm19521i13 Machine Learning uag Deep Learning 3afitiulddniasifAanisin
Feature extraction 167 Deep learning 9g¥A18auLeY LAGILUU Machine Learning 2¥@n9
lneui szt i lunavesssuu ue Deep Learning agnenenuvnaLi uvaidunalag

onludi fegun 2.11
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Machine Learning

& — &y — 77— I

Input Feature extraction Classification Output

Deep Learning

Input Feature extraction « Classification Output

g‘l.l‘ﬁ 2.11 1W3sUgun1591191U909 Machine Learning fiu Deep learning [17]

Deep Leamning @sumnuaulawaywaunduduegrsunnlugieladitund uadelde

984 Deep Learning A n1sldnswennstunisvitnuunn ldinasiunsnensvesneuiinmes

<

w3evzduTiuiuteyaidoinisusyuiana Inewin Neural Network filaseasnefiluguinf

[ ) £ =

Tduadeslveyaiiwazuniguiu InesUukuugasves Machine Learning 18n15ARRUAERA

a I

unidn Ae Artificial Neural Networks (ANN) 10un1sf1aesisnisvinuvesaues lineufiawmes
Yo a ° = Y] | ¢ = o v aaa a A a
SinAnuazaniilunuifeiiulassislssamueanyed duitnusieufisenltniiued e

]
Y a aAu =2 o a a G Y Y A

n1snseRuRledansuinieuenyiivinssuadseamnisdsindandeassduddnduindes

nsvfuwaddus dondall dnssuaUszainusamedanideanaznszhulgadou N159uTes

q

v
v A

ANN aglsidudourinsuulseamuesuysy wildn1sdnassitBunausasddiuinin (weight)
(3 ! 1 N o o ! ’oj 7 a ¥ =
wagiwadwiayvieasdaanmue (Threshold) Jminsinvesdunadewnvuinlny feay

v
Y a I3 Y

duersnanalula agslsimuniiuuiAni Fsfiniuuwdragldauliase Adesseaunseiiy

109 NSlUNISAUNUASS

1 ' ¥
e A IS

wAlulagau GPU gnaiunauaisnsanauauadlaieldAtiniuuil
d1AtyUes Deep Learning LAnTullle Andrew Ng A1ER1915ENURINGIRBALAUNDTA NOAS
1A59N15 Google Brain Aulul 2012 warinUgyausedvg luseaunannitdiuaingng 9 910
Anlolu YouTube N1 10 a1uady s Deep Learning Ao n1stkwiAnwes ANN snldlusyeau
= ~ YY) % Y aa = vy o 1% & & a o v

Aanuagil Layer Nfudaunittuesuaziieddnisseusasaudinsaaiwuuiies Aily A
anunsauenuuzdeeing o legrauiugdaduaumiiendiuyed wastiluldanulunaies a1vn
Wi s3dadelse nMsmvausaliautu nsseudniniveanuuuuly AlphaGo Wusiu deiu

mavimwunaiansiseudiddndudgun 2.12
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g‘dﬁ 2.12 @1sunsiaunArtificial Intelligence, Machine LearningtlazDeep learning [17]

Sane3fiuiiuraulafid Neural Network liudrutsznou 4 dlugatiagsuflad
dane3iugeys) 103 Neural Network 9n311ausnn 1@u Convolution Neural Network (CNN),
Recurrent Neural Network (RNN) t8ugiu faamuideifaglilasmrsuszamuuu ONN Ssldsu
arwiendusgnann eaniiuszansnmnsianuiiginilassionuudug

2.6.1 lpsevneUszamiuy CNN

Tassingusyamuuy CNN LulassingUssamiitsamislungy Bio-inspired Falé3u
anufleanduegann esniusgansnmlunisieuid Taed CNN azd1asanisuediiy
youyudusiuiiduiideny uastihnduuesiuiigoss wnauiu iogidsiifuogduesls

= v

i Msuesiufgasvawywdazinisienaudnuy (Feature) vesiiuigosiiy 1y aedy

2 ]
€Y 1 A I

wazmsinfuvead Semsfuyudiiuiinssdidudunsmiedintu szayudgiagaiiaula
wazusIuseue lneisnsavldimalianisvireuligduteya Aoni1sA1uiLuy dot product
sprinsfiufidaugosvassunm (Sub-region) Aulmasuon (Kemel) iilofsdnumsiau (Feature
Extraction) 88n3191n3Un % Tasimesusaiitnundiuinasdvuinidnniniuiidugosves
sun nefvundu wvsnddna (Square Matrix) n13Auaas Convolutional anusavildes

aunnseeluil [18]
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G=h=«F

k k
Gli,j] = Z Z hlw, v]Fli —u,j — u]

u=-kv=-k

lng?l h fie gUa A LTuNISHaE F Ae LAaTuea (Kemel) vuia k * k

Source pixel

(5x1) +
] © (2%x-1) «

- (7x0) «
2 2 = (2x-1) +
|
“,, A ] | o (1x0) «
) (Ox0) +
2 . 2 o 3 (1x0
A > X 1x1
2 N o v'w[ |
| » ) (2x0
> A ) Y 0 —_—
<
' AT < 2

Convolution Kernel

New pixel value

5UN 2.13 msafiuniseeuligduseninagnin (Sub-region) futnesuea (Kemel) [18]

'
a

yasuAuvedlaTItgUszamenkuuneulgdu dnauelag LeCun et al. (1990)
[55] I35 nsAuamvuesuligdusnuanidifulassitsUssamidioui oldmuium
Snwnsuvosgnm lastuiildainnisdnadieiseouligiuiSoni Tunndnuus
(Feature Map) Tusuddelanaaeuivtoyadian lnainusiurusialusudld 91ngesannung
Tuvssimaanigowini TassdieUszamiflonuuuneuligdu annsovléisatnudnuas
(Feature Extraction) uaz3wunusziny (Classification) #sialddndugaduvasiasetied

