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ABSTRACT

With the development of human-like robotic technologies, robots have been
advanced for the ability of sensing and recognizing objects, which is one branch of
artificial intelligence, in order to mimic human reactions. Although high-performance
computer technologies are used, the ability of object recognition by touch is still low
due to the lack of proper sensors. Therefore, in this research, the system of object
learning and recognition through robot touches was studied by developing an artificial
sensory system acting as an electronic skin with tactile sensors.

This study built 16 x 16-pixel piezoresistive tactile sensors with the physical
size of 56.0 x 56.0 mm? and developed a sensor reading system to convert obtained
pressure values into tactile images for recognition analysis through image processing.
Recognition analysis was based on two algorithm methods, namely BoF and DCNN. With
BoF, Polar Fourier Descriptor with SVM provided the best recognition, and from the use
of DCNN for testing with 19 models, InceptionResNetV2 provided the best recognition.

Glove tactile sensors comprising 15 points of tactile sensor array according to
touchpoints of the palm were also developed and then tested together with BoF and
DCNN methods. With BoF technique, using SVM as a classifier with Moment Analysis
Descriptor provided the highest accuracy as it showed the accuracy of more than 80.15%
from five grasping of an object. With DCNN approach, InceptionNetV3 provided the

highest accuracy of 98.28% from only one capture of an object.

Keywords: tactile object recognition, tactile sensor, robot hand, Bag of Words,

Bag of Features, CNN
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Usvamsuussdudanazusainavesuysd antuidsdeyaidinouinnesinnisinszi 39

cala v A a a

Wisuiaiiouaneveaywdndnuandeyanaswnnuateussam sgalsinudssansamn

o s

lun1sandringainnisdudalulagiudslifvnifdesannviaduiges (Sensor) wagdsnis

(%
IS 3

AN (Algorithm) Avianyan datulunuideiddlaimussuuidugesifnnsl inderuaud
Inadudugesduianuudidnnseling (Tactile Sensor) Mianwauziluduwesinusinawuy

838 (Tactile Sensor Array) #eazgnialiniisvesueus Lilodliavediueuddulaingaziiausg

<

Ao o 1 = 1 & a 4 =& AW <@ a 6
NMngnIzNIneuUEUANALIUIULUULTINA (Pressure Profile) @etanualgtliuiunIng

[
&Y

(Matrix) Foyaveausanavesingiug degnvnausluguuuuamizoniinwduda (Tactile
Image)

Tactile Sensor dwiuinnisdudalszneurieasisdvosdutosinusina (Pressure
Sensor) Sudutuduiinutosluszuuususdialioln Ssnanishmssenuuuiiovususivuy

Tnadlulagdusedl Tactile Sensor Huolivreaeiiuagludiuiuigineg vesle Fdeyadn

1 @ s

guldainusiaziinea (Pixel) luAusinafiunnssyinaduees vlidumesiinisguiiag @

£ '
= o a o o0 W A 14

ANuanTIlaarTuegiuamaudRvasianninuyfmUaiiuuy Welsuesgukuutayanlaun

Y 9 9

a o

971 Tactile Sensor Array fadayagninaduuninddadidnvasifertugunim i513seunsasi



n5nsesilagldisn1s Computer Vision e n1sirudayaainamilaainnisduiaeinnii

nsiaudeyaannmeaigilissnindeyantaaziludeyaiiinannisdudaiissunsdiunes

[

MQI9INTIYALBEATRITAG VNATIRINBIYINNITTUINUAIUATINBUNITIUIENATIILLAN
ANUYNABY MU lunwiIdeddssnisiauiieiudssansamlunisandiinguesie
Vugud 1AEN15NAAUNITUTEUIARANTAINTAILTTANY WagAUNIoNSNEUTEaVEAMEaEn

ensilUldiussuuvueudaswioly

1.2 IngUseasAn1Ide

£ '
1 13

nsimunsEuUNSREuiLarIndinglagldsuuusamdulaiiendu Weueud

q

! [
v v v oA v v oA [

duiainginsuvdaudniliiinnisseuiininguuaedde anduilidudaingiidenisae

q

nAdaU laensiaufinga sy liueudaunsnandn dngannnisdulainguuls

1.3 YBULUAVBINITIY

ﬂ’]i%’sﬂ%ﬂﬁlﬂumiﬁﬂmLLazﬁwuﬂLwﬂﬁmﬁaLﬁ:u‘ﬂ'ﬁz?m%mvwaﬁzwﬁuawﬂumi
andringannsdudaiiothlUldluvueudiaiounywd