9

lngmlulassieUszamiiiguwuuneuligiuazuseneulume 3 uidifgydadl

o

2.6.1.1 Tumaulagdu (Convolutional Layer) 1 udun1sA1uInii anINaa N5 vos

Neuron #L%eusia (Connected) ananituiidiugos (Local Region) ¥093UnmA3835n15ABY
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|
Y = v

Tiatu FadunisAruiniwuu dot product AULABTUBALUUTATAUWIALEN LU 3x3, 5%5, 130
7x7 Jusu nadnsildannsfuandenii Feature map

2.6.1.2 Funads (Pooling Layer) i udufiog dunansseninstuneuligdu lnsd
FngUszasAiiioanuuin (Down sampling) 484 Feature Map TWiluwiaidnas @ saunsald
Haidurnade daidudhanuasflaidurgaanlunisdum dafu mndenldilaidudgegn
Tun1sATUI 92138131 Max pooling ﬁ’ﬂugﬂﬁ' 2.14 fafun1svi Max Pooling anansavildlag
1} Feature Map snutseeniduiiuiidos Tnefvusliilvundy pxp du nAIegetugy
fvualifionin 2x2 dau iy merfisniigelunsasfiufigos vie Pool niufiusnd

Usenaumiesilat 1, 2, 3, 5 dunalaindauafiuiniigade 5 deiuly Pool H3danaA 5 11

NI
° hd Max Pool
2 2x2 filters
, 2 stride2
A 8 46 :
8.3\
o
oy & 2
2% a8 T g
A o)
o N a8
25 A
®

U 2.14 nmsdfiunisAnadludumads (Pooling Layer) (18]

2.6.1.3 Fusdanleawuuauysel (Fully-Connected Layer) i uduiiidouloeszning
Feature Map wag Output Wuuauysel tuninefavng Neuron Nieglutuanvineves Feature
Map 2ggniludeugy (Reshape) i3alienin Flatten iedaludusalutudaly dside

TUY0elATI8UTEAMIABLLUU Multilayer perceptron aatulutiull Feature Map 7ilaludiu

gavnedsdseuaiioudeyadnd (input) ludilassieyszamiiey
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2.6.2 Msmelounsseus

n1sanelounisifoud (Transfer leaming) @191l 1v83n15158u3 w09 Machine
Learning waztlgyqusedvg dailgagjamneiiiedideyadildiuannisBoudlumunislulity
nuduiindeadduuauiuugediniBeuiudliibudruniwesnulifiiunisaionen
ArudanauiiisadesildiFousluuds Tunuddotarld mmsaundiu Pretrain CNN 3914
lunalassiguszam CNN 97u3u 5 luaa a1nlusunsu MATLAB 2021a laeilsngasidunus
asluaadall

2.6.2.1 lutpaluu Alexnet Tutl a.f. 2012 117798 Krizhevsky wazaug [48] U1laue
Tnssteifisuauioau 8 4u Tnglassadaiifond AlexNet Usznauludedunouligdu uas
Fudoulosuvuanysal $1uau 5 way 3 $u udi Tneradwsvesiudoulswvuauysal gn
fsuelsifiduau 100 Tnun nwilldasdivunn 220x220x3 finea datu Fureuligiuusnas
anrmualsid 96 kemel Tneflusiay kemel flvun 11x11x3 Tumsduinandou kemel ada
aw 4 finiwa wadnsanmsaeuligiuasiionia 55x55x96 souludunouligiuiiaesues gn
vl 256 kerel Tnefiusiag kemel dvunn 5x5x48 wazannuadnsvasnisneuligiuay
yilvifaunn 27x27x256 ndsanmasnnduneuligiudl 1 uay 2 doyassgnadludunad
\ievi Normalized uagAuanAIggalunday Pool (Max Pooling) Ineflusiaz Pool azgn
wadu 22 drlurouligduduiiaimazddsiuiu 384 kemel Inofiusiay kemnel fauin
3x3x256 Mlildnadnsannniseoulagiuasiaung 13x13x256 neduiid gnrinuualid 384
kernel Tngfivunn 3x3x192 wadwsannisaeulagiuriilsldouin13x13x384 Fuilvh s
256 kemnel Tnsflvunn 3x3x192 gavheasldnadwsarnnsneulagiu fvuin 13x13x256 Taoi
Funeulagulutudl 1 e 5 14flei¥u Rectified Linear Units (ReLu) iluilsfidunsedu ude
Activation Function fudeslssuuvanysaignutseemfu 2 4u uazimuslidsiuutuay
4,096 Node

2.6.2.2 lapauuu VGG Tud a.f. 2015 Simonyan wag Zisserman [49] laiaus
Tasstneuszamuuy VGG Wulassaiauuudn Wosmniidunouligiudiuiu 16 du fnsld
kernel Tunsvhaoulagiuauin 3x3 lneilassasrsusenaudietunauligdu S1uau 5 nau

Inglumseeuligiungun 1 \Junsvipeulagdud 1 uaz 2 f51wu kemel Fuaz 64 Tuns

'
1o

Aouligdunguil 2 Uunisvireuligdui 1 uaz 2 f31mu kermel duay 128 Tunsaeulag

q

unquil 3 Wunisiireuligdun 1 8 3 f9wau kernel Fuar 256 waesuea Tun1saaulig
dunguil 4 Wumsvieeulagdun 189 3 d9wau kernel Fuae 512 wag Tunisreuligyy
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nawit 5 umsvieeulagiudl 1 s 3 G1mau kernel duay 512 Tnsmwhasuligdulungy
7l 189 5 sgmueduuundyads mntdudeyaszdsluds fudoulowvuauysal Aisuan
4,096 Node uaglutuaaievosduidoslsuuvanysal gninsualsfidwau 1,000 ua lng
funuHadnsFeTSveniuund lneFenlassaiaiindnuniddn V66 16 Fsdinmsviaeulig
Hu 16 Funszdefimafiunisiaeulgiudnanudu 3oni vaG 19 Tnevsaedlnnaldvunn

DINBUNRA 224x224x3

2.6.2.3 GooglLeNet Tl a.¢. 2014 lagnuauslagldlassasivedluina Inception
lidlassneUszain CNN Adenuankazning [51] waluvinlinsussuianatnad Ingluwe

= [

ag Inception dn1sAulnAaulIgduluUIUIUALY kemnel Yun 1x1, 3x3 war 5x5 wazdavi
TidnnuiiRdeyaanas lngesnuuulvidlaseasiaves Inception 31U 9 HU NVIIVILA 22 TU

v & o o a a Y & v % :.I/ = ¢ o 14
wagldfeidunisiwinin ReLu eldiluilendunseduuaztuionloswuvanysalivual

191171 1024 Node lHuuinn mdung 224x224x3

2.6.2.4 Resnet 50 W@uslag Kaiming He [50] Tul a.a. 2015 laglasaas1em19ain
159918 UU Sequential AdAY L9 AlexNet waz VGG #3971 ResNet 1uguiuuanidnenssu
nretofelugaan1inenssuiisendt Microarchitecture e 19y building blocks lunisass
wisvglnivianue lagldluganianuwiugsnntumenssunnlugaivioweld Identity
mapping lagluina ResNet Wuiilaseuigyseann CNN 1dnn1as5ena VGG 110 wavuIa

. . < 1w o v a ] Al 1

Weights size t&nn319utilieewnann1slddunaduuu Global average snnnityulausauiuy
auysal vilvivunaluea  ResNet50 Felin1sAuiutumauligiudiuiu 50 du lasuanuiley

DY19UIN

2.6.3 9anasiy YOLO

Y] o ya Y

YOLO %38 You Only Look Once Junafian153313ngld35n1357i3enan Fast
Single-Shot Detection dsaziduisnmsfiannsansiaduingld arnmsderimugunmdnldly
syuuiitesnfaien TngldudnnisiasstneUszamuuy CNN Tnedane3iia YOLO finsiamun
pgesailos B9 YOLO fianesu (Version) Tuusiagiuazillassairsandnenssuiuandnaiu 1
Usyans nmetaduanuudugiuazanusslunisuszanana Tae 1wl 2016 Redmon uas
Farhadi [19] léllaue YOLO mulaseasdnsues SSD (Single Shot Multibox Detector) Ingmaun
YOLOV2 ﬁé’mwmi%’uiﬁL%f’;%usluéumuﬁmﬁauﬁui%mi RCNN, Fast RCNN wag Faster RCNN

wazdiAIANRIE B UWNAY SSD500 AN LRAYENR 76.8% warAuslunisiui
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67 wsusieIunit vuyatoya VOC2007 anlauinaiaietie Darknet-19 @1 YOLOV2 Usznouse
Fures Convolutional 19 Fuuazdl Pool layers gean 5 Suuarlinruuduglunisasiadud
a9 Tuvaed Snvieandlunsnmadudeldnmidauasfen 5a4x5a4 finwa Ju
YOLOV2 [20] [21] asnsavineananials 40 wisusiedundl wazdinnuwiugilunisnsiaduaindy

1 [

159071 RCNN Tudanasiin YOLO nisanfiunisinuuningindusilnesls (Classification) waz
Andunismidiwnyaresing (Localization) lngldnseudeuing (Bounding Box) agyinly
wiaue fu Tngdtves YOLO Tilldfinnsandidunisanaimian uiezudsnweosnidudu o
Fisnsuuuidmanluduaundivesnsuszanana lneillassadrsaandneinssa YOLOV2

flaguil 2.15

AN

Reorg / 2

(@) 13
208 { 1 St J

2048

104
52
N = L AT v =
3 E 64 128 56 Ell 3072

Conv. Layer Conv. Layer Conv, Layer Conv. Layer Conv. Layer Conv. Layer Conv, Layer
3x3x32 3x3x64 3x3x%128 3% 3 x 256 3x3x512 3x3x1024 3x3x1024
MaxPooling MaxPooling 1x1x64 1x1x128 1x1x256 1x1x512 1x1x40

3x3x%128 3x 3% 256 3x3x%512 3x3x1024

MaxPooling MaxPooling 1x1x256 1x1x512

3x3x512(a) 3Ix3x1024

MaxPooling 3x3x1024

Bx3x1024

Ui 2.15 Tassadrsanntinernssumeludanesdiu YOLOV2 [22]

%
Y

TumnouN13919Ues YOLO vzluludnuaisnisuus suamidudiug vsensn (grid)

NUUYIINMSEaUNIAUIY LUazganunudniald (Sliding Windows) #iauiu Auisumn

@ A 1 a A A A v a | I3 o PN X AT v
Iingazdogasuiell Nununteeedlsanauiiazluvesingiusnglununiiue e

U

ASEUIUNNT Intersection over Union (IoU) F4A1UIANNIASIEIUVDINUNYDUNUVDINUAN

' v '
a a o

o U d’l = d‘l dldl o L dn’ dl
MUNYAUNUNITNNUNUNTIVVINUNNNTUIIAUNUNR

a o d‘

3995 UN

Y

D

2.16 Tumsyiuienseud oyl

L2 ¥

nnazladeyaluynteyalssian Aray FaUszneudedeyanisiogaswetingiiunysuay

Y 9 Y

[ a

?JU'IG]%@\?ﬂ'ﬁ@UéJaN’JGIQLL@ZSUUWUBQ’?G]Q
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Area of overlap

Intersection over Union (loU) =
Area of union

= Prediction

= Ground Truth

JUN 2.16 WuUNN3AMIUM Intersection over Union 7ins333ulel

[

nyalanlulsiaznIaliinguinnimileegns YOLO dnseuiuns Anchor box Lite

wAUgyyAana1 wuwiAnfen13as1e Anchor box Tugunsesng 9 wagdruialdnil wialila

HadnsAToUARLLaIIug1INTY WaTruuasansauaeningIuruaLdInegun 2.17 azidnd

=3

[

32N Non-max suppression #sduneuilazidunisandiuiunsevdeningiduing
Wenfunazegluiuiferfundanuisludosnitafiiinuald (Threshold) [23] feaunis
2.7

d(box, centroid) = 1 — I0U (box, centroid) (2.7

Split the image into grids Predict bounding boxes Final predictions after
and classifications non-maximum suppression