1.3.1 adagannasslsznaudaogsiefifindaszuu Tactile Sensor Array lumans
AU

1.3.2 lwallanisuszanananimenugiumaiianisiseuduuugeiiaesuseudnes
TlaLa0$ (Bag of Feature) laltlunisnsaadringiilsnnsdudavesiioueudiaiounywd

o

1.3.3 awnsaandringainmisdudaingldegnades 20 4l neudaduingifizunse

'
o Y]

11935714 10 T0g wazdngnaly 10 dag

q

1.3.4 fanugnsiesesnisandilaeg s iosay 80

1.4 Sunaunside

1.4.1 Anwimguin153uing Tactile sensor N13UsEANANANIN LATBATEN1INS
Uszaawanin n1g Classify A LaE5IUTNTTUNTIUTL AT 09

1.4.2 vedevauuigulosdiu

1.4.3 NEBUNITYINUYEA Tactile sensor 88NLUUNATEIUA TLUUNITHIUTIUTIY
TUANIN UALNAFBUNITINTIINGIINAMN

1.4.4 99nWUU Tactile sensor dMSULBVUYUALALNAZOUNITINTTINGIINAIN

q
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1.4.5 ®8NKUY Tactile sensor vllagailauuuarsisdlunargduniiaznagaunis
NTINYIINAMN

1.4.6 IATIERRANITNAADU

1.4.7 dpviguiaun g inus

1.5 Yszlgvinaininaglasu

% U

sy e psmstauINMsinyszansnmlunsandringuosdevueus
Timnuannsalunisaadringanmsduialisudortussuuussamdudavesand Wielv
vugudaiiounyediinuauisalunisiseudandiinglilaenszuiunisseuiilussuunis
GouduvuuuuilygussviidevusudiinnuamisolunsFeuslusunisandringeeiadl
UseBvdamianunsaviniihdldlndiRssyedunndurliisansaiususinrhausigg

wnunyed laviaInrane
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= a a o v
NOYHUATITUIIYNINY IV

luunilagnantamannisuasngu)lelunisvihnulinus lnallomazusenaunie

neIn1Avasiened (Human Hand Anatomy) WagauideiiineItas

2.1 MenAvasiionysd

£
[y

TunuAdeii@nunsandringuesjusudnmsdudadadunsiannssuuedesing
Tivhauadiounywddniudwasdnunsuuuunsiauresiionysdidudduusn ey
sunuulunmsiannilovosiuoud esantagtumaluladvususiaiiounyudvievuesudsn
WaLUBEs (Humanoid Robot) Iegnitaunstegrssetiesdsnstaunansauenlsiduaosdiu
ADNNAIUNIEINIATBUEUA (Robot Anatomy) kagNeATUTEUUUSEAMYBIUEUA (Robot
Nervous System) ﬁgaamasmﬁauué’aLwiﬂiwﬁmaLﬁauuwizwﬁumwwéﬁq6] Tuuneudl
nafeszuuUszamdndanisnievessiusudiafiousywe 1 olvvuesudiadouny el
AuaIsalunTIndIingaInnsduda Augiunisvhauiauuanssuulssamduianis

nevesywe [1]

UM 2.1 Meginavesileuywd [1]

::l' I 1 1 = 4" 1 I3 1 = 1 = [ Qy & 1 1 =
NFUN 2.1 LUUNITUUSEIUTDIND UL TUEDIEIUABRILDNUUIND dIUVDIHIND

& 1 L4 ¥

azilnszgni1dedaleailaideaglnendiuvevhilesrdaienseaniitdediudusieusean



' £
= = 1 a A a

ATMIlaYeIANYINTEYN (N 1 D99aRl 3) daunseanililely ludiuvesiiauilesd

9 Y

(% v Y v v (% (%

a 1aa |

nszan 3 Gu lasagiliegludiile 1 3u uaxdn 2 Fuogitia dautiad danans Sruswasiiafos
awdinarqn 4 3u InsFuusnasilseglurdfionastudl 2 axilsogludiioussanaedmiluandu
dunesindnaimiluaznszaniingn 2 Sufwdorndudiuvesuasiin nsutshumisgansy
Gumﬂiz@mf’sﬁa (Degree of Freedom: DoF) LLazLLu’Jmsmuﬁqgﬂﬁ 2.2 LAAIAINAINNTO LU
msmuuazﬁmmaﬁaﬁa AWYUS 1,2, 4, 5,7, 8,10, 11, 13, 14 %Lﬂuf\;wquﬁmﬂmu
wuafae uasius 3, 6,9, 12, 15, 16 atfugavsuiinauldisluunfuseuazuuinin

Fusrannsawuseantaidu 16 DoF

MCP

MCP

Ul 2.2 qempilugasineg veslenyweluy16 DOF [2]

2.1.1 lnssainvesivianagssuuyseamdudanianig

Tassasvesianiiiuas suuUssamduiananmeveayvdlaseaiadagui 2.3 (3]
Tnssaduszuutsznaudedinvosatgussamivimiuandistu 5 uuudsd 1) Free Nerve
Ending Wudiuresnissuianuiduiiauasgamgl, 2) Merkel’s Discs 1udmueenssuinis
durd, 3) Meissner’s Corpuscle 1Judiuein135ugn1sdulauuuwaaLLl, 4) Ruffini Ending
LAz 5) Pacinian Corpuscle Miuduvasnisiusisang s'iaﬂ'1svi’musuaﬁzws'wmawwéﬁ
sgisNMnszuLUsEamduialdduiaduiinsefuidugaumgineuen, viedudalauinglag
wElAAnusinaTududu sswﬂismmzLﬂﬁau%gaﬁlﬁﬁué’m@mlw%L'%Hﬂdw?iaﬂima
Usgam deinuidulszam (Nerves) ihgdaseaiiedenntingiiduiafessls luwhusudeaiu

& v ' 13 = VY v Y < L a o X a
‘Llﬂ?i%%‘W@]H’WJUEJUG]Lﬁm@u%g‘lﬁ%ﬁﬂmﬂ’)’]llﬁ’]ll’]iﬂh\lﬂﬂiiUE‘Vﬂﬂﬂ’]EJﬂE]’]ﬂEJﬂﬁlﬂLG]EJ’Jﬂ‘L!‘LlL‘U‘N

¥
=

‘W‘Llﬁ’]iﬂuﬂﬁiﬁ]@mmU
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Perception of the stimuli

Ruffini Merkel's  Meissner's
ending discs corpuscle
Touch, pressure  Touch Sensitive touch

e Dermis &. Sensory receptors

7\ Nerves
L e SENSOTY
= memory

s

UM 2.3 lassasiwasssuuussamivanuiannisnievesuyed [3]

N3N 2.3 Wailmsduingleyaainsruuyssamdula (Pressure) Wagdayaiannyy

v03f7ile (Geometry) azpndslifaaupsnisdeanseuaussam vinlraussuywdiinninlugues

Y 9

o Ao

WBATIENITINGNTUE

= | va o o

Aoayls lunszuaunsSeuifertuduuuimeifiderinnisideie

% 2

RRRISENPACH)

NS YUSVBITEUUYULY

q

g
Y
A

2.1.2 anvalgnsduiainguazviindeya

sUsuunsdudaiiefiudoyavesuywdnliiiionsfianuiningndudaegtufeoslsd

[

6 dnwaly [3] AegUNl 2.4 Usenaunlgnisguiiloyssiluiiuii (Lateral motion: texture) A3

Y

naLil oUszLiuaLuds (Pressure: Hardness) mummﬁaﬂimﬁuﬁuﬁaLLaz’qquﬁ (Static
Contact: Texture, Temperature) m‘JﬁaLﬁanzLﬁugﬂ’iNLLam:f’mﬁJﬂ (Unsupported Holding:
Shape, Weight) miﬁ"]Lﬁaﬂimﬁugﬂiwuazﬁluﬂ’a (Enclosure: Global Shape, Volume) wag
mimmﬁaﬁﬁmgﬂﬁ'wLLaz‘ﬁuﬁa (Contour Following: Global Shape, Texture) §UUUYDY

msduiawdeeenilu 6 anvardlitoyaduilunmuaudfivesing (Object properties) A3l

1. M3guing JUuvudeailinonnuvsssrasuiavesing
nsna susuuresdeyailafemnuudesing

nsuay JULUUYesteyailafednvurul Ly g ilvesing

1Y) %] Al vy o
Msdu sUnuudoyatilifegunssuazuunnvesing

9

1
A a

2.
3.
4. mafte JUnuUToyaTldasfusunsasimiinuesing
5.
6. m3vyuing sUsuLdeyatldfesuisiasseumuasiuiivesing
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contact