5UN 2.17 nsvinuresdanesiiu YOLOvV2 Tumsasiaduingniglunin [19]
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2.7 uIeMNe1U09

MATEAATzinstdiieduinglussuudliduniaituluanuneuiiamesvimin

[ [ d'

funAuaIIdedurainvatsludagtuievianudilanisinnevesidlesneingNTunu
B

9

a o

wuesvaraldndesfingi lnelin1sfnwisesvesdionasiiai eiuneg e uiuiieiiila

nIgUIUNIIANFUTUSanwaEn15IdledU viladnguaznisnseiinsiedng Jagdumelulad

a

ndesimulifivunadndahunldluszuudladun3aituiion1snsaduinguazszyianssy

vosifald Inednvazinureansiufinamuuull fs nsldiuyuuesvasyanaiauldlag
nsenaeaiulunstmiinuuninenvisefse Jelviyunesliviiounistuinainiall

'
a v

Inaiundynaraietuiindoyaiiierdesiulauldndewnniu ssuuszuudliduniaidugn

[N

rlUldiunaundiadusing 9 1nuie udnseninIsguaguaInnenIsnmg aeiugidedale

o

= av A A v A v av ~ a o &
Anw19uIdeRinettaaia kil ukuIniunsyinive nelisieasidennall

Steve Mann (1997) U WaUaN1SIYNa9a18NINAATNUUAS W @S UaeNanianssu
Tun1sled3nUszanTulneitnaUsyasdiianazaluisauszaiananinimlalaannsseslnanie

q

msaaidleagnand lnedsinnsdeansiiiedeiflearnndosludinenfinmes anseylng
wavdsdyanadiussnanannaeuiimeindulufiveuanuawuuafsue [24]

Thad Starner WazAmiy (1998) 3nWesUfURn15die unIngrdeuuasyias
(MIT) dndesdnenmauiaidninai st orfiudne imnisasaanislaevinausuiussuy
poufuesiluszuupeniiumesiviadlugausn nMsuszinanan niusniumaiia Hidden
Markov Model (HMM) [25]

W.W.Mayol waganz (2000) Isrinauegunsaldunuuitidaldnudliduniaidu
Fausnmsirdeulmvesndessanainimasazmsiadeulvesiauld Tasnssunadoud
LAENINBUALDIVBATULRSAMAEIAAWUIvBIE U SkaEANF TS Yugyinsanuld
lngUsgdnSanvesusudduuuuazUseiduainaaiunisainsldnuvueudannisaIuay
svezlnafiueaiiudendefianld Juflaudidunnd miunsdiemasiusudivinaiuain
N3MUANIINTEEENIILNG [26]

Michael F. Land tag Mary Hayhoe (2001) Uta@uan1sn15Ane1ALaunusue9n1s
wdeulmvesaneailunisdesesnaznsdanisveieluvaeduing lnonaasslununieon
o1msmendedliiduniaitu nsansouteeniduyavesnsnseyinsetng lneddeasu

a1emazuedlUningmiudiduneuras Jeusddinisindeulmvesniwilasunisnanuly
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sULuLLBwesHarAmdnIzduTedluningReriunaennisnseiudiningasiadeunly lag

1 [ v
ﬂ’]iﬂ’J‘UﬂqﬂJf’DBgﬂll’e]ﬂ‘ﬂ']ﬂ‘Uana’NL‘U‘Lmaﬂ [27]

[

Ryuhei Tenmoku tagaguz (2005) @5 1952UUAULUUTLATIZWITAUMIAILAULEY
afureIfn1sdan1syuuen i uing a5 sluseuu Augmented Reality (AR) Lagn15594

anmwndenaseiuingadioudaeiuluiandeiiu Fulldauisaquaznisudiesule

'
aa Y % d

Usznaulaglaluwa 3 0AU9921n939 AeNISITNINNE31991N210 3 08 arunadesialulalu
J2UU AR [28]

Steve Hodges uazauy (2006) Ulauan1slandas Sense Cam LWoIAINNINTTUN

v |

uyweldlunsandudinlaefivgaugesndesatenniwuvanldla drelidauldandd

U aa a

W99 warai1ATeYIeANddaundeniiuseannn Tnensfnwldigedn dugunsel
-] Y1 A & o & vaa = 1 [y s
tasausnlugUendulsannudndeuwarinisdeuvesszuulssan wu lsndaleiues
udiu [29]

Natasha Alves wag Tom Chau (2008) Wtauslindasfaneanisludiuimduianie

=

ounvuaslufsllosmiuimanaiadyaruvesnauioioniamuduiusvesdygyruiiiniu

Y] = = Y] av v v aa a o Y] &
?szﬂ’lﬂﬁzmaf\]‘ua G]ilLU?EI‘ULVIEJUﬂ‘Uﬂ’]WV]VLWﬁ]qﬂﬂaaﬂmﬂmaaiﬁﬂﬂqimﬂm Qﬂa@Q‘UUImgiu

v aa 6

el uRnsieinnuni1sduinguesiielas nnsiadudiiuywdlunisnsiamdeduniegly

[ [

AMNABLAUTIVTINT DY AUATLUILENAN YT TDINITIUTRYIINE Y184 Mechanomyogram

q

(MMG) HagnIMaINNanIRInea [30]