Unsupported holding Enclosure Contour following

UM 2.4 SnwarnsdulaingitoUssdiudnuurvesingiia 6 wuu [3]

Nndoyaunazyiiniilaainnsdudasgndwaniudanseualssamludsauaaiie

v
v A a A o

wladeyadudmeuiningfeezls n1sandiainnisdudanuis Aen1sandningaindeyaain
ﬁzwﬂizmwé’mﬁa?gw31/‘1”11‘131’@aﬂammé’ﬂwmsﬁuﬂwaﬁmq LayNIUALLUADILTINAT
nspvideviailevinsasuusing Mnudnnsvianuvesiieaugmirluiamnieviusud
adlouuyud Tnsnsadednvnsdedounuuioasadvesie uasfiomls Tnensld Tactile

Sensor UL HuRMTadLanNsating (Electronic Skin)

2.2 faviugun

1
Y = o

Tunwideidnuniswndringuesiusudainnisdudadadunsianssuuniedng
Tivhauadounywdauisdesfnwgluuunisinuvesiionywdiduaduusnii ol

%4

sunuulunsvunfievusudiiosnndeuywdaziluiugiulunisadrsdevueud Tunisad

=) 1 (3

fioviueud Yagtudleg 2 wuifia [4), [5] wwiAausnde asradieldnudivine wuullazdude
= = = S 1 1o 1% s o a A A A aAa
19193928 2 vive 3 17 deavyuldinn wivhalanssmugnUsead fu wnAniiaes fie el
Anududeaulunisesnwuy 1iiasu 5 damileuilouyud Aegun 2.5 lngnguiuad Jeuywdie
Hunaaun150eniuueg 1991928190035 550 AR LN TEUIUNTI TN sududug U
R Y A v A o A ¢ Yas Y A =

Aatiunisafeilougudliiianuaunsasendsududuiienyvdinisesliitasiadeuiuuie

uywdlilauniian nsiauilorusudd niunuduingod1aiuse@nsnmuaninnisnm 2.1
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N13191 2.1 N@ﬂuBUWQLUQiimﬂiiiJ

Toviuuud

1%

an

¥

VDY

nsARRATULYS

Allegro hand [6]

flaseas1enaneilony,

@ & @ 3
[ugasiUunLge

a

FuIuihEls wavha
Wiuwesnuanetiiegna

LAe

PPS Robot touch

iCub humanoid robot

(7]

flaseasranilouilony
Fulugunssnaule

@ & @ 3
GG REISIIL RIS

ANLazLduAfuLeden

12 Sensor lunsagil?

LAy 48 Sensor 781

=

i)

Shadow hand & BioTac
[8]

lAssas1anilouilonu
Fulugunsanaula

<@ & @ 3
WuasidunLge

a [ & a
ARNLYULTDINEIYALALY

PUanen

BioTac Sensor

ihiledl 2 U9 Anduiwes

Anthropomorphic Hlassasranilouiionu ) PVDF sensor 4 x 7 #
. ) wuueLsdinae 2 99,
robotic [9] Fulugunsenauls i 1w
Lafguesidie
Hlpssasnumnilouliony YA ,
Shadow hand & lafiiguwesnssnansdn  Tekscan

Tekscan [10]

Fulugunsanauls,

v
o

Wuwesnsyaeiaisile

P NS A \
fla, lufigugaveu

tactile sensing

ARMAR-IIIb
Hand [11]

laseas1evnila, dulu
sunsanauld, In1sdnag

Wuwasneilawaziiile

v
o

a & < B
FAARYULYDT 3 U

Weiss Robotics

PESA Hand [12]

£

MAseas1evnia, 113

Andadugasiiiaz3an

LaifinsAndaduiwesin

tnile

pressure sensor

PR2 robot gripper [13]  lAs9a3194e lassaialimieusionu  5x3 pixels 240
Gripper [14] 1A53a519978 lassasnsldntlousiony  5x3 pixels 299
Barrett Hand [15] 1As9as1e9ne Inssasshiwiloudlonu  Weiss matrix sensor

AUBO OUR-i5 [16]

1A59a$19y, Wuwe sl

AINHAZIBYAG

Taseasaldmilouiiony,

Juingladla

Tekscan 28 x 50

pixels

ROBOTIS & Gripper [17]

1As59as19dy, Wuwesd

ANUATLBYNE

TAseasalimilouiiony

Teskcan 28 x 50

pixels
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Allegro hand [6] iCub humanoid Shadow hand & Anthropomorphic
robot [7] BioTac [8] robotic [9]

Shadow hand & ARMAR-Illb Hand PESA Hand [12] PR2 robot gripper
Tekscan [10] [11] [13]

Gripper [14] Barrett Hand [15] AUBO OUR-i5 [16]  ROBOTIS & Gripper
[17]

5UN 2.5 floviugudiuusingg Nusngluissanssy

Weawndleuywdianududounin n1sasisovusuiidsuluuilionyuwdienasan
FeazduausEILas luusuidenisesnwuuyanaaesmeusudliliesnwuuilioueudli
flassaduuuifenduiionywd [13, 14, 15, 16, 17] Favlaseasielaiaunsaduingla [16]

Y o @ v & | v Yy Loz Y oA . & Ay
ﬂ'ﬁa@ﬂLL‘UUI‘WNEJ"{]U'JG]QIWHU@EJ'NU@EJC‘IEN&I 2 U7 LUUIﬂﬁ\Tﬁﬁ']\?N@LL‘UU anper YIUNWLUU 2
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17 [13, 14, 17] uag 3 7 [14] Snvagiisvenjusuiuuignesniuuandmsunsviauany
9 AuvanvanglunisfuuasUssivingdelufivseansnmunnin egalshfniswauniie

1 13 = Y v = = f§ a «av Yo v & |
muﬂumauauwwﬁwaﬂwmzmuaumawwa%aﬂlﬂiumwwmmuamwmwma [6,7,8,

(% (%
aAav aa

9, 10, 11, 12] #AANNNTARANUTUTDUIIN IUUNIA8TTATauA 4 17 [6] ¥SailvaTliowa

2 99 [9, 11] wazn15Annd Tactile Sensor Allwurrile [6, 7, 8, 9, 11, 12]

2.3 Tactile sensor

vugudlaiiounywdlifiauamnsalunisssyinglasnmsdudald deunndnsain
uywdfiaunsavinldodnsd suidleannusudfsuaduwesdudadinunzaunazuianis
Uszanananisansiidusyansnin dniufelnuidenannansiiaunliusudlicnuansn
i maimunidAgresnealuladvusudiafiousywdannsonseanduansdiu: 1) meiana
VB UYUA, 2) STUUUTEAMYUBUA N1IHRIUINITAULATIET LA AMEINNTalUNTSISBUS
wilouaywdidudssndudeliusudiauluinld vievhauluanwedenludiinau
wenaninsiamusudiilassadredemiiouund Judsdidesns luszuumsFeuiuas
s inguosudlivsramdudanamenuusineg Ssegluduinmiuarldavedunisuana
ludmvesueudldnssuinndszamdudanianevieulaeUssendld Pressure Sensor %38
Tactile Sensor [4, 5, 20] Tunssuideyauaztoyaildsvazgndsludsnenfiamesifions
Aneiing [5] Tunuidefivsngfinnsih Tactile Sensor wildlasnsfinsadriuiiouaydiy

q

7199 vesueus wisgalsiininlumnunainvalgvesnisvadeuLazanvuztayaiild o
& o 1

Wwwesnlddwanansnuly 35n1snsivdeuinguesssuuusudidnvazuieafunis

M37AARUINOUDIYYE ABNTITAU NMIINA N13TU UAZNITVUUAITIAING AR5 2.2

M19197 2.2 NMIATIIARUINGUBIVULUA

B3 Wuwosild Yoyanld nsUsvendld
nsquing (18] BioTac Sensor Joya 1 17 N33R texture
nsnaing [19] Weiss Robotics Toya 2 14 N33R0
nsduing [11] Weiss Robotics Toya 2 il QRERIEERPII)

. o Force Sensing Resistor y _— . o
MW TI1930g [20] s Joya 1 4R N33R0
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v

BioTac Sensor [18] Texture 1-D Data

W Positioning iy "
device _’) —
P IS

sill=E © = ]
. oo EEREE
o ST S .