Yuichi Motai wag Akio Kosaka (2008) Wntauainatinn1saeuliisuilayuguddiniy

v @ [y

Juinglumsndmedeingg Maunu XZY lagldnsinnuaiugivveindesridnoanaziiaduves

vugud 8nvadaldiinsesmiauiu (Kalman filter) Faelunisiiulnniugnessasimialy
& ‘:4' v o P v o =2 & v 2 A oA Y
ASLPADUNVDILVUTUNY 3 wNU Felaritnisindandaantlanurasioduiialaluduinan
FUALIULLH AU ULEH B UN SO IUN A8 VRN WE [31]
Sudeep Sundaram &g Walterio W. Mayol Cuevas (2009) Y tauansaun1ssus
fanssulagdunanisnsgriuaznisdnnisvesilennseyin lnegneaeuldlowaimiug dunges
nenuldainninauazdensl (160x120 fina) ¥1n91usIuiu Bayesian Network iveayuny

'
0O Y a w v A

v 05 UGAuRus mnn1sal wazfanssy 1nen155iusiugeaduiainsuseinfundowie

a

Tngvesmnuduiussewinafanssulunsaziu Wied151938nsuewiundusednSain uasia

Y

| A o a aY ¥ oo Y = Y N4 A Ao
111LLWQLW@V]"Iﬂ’ﬁ@HJJ']Uﬂ(\]ﬂiiiJVle@V]'] I@EJlNW@QWQﬂ'ﬁWT]QQU?WQWi@ﬂJ@VIGKJ‘UGﬂ@U [32]
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Alireza Fathi Wagaaug (2011) Anwinsuidaminsiseuinmsiuinguuudiaesain
FevesiansluniiFousnendesdliduninidu IngldmsFeudvarsduaunudiiedugus
avBuannudvasuray Tnglugidusng q Weamaduinglunmineastuseunisyin Labeling Tu
nM3andnviindng [33]

Hamed Pirsiavash wag Deva Ramanan (2012) diauegiudeyaynivsiuazsanesiy
Indd1msun1nsiadunazandnnanssuludInuszdniu (Activities of Daily Living) A28ndes
sruudliduninidu lassusamyadeya 1 dunmveseranasinsduaunniiviniainseneg

a o

Tnglsifiandus grudeyaiidmosureifinduiiuuszneundesianssuiamuing dunaile
wazman1Iain1slaney dnauamaila Temporal pyramids ¥91usuiuwuuTIaeinguy
Composite object models yilminnsusuUsUseansamuInnIsnsiudsaadin [34]

Giuseppe Serra hagAmg (2013) ULAUDEaNDINUAITUUIAIUT DA IUAITTILUN
UsTLAMLUY Random Forest Superpixel #sfimsusinananmauas nauasiuflesnadaiiios
TunwinleszuuslAidunsaidu uenaniduausisnisansvimieiions Exemplar SVMs
Mnmsutsiegnaugaidn q ddiusraninmifianlurnsdusasfutssmuuiugiluns
andvinadlelimngiluldausne q vesszuudliduniaidu [35]

Minjie Cai wazaniz (2015) diauoasusnluniswauinaiasiuunnisduuas
mvauiolunsdanisingludinuszdriulaedufindrondes RGB adulduuniuy Tngld
nsaTdudihuyedlunisuusienamanizludiuiiodunagldinaia Histogram of Oriented
Gradient (HOG) wa¢ Scale Invariant Feature Transform (SIFT) lunnsafnnuanuaevasnn
Fslemansvianuiiiiaelafunudnvazasusdaz inquaglinmsiiasziteyaiioutauen
yindoduiildainndasndneasemain Principle Component Analysis (PCA) uag Support
Vector Machine (SVM) [36]

Suriya Singh Lagamg (2016) Yiausssuulassiigusyarnuuu CNN @115unns
Souiiaznssuunuuy end to end mniaiasvestamnlandodlfiduniaidu lasnsiadu
yinile mandoulvesisuzuazgaidureinim Ingligrudoyadmivinnsiseuianiale
1 Labeling Tughwiutlesls [37]

Minjie Cai kagAnie (2016) UNaUBLUUTIADIUTLANYDITBUALANANYULYDINT

a1 W \/Lyl £

Iansingivelvsui msnseviulendsunlasguiaesiieniseinglaeg1egnaas lngyady

9 Y

N3 011 AN NFURUS A UUTUNTENTNUTBLNNUA ANS N WAL VBTN LN ONMUAT NYUE NS
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[ o

o ! A 1 v ! A 1 Y 1A U oA
ARAMIZNNN ‘UENSJ’EJG]EJ’N]QIUVHWWQZJ@GHQG] Tunisnaasslevindleduingduiu 9 vindle lag

q

usiniulasseyszamiuy CNN [2]

Minjie Cai waganig (2017) ldusuusamaiafiinyssansnmnisandvirfloduuuy
w99 Tunsdanisdetng laetufindrendes RGB anilduuaiusdildiaotiausly lngnisiia
UszAnsnmsnsradunmvinfleduiiusnglunsasisudiemaia Dense Hand Trajectory
(OHT) Tudunsafnnudnuazvesmwiiioduaniiaeldudmaiin HOG uaSIFT wazuawdl
nsldlasenguszamuuy CNN Tunisandivinde Tnenisaeunisiseuiannamvinile Juves
gudeya Iuhliannsathnmsheuwesszuululdludunedenaials (38]

Meng Wang kaganiz (2018) Yauen1snsiadunazandifnanssuvesuywdluns

N5 ImgRIUNISHBLAUMIENABBlMduERITY TnansnaunsanianuanvazvesnaauUR

o

ouazMTAABU Mewmallalvi Manipulated Object Histogram (MOH) &sldimaiianslva

[

YaIas (Optical Flow) $ufulAsengUssamiuy CNN as3adunisinasunvesiionasing
vugyiAangsy tavanunsawdle amdgausuniuiiiinainnsndeulmvendeuaziiy

Usganinmlunisandifvinsveauyued [39]