2-D Data

2-D Data
i ER
% 2 W
E; \J_\l“—k_.
S M accumnedpathlengm)
FSR [20] Object 1-D Data

I
6 o

3UN 2.6 MInTIvERUTRGURIULUAT 4 WUy
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9n3U7 2.6 M3FuFingannsduiaveniusuduisesnliidu 3 Tvua Tuuausnie
nmaidoulm 1wy msgviequing dufurusuilunmsiuideyatldan Tactile Sensor
fuaneiimiednite foualdannisanidusesiuuuinguasiauedoyaluguuuy 1 57 (1-D)
[18] Inunflaesfionsiuiteyavoniusudiainnsnavideduinglasnisly Tactile Sensor Array

dudainquaviiauedeyalusuuuy 2 di (2-D) n3813871 Tactile Image [11, 19] TnuAn1s

= v

fusftanufonisiadoulminme nsiuilmeifenisiuifesuimesingdsdoyarsldands
sovosuviieszynsasunlasiiansuasdoyadilasuldifessysunmieisuiadnvesing
[20]

Tactile Sensor gninuldiduszamdudanisnelugduvuimidsvewueudlay
nsRaadfudausne vesdiorusud Tactile Sensor finswaunuiluvatgukuulagang
yurndnitsiindnnisiurendugeiinainvatsidu naUdsuutasainuituniu

(Resistance) m'iLUad'sJuLLUam'mmmﬂWﬂw (Capacitance) n15n5ga18uag (Optical

'
v a v

Distribution) agALssnulni (Electrical) 1@usu [5, 21] TuswiAdefiwmun Tactile Sensor
Tnafinsunausluvszinundnnisianuveaduiges luhuum1e Laninianisne 2.3 uasgui

2.7

A19199 2.3 Tactile Sensor WUUFNY)

D gty R0 PLIEN

AUNTAN A1115000nkUUlAl fifn Hysteresis g9, §§  PPS Digi-Tacts [22],

(Capacitive) unlanla, spatial AAugens, Taserdu  tactile skin for iCub
resolution GRS Al LL@JLMﬁﬂIWWWSUﬂ’Ju, o [23], carbon micro coils
g9, MuFouIINA, nogaumind, Liidies, [24],
meuauilaIIALST Cross talk, 299597UA1  Polydimethylsiloxane

1ITTULOU [25]
\ielgdianvise THawld, Saalage,  Talegamnd, dadle aPs fiber [26], Flexible

(Piezoelectric)

Adles, nusiasiadl,
PRUAUDILARRBNNT

WasukUaaksng

dlwUsizung, Tala
RNZYNLNNT

WasukUaaksng

P(VDF-TrFE) [27],
Triboeectrification-

enabled thin-film [28]

LLE1
(Optical)

NusoauNkwantnin
, Aaihige, nevauesld

<
FI0L37

Hwualug, Audes
PAIY, 199501UAN

o

Utau

Fiber optics tactile
array [29],
Optoelectronic [30],
Fiber Optical [31]
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A15197 2.3 Tactile Sensor WUUA1a9 (58

wiln gl Aol F9E19
WieleSanin ﬁunu@?’], laiddles, & Hysteresis  Conductive Silicone
(Piezoresistive) Aalige, a9, Liogaunad], [32], Low Density
Funausunaue, i1 drift vesdeyeyiuge  Polyethylene [33],
29959 1uA g ugau Pressure sensitive

rubber [34]

Tunnel effect

spatial resolution g4,

Hanalaunfianing,

=1 1 a a 6
fvualug, Liddes

Quantum tunnel effect

[35]

Aalig
danslatia pavauadlisy, g 9aseuAudey, Ultrasonic based [36],
(Ultrasonic based) auaam@q "Lwiaqmmﬁ Ultrasonic based [37]
wilwdn avwbigy, fivaalaunda  liseauuwingn Magnetic Field-Based
(Magnetism based) A9, AN Hysteresis Gﬁl”l, JUNIU, [38], Magnetic Tactile
Tanunuyu fin1sAunudugon, Sensor [39]
fuualng

Camera base

spatial resolution g4

Tvualug, lhinsuas

vision-based tactile

{n AEUBN sensor [40], Gel Sight
[41], Shadow [42]
Resonator base avulias, sevauedldl  aseuAdUtey, Perylene base [43],
57, A NazBengs Fudrmzung Stress-Sensitive

Resonator [44]
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Optical [30]

Urethane gel

Pressure sensitive rubber

Tunnel effect [35]

da

Magnetism based [38i Camera base [40] Resonator [43]

gﬂﬁ 2.7 Tactile Sensor lUUAI99

Tactile Sensor Array qu{ugwwé’ﬂmwaqmsﬁﬁmmwu Piezoresistive f0¢14
vanvaneiilesanilassadrsilidudeu 2sasnsihaulsigsenn Sanulgs Tdunus wasd
AIMUNIUEe AetuildSunsiaunduunarnuaensssendldauey nsUssandld
UNAUNI WG [45, 46, n15Uszgnaldlusiugaaivngsy [47], n1suseenaldluu
Fmnssu (48], waznnsAnmumsvinAanssuvestywe [49] 1udu msUszyndldifinigide
nunlagldudnnisiaurendueesudaduniianie Humanoid Robot [5-32, 33, 3]
NANN19Y191UVBY Piezoresistive Tactile Sensor @11113085U"8A8 Piezoresistive Effect [32,
50] ﬁ@ﬁ’]ﬂ?’]ﬂﬁﬂﬂﬂﬂu%zLﬂ§BULLﬂaQ1ULﬁ@gﬂﬁﬂ%’]ﬂﬂﬁﬂ@ﬂ’?ﬁﬂL‘UgEJu‘l‘lJ Faanunsnosuele

ABAIAUNITA 2.1 hazaunIsn 2.2 [50]

AR
= = (1 + 20 + nE) (2.1

29



L

Rzpz

(2.2)

luaunisi 2.1, R Asanuduniuvesiandiviauanuens L, AR Aerininy

F1UN1UTLUA suwUaglumny strain 7t

material,

AULASEAUDNIAATILAARINLTINNTEIIN

DRI

9

a

ATUAUIE

[
v @

Asia11, O AR Poisson’s ratio of the

JT @9A 1 Piezoresistive Coefficient, EA @A 1 Young’s modulus, Y, A ©f"

PN I3 i Y )
, dUN1TN 2.2 L'Uuallﬂ']iLLa@ﬂﬂqﬂqumquﬂqumaﬂjaﬂ

NUITENeITsiuNIimUT Tactile Sensor Array 115U Humanoid Robot @3

Blupisneit 2.4

M15199 2.4 Tactile Sensor WUU Piezoresistive Tua11I55NT5Y

Year Sensor Physical Sensor size Transducer Application
Resolution  Size (mm?) (mm?)
(pixel)
2007 [34] 9x8 20 x 30 1.8x3.4 Conductive rubber Finger
2009 [9] ax7 20 x 35 20 x 35 Polyvinylidene Finger
Fluoride
2009 [51] 25x 25 150 x 150 5.0x5.0 Organic resistance Flex e-Skin
2009 [52] 5x5 32 x 32 50 FSR Touch sensing
2010 [53] 16 x 16 50 x 50 3.44 Conductive polymer Flex e-Skin
2011 [54] 8x8 20 x 20 255 715 Conductive rubber Gripper Finger
2011 [55] 8x16 70 x 120 3.0x3.0 Nickel powder +PDMS Flex e-Skin
2014 [56] 8x8 N 2.0 x 2.0, P(VDF-TrFE), Flex e-Skin
3.0x3.0 MWCNT/PDMS
2014 [57] 10 x 10 20 x 20 1.3x1.3 Nanoparticles of Finger
carbon and silica