[

INMUITNNIULVDITTUUNABIBIAE UNTAITUREITIL AT N SANE LA WRAILINAS

P luldusgramainvany 1ieaanszuundeedligunsaituilenuuiaulanazdennane

[

Usznisaanlenaniilumde 2.3 Taeuidsidnuiuiudung19siais naaaninisuannans

wsegunsal FPV eanu1dvisludenidivgannlssanunineies wu Google GoPro Microsoft
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WuUmAu IWEJIUQ']U'J EJV]ﬂJﬂ"IﬁﬂﬂU']Q%LLUQLUUVLW 2 Y32Lan AB N1521AANINTIUAY i GL'L«!ﬂQ'JWS

(%
P

vosjanildnaeaiunisnnaiuuazandinisdanisingaieileluvaziihianssy Inglunwided

sfdumsidoiiteAnumginuuiieduinquardnunrsunssesinglussuudliduniaidu 3
ansnilugnsianldnansdiudausnisunmd nsesnuuundniag seuunalavueus
svuvlaniafiousss Wudu iesanflevesyudiinisuasuudasguianaziad eulm
paoanailiiudsiendensaneduiasiiledeimmmaiuiazandvinilesendes FPV

Fadulngndesinnuinuaiveresald ilinmaeudainiswdeulmnisnsidmaln

1A

o = ¥ 1 < o £ a a LY o v
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[
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A1519% 4.1 wa Average Precision 999n1595233ULaZANTMMALTA YOLOV2 SIUAU

Pertained CNN luwna VGG16

[Wumination Condition

Grasp y=1 y=1 vy=1 y=2 y=2 y=3 y=3

a=1 a=08 a=06 o=1 0=08 a=1 a=08

Large Diameter 089 088 084 083 087 057 055
Medium Wrap 077 078 080 077 073 059 0.38
Small Diameter 080 081 08 082 063 059 035
Fixed Hook 088 083 08 070 074 043 036
Index Finger Extension 093 093 086 041 034 005 0.11
Thumb Index Finger 084 084 083 078 059 046 0.22
Thumb 2 Finger 064 059 058 074 051 058 0.10
Writing Tripod 090 088 082 084 072 049 031
Tip Pinch 089 091 087 085 075 068 0.23
Power Sphere 1.00 100 1.00 1.00 097 089 0.66
Power Disk 079 079 078 067 062 053 048
Precision Disk 077 075 071 073 081 059 061
Tripod 092 094 091 085 083 053 041
Lateral Tripod 090 087 087 085 073 0.53 0.32
Parallel Extension 079 083 085 021 028 0.02 0.00
Extension Type 089 090 088 075 079 045 0.45
Literal Pinch 093 093 092 081 047 028 0.15
Ring 088 088 084 080 08 059 053
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Pertained CNN Tuwma ResNet50

[Wumination Condition

Grasp y=1 y=1 vy=1 y=2 y=2 y=3 y=3

a=1 a=08 a=06 o=1 0=08 a=1 a=08

Large Diameter 0.76 076 0.76 0.64  0.61 0.57 0.47
Medium Wrap 062 071 070 063 063 059 0.39
Small Diameter 061 076 074 062 066 059 042
Fixed Hook 087 078 078 052 066 043 025
Index Finger Extension 095 0.89 088 063 0.73 005 0.02
Thumb Index Finger 073 032 032 016 063 046 032
Thumb 2 Finger 078 075 073 054 044 058 0.07
Writing Tripod 084 085 085 059 075 049 0.29
Tip Pinch 094 091 091 081 075 068 0.57
Power Sphere 1.00 100 1.00 1.00 097 089 0.89
Power Disk 061 078 077 065 051 053 037
Precision Disk 080 083 083 076 072 059 032
Tripod 085 067 068 054 071 053 046
Lateral Tripod 065 089 088 086 061 053 033
Parallel Extension 081 083 083 0.74 065 0.02 0.00
Extension Type 077 087 087 073 045 045 0.19
Literal Pinch 0.75 057 052 022 055 028 0.33
Ring 089 088 08 075 083 059 045
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A15719% 4.3 wa Average Precision 999n1595233ULAZANTMIBMALTA YOLOV2 SIUAU

Pertained CNN laina GoogleNet

[Wumination Condition

Grasp y=1 y=1 vy=1 y=2 y=2 y=3 y=3
a=1 a=08 a=06 a=1 a=08 a=1 a=038

Large Diameter 0rr 077 070 062 056 0.46 0.45
Medium Wrap 054 054 055 052 051 040 033
Small Diameter 0.67 067 065 054 053 041 0.43

Fixed Hook 092 092 09 084 082 060 0.49

Index Finger Extension 092 092 082 063 050 0.30 0.36

Thumb Index Finger 047 048 049 056 057 0.57 0.48

Thumb 2 Finger 029 024 026 027 025 014 012
Writing Tripod 076 073 072 070 069 044 040
Tip Pinch 0.68 0.66 062 070 064 057 047
Power Sphere 1.00 100 1.00 1.00 1.00 097 095
Power Disk 065 064 064 053 052 054 055
Precision Disk 066 065 063 063 063 0.62 059
Tripod 081 083 082 085 08 083 072
Lateral Tripod 0.76 073 070 069 066 053 045

Parallel Extension 0.83 0.85 0.72 0.30 0.33 0.12 0.10

Extension Type 082 082 080 079 0.75 0.59 0.51
Literal Pinch 085 086 084 077 069 0.46 0.42
Ring 084 082 083 083 083 068 0.57

INNANITNABBINUIN Pertained CNN luina VGG16 19naa Average Precision
Tnealuaifininluina Resnet 50 wag GoogleNet wagiielidrasonisfiansanuioudiou
UsgAvBammuanmsadunazandvindeduingiilaluudazlunaazldan mAP fuduaiiade
suilunnviniledu delinaluaniizanandunasainsfiszdudn Gamma (y) wag Contrast (a)

a o [y

HTedeudusinisnen 4.5

o
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A15719% 4.4 wa Mean Average Precision 989n11305733UMazaNIMemALlA YOLOV2 S1uAU

[

Pertained CNN Tuvninileduing

q

[Wumination Condition

Pertained CNN Model — y=1 y=1 vy=1 y=2 vy=2 vy=3 vy=3

a=1 a=08 a=06 a=1 a=08 a=1 a=0.8

VGG16 086 085 083 075 068 049 0.35
Resnet 50 079 078 077 063 066 049 0.34
GooglLeNet 0.74 073 0.71 0.65 063 051 0.47

4.3.3 15U HUUTZANTNIN
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CNN v191us 3 lawea Ao VGG16, ResNet 50 wag GooleNet 1latNaN1SMSIFTULALIATIVN
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Uszandamaninnislamadamuguiu Ineausaruialaniuaunisi 4.4
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% Accuracy rate = x 100 (4.4)

PUIUNINTANAGDUTIIUA

ﬁwuaumwﬁwﬁa%’uﬁmaﬁﬂlﬁgﬂé{m Ao andiszuvanusanTadurindesuilddu
fngudiarng  Tunmvindeivasouldgniouasiishnduvesiiufiiudouresiudiiviuey
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M99 4.5 WIPULTIBUSNIIANNABIYBIHANTIINTIIULAZANT VT DTUTEN I AMATIAT

YUFUINULALALAL

Proposed Method Traditional learning
Condition
VGG16  ResNet50 GoogleNet VGG16 ResNet50 GoogleNet

y=1a=1 86.28 80.84 76.51 8121 7799 70.95
y=1,a=08 85.78 79.35 76.14 80.84 7787 70.70
Y =1,a=06 83.44 76.76 74.04 79.72 76.63 70.45
Yy=2,a=1 7523 64.03 69.47 70.33 70.95 66.01
Y =2,a=08 69.84 60.69 67.49 69.34 69.96 65.76
Y =2,a=06 58.22 53.64 59.46 69.22 69.83 6551
Yy =3, a-=1 5043 40.42 5537 34.73 4561 49.20
Y =3,a=08 3572 3511 4994 3399 4a4.87 48.70
Y =3, a=06 27.69 2843 43.26 33.49 44.01 48.45
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Abstract

Hand detection and gesture recognition are the active research area in the computer vision. The main purpose to develop the sign
language recognition and Human Computer Interaction (HCI). This article investigates and develops the technique to recognize
hand posture of Thai sign language in a complex background using fusion of depth and color video. The new technology of
sensors, such as the Microsoft Kinect, recently provides the depth video which helps researchers to find the hand position in the
scene. This advantage is used to segment the hand sign in the color video without the environment interference such as skin color
background. The histograms of oriented gradients are used to extract the image features of hand sign. These features are then
pass to the artificial neural network for training and recognition. The result showed that the proposed method is robust to detect
the hand gestures in the complex background. It provides the accuracy recognition for the Thai fingerspelling of 84.05%

© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
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1. Introduction

The sensors technology are recently developed to operate with the real time system. This is very effective for the
researchers and machine design. The hand detection and gesture recognition are also exploited the new technology
of sensors to operate which based on the machine vision and human-computer interaction. The human body is non
rigid object, it make hand shape varied with different time. This makes the challenges to a lot of research works for
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Abstract— Hand detection is widely used for recognizing
hand gesture which is a primary step for sign language
recognition. With larger quantities of sensors, it can provide real-
time depth measurements such as Kinect sensor and help
researchers find the hand position in the scene without the
environment interference such as skin color background. The
hand segmentation is based on depth image which is particular
correspond to the distance from the signer’s hand to Kinect
sensor. This article presents a study of the performance for Thai
sign language recognition obtained by Kinect sensor in various
distance to find the most suitable distance for the accuracy and
reliability. After the hand sign is detected, the histograms of
oriented gradients will extract the image features of hand sign
and proceed to the artificial neural network for recognizing the
hand gestures. The result found that the recognition accuracy of
Thai finger-spelling of Kinect sensor can work effectively in the
distance range of 0.8 - 1.2 meter. The accuracies of recognition
for each distance are 83.33% at 0.8m, 81.25% at 1.0m and
72.92% at 1.2m respectively. This distance range can be
generated the wide range of brightness in the depth image.

Keywords—kinect sensor; depth image; hand detection; Thai
sign language; histograms of oriented gradients.

1. INTRODUCTION

The depth image contains information corresponded to the
distance between depth of the camera and scene of the objects.
The closer distance, the brighter the image will be. On the
other hand, the greater distance will make the image less
bright. The depth cameras are developed in the computer
vision that can be applicable in sign language recognition and
Human Computer Interaction (HCI). The monochrome CMOS
camera and infrared structured light projector in Kinect Sensor
is a feature for computing depth of the scene which help
researchers to find the hand position in the scene and also able
to locate the hand in color image due to the hand is always in
front of the scene.

The objective of this article is to find the most suitable
distance for the best accuracy and reliability to recognize the
Thai sign language with Kinect sensor. There are previous
researches which propose various techniques such as data
glove and motion tracker [1], upright speed-up robust feature
and the dynamic time warping [2]. This experiment designed
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to operate in front of the depth camera for detecting the hand
gesture in the scene. An interesting feature of this work is the
total absence of a learning phase in this section without the
training data which reduce computational time comparing with
other techniques [3-5] such as Viola-Jones detector. The
detection is also based on the combination of color and depth
information which used for obtaining a specific threshold that
defines the regions of interest on the scene. The signer is
always in foreground of the image. When the depth
information is processed with color information, it will
eliminate the background of color image and limbs such as
face, arm, elbow etc. This system is durable against complex
environment. After the signer’s hand is detected, the
Histograms of Oriented Gradients (HOG) are used to extract
the hand images features that algorithm provides good results
with human and hand detection [6-7]. These features will be
used as input for neural network to perform the database
training and gesture recognition.