2015 [58] 3x3 50 x 50 10 x 10 Conductive pillars Flex e-Skin
2017 [59] 8x8 300 x 220 37.5x 2.5 Conductive polymer e-Skin
2017 [60] 8x8 100 x 100 480 Polymer composite e-Skin
2018 [33] 1x1 20 x 25 20 x 25 Conductive polymer Finger tip
2019 [61] 4x4a 10 x 10 1900 Polymer composite e-Skin
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A1598NLLUU Tactile Sensor WUU Piezoresistive 1m’1u’;iﬁmﬂiiuﬁugﬂﬁmmmaﬂ’m
soudanazdiaumainratsvesay Inseuusniidudunuuveaniseaniuy Tactile Sensor
WUU Piezoresistive 1nUsegndldnuiievesiusunaalud a.a. 2007 Nakamoto uazaay [34]
19n1500nULU Tactile Sensor Array Am3URAR 15999 Humanoid Robot flwuna 20 x 30
mm? fuduweifivaauidlassadiefieidunuunsuisasiud (Printed Circuit Board :
PCB) wiifideldedpaniseanuuy Pixel #ililauanns uasdvuefidnddldmnsfunisinaaieh
19989 Humanoid Robot [34], n1588nluy Tactile Sensor Array AVSTUR AT 1 2284
Humanoid Robot @ sflvu1neg5em3ne 20 x 20 mm2[54, 571 uag 20 x 35 mm? [9] #2e
uaTLanlUS sla g funistunAnsafishiloves Humanoid Robot W UAY, Drimus wag
Ay [50] Wtuidumesiilassaieiiteuarlunuildiiauonisandiiagannsduda

[ I~

MOUUNUFIUYDY Tactile Image Recognition Tngldoowmasardunils (First Order Feature)
YTy K-Nearest Neighbors (KNN) wsilunisnaaeu 14 Gripper viwiililutiaiie sy
FdumeddadvundnAuludmunisthunfasaficdiievss Humanoid Robot, d2usudi
W Tactile Sensor Array WuUANNAEBER (Resolution) g uinduiivuiailngjfuludslsl
Wz AUt Anssniiiovas Humanoid Robot [51, 55, 59, 60], fluisednuateeui
¥n1seenuuy Tactile Sensor Array fiflauasiSeasniuly Tuwnzdmsunsihuuseaia
Tuldq Tactile Image Recognition [52, 58, 33, 61], Tul 2014 Khan wazame [56] lanaiun
Fuwasuunn 8 x 8 pixels Fspruazideatannsotinfndstuindorusuiuaganusold
wadiansdszanananmlunmssnualiudoudlildssyramaneninli, Ramos wavans
53] I§hiaveidueesiming fudnflorss Humanoid Robot Tuuinuasatazideausly
auladldinaueedane3iu (Algorithm) w81 Object Recognition Amnzausuduaeiils
Mninanumuanuieisedlngldeenuuuidumesitsuindni iz iunsiu
findafidiievas Humanoid Robot fedulundsedsslsiauonisesnuuudumesuuuln

aa a = a Y] ° a I Ay oA . P
'1/]llﬂ'l']lla%l,@8@LLa%llsUu’]@V]L‘Wil']gﬁllﬂ‘Uﬂ"liuqlﬂﬁ(’W’]Q'V] N1318vU89 Humanoid Robot ti®

danldiunisuseananan1sandnnigds Tactile Image Recognition sl

2.4 N33R INYIINANHUAE
"3RI Humanoid Robot Hand gnitmunsien1shndudueasuuumigg tienis
Uszgnaldaunnainwans Mswanwileiidfeyfe Object Recognition in Hand Method Ju

n3ndIngIINNsUsEIanateyanlianduees JeyanidAgignihunldlunisussanana
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AU an LAINNNITAAA ¢ Tactile Sensor Array @ 945145 8n35n151 71 Tactile Image

Recognition #nwazvadilaNAns4 Tactile Sensor Array Uanan 13U 2.8 iein139uing

'
v v Y [ a

Tactile Sensor Array fiindslinilsvesiusudzgndudaneingiogluile wazillolin1sdui

d
wsenevzvilianusaeumilaanduwesifioindeyaiieldnndueesundaseduguuuy

Y

wsnduaziausluguiuy 2 45 agldnn Tactile Image fagui 2.8

3‘1]17; 2.8 floviueud waz Tactile Image [62]

N153LAT1¥9 Tactile object recognition AlginAtiaNIsUsELIANAN NI sgnlY

a 1

lun1sfipudeyaiveriuieingiiegluie “uissanssufingidesiunisuseaianateya

9 U
= |

Tactile image 91nnN133uingesilavueudlaasulilumnsei 2.5 Asil

q

A15197 2.5 Tactile object recognition TuaUITIUATTY

Year Sensor Number Descriptor Classification  Number  Recognition

Resolution  of Class Method of rate (%)
(pixel) grasps

2009 6 x 14 (2ea) 21 All Data Vector BoF 10 84.6

(63]

2010 4 x 7 (9ea) 7 Moment SOM 1 ~80.0

[64] Analysis