II.  HAND DETECTION

There are still some difficulties for hand detection because
human body is flexible object, thus the body actions make
hand shape varied and deformation under different angle of
views, varieties with the spaces and timing. The lighting
conditions and the complex background are sensitive to skin
color and color data. This problem has challenged a lot of
research works for achievement of hand detection [8]. The
paper presents hand detection method for Thai fingerspelling
in the complicated background base on depth and color image.

A. Kinect Sensor

The researcher uses the Microsoft Kinect camera, with
internal diffractive optical device and infrared laser diode, for
generating an irregular dot pattern. The color and two mega
pixel grayscale chip are incorporated with an infrared (IR) filter
which determining the disparities between the emitted light
dots and their observed position. After that, the depth of an
object in the scene is triangulated in the condition that identity
of an observed dot on the object must be known. The irregular
pattern obtains better performance than uniform pattern. This
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Abstract— This article focuses on implementation in an
embedded system with Raspberry Pi to a standalone
machine for controlling electronic devices which wirelessly
controlled by a hand gesture in the complex environment
background. This system uses the RGB camera in
combination with Raspberry Pi, a popular device today
due to the inexpensive price and reliable performance. The
hand gesture detection in each frame uses the radian
fingertip analysis technique, a new technique presented
which does not require any data training. This technique
provides a good robust for light effect and complex
environment. The experiment had been tested with the
America Sign Language fingerspelling 12 gestures, the
results found that 90.83%.

Keywords; hand gesture; raspberry pi; radian fingertip analysis

L. INTRODUCTION

Daily life of human beings is communicating with many
electronic devices such as computers, mobile phones, Game
player etc. There is communication through various channels.
According to each device such as a mouse, keyboard, voice
even acting. One of them is a hand gesture control that has
received great attention due to its potential applications in
contactless Human Computer Interaction (HCI). There is now
one of the most important application fields of computer
vision, the main goal to develop practical and efficient ways to
interact with the computer without using traditional input
devices. The human hand is a complex articulated object
consisting of many connected parts and joints, the human hand
motion has roughly 27 degrees of freedom [1] involved by the
human hand detection is a challenging problem due to the
huge intra class variation stemming from color, clothing, pose
and appearance variations. This study aims at investigate to
develop a real time gesture control system that enables hand
signers to interact with electrotonic devices. This work used a
Raspberry Pi that is a System on Chip (SoC), a design where a
single board carries all the essential circuits like computer
main board but the availability of features such as the General
Purpose Input Output (GPIO) [2] pins make to programming
to control hardware as well as driving electronic circuitry.
Moreover, a Raspberry are small size and cheaper than using a
depth camera with personal computer when using hand
gestures detection.
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The hand gesture control system works by using the RGB
camera as the master and Raspberry pi as hardware tool. The
Raspberry Pi and camera module are used with a software
written to detect hand of a person who show hand gestures in
front of camera then interpret the detected command sent out to
GPIO port. The system diagrams and algorithm of program
working were created as Fig. 1

PROPOSED WORK

Start
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+
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|
¥

| Capturing Image Frame |
¥
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l e
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Figure. 1 Graphic diagram of the main algorithm of the system

After starting work the Raspberry Pi 3 model B is turned
on and the initialization to work with its protocol and data
transmission. The camera sends start readiness messages to
Raspberry Pi. Once the module is started, the image
acquisition is done using Raspberry Pi Camera V2 over CSI
port interface, the program will start capturing the video which
image size is 640x480 pixels. This work uses the human skin
color detection techniques along with optical flow to find the
position and hand sign that appear in each frame. The skin
color detection must convert images from the RGB obtained
from the camera into the YCbCr. This space is suitable for
finding human skin color [3] because it is resistant to changing
the light in the surrounding environment. The optical flow, the
calculation of light intensity changes between two consecutive
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ABSTRACT
It is recently challenging to use various sensors to interface data in Human-Computer Interaction
(HCI) for developing hand gesture recognition systems. However, the previous sensor system has not met

the hand gesture recognition accuracy for the machine vision. Therefore, this article presents the
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Abstract: Egocentric recognition is exciting computer vision research by
acquiring images and video from the first-person overview. However, an image
becomes noisy and dark under low illumination conditions, making subse-
quent hand detection tasks difficult. Thus, image enhancement is necessary
to make buried detail more visible. This article addresses the challenge of
egocentric hand grasp recognition in low light conditions by utilizing the
flex sensor and image enhancement algorithm based on adaptive gamma
correction with weighting distribution. Initially, a flex sensor is installed to
the thumb for object manipulation. The thumb placement that holds in a
different position on the object of each grasp affects the voltage changing of
the flex sensor circuit. The average voltages are used to configure the weighting
parameter to improve images in the image enhancement stage. Moreover, the
contrast and gamma function are used to adjust varies the low light condition.
These grasp images are then separated to be training and testing with pre-
trained deep neural networks as the feature extractor in YOLOvV2 detection
network for the grasp recognition system. The proposed of using a flex sensor
significantly improves the grasp recognition rate in low light conditions.

Keywords: Egocentric vision; hand grasp; flex sensor; low light enhancement

1 Introduction

Hands are the priority for humans that allow us to collaborate with the matters and the
surroundings, correspond with others and carry out daily activities like dining, cleaning and dressing.
Focused on their significance, the computer vision researchers have attempted to analyze hands from
various aspects: determine the position of the hand in the image [1], analyze the hands from multiple
perspectives: localizing them in the images are investigated in any types of actions [2—4], as well
as interact with the computer and the robot [5-7]. Wearable cameras allow hands to be examined
from a first-person perspective, known as egocentric or First-Person Vision (FPV) in computer vision
[8—12], to challenge object detection and identifying activities. The essential characteristic of egocentric
vision is providing a first-person perspective of the scene by laying a forward-facing wearable camera
on the chest or head. This wearable camera offers a person-centric view and is optimally set to capture

This work is licensed under a Creative Commons Attribution 4.0 International License,
@ @ which permits unrestricted use, distribution, and reproduction in any medium, provided

the original work is properly cited.
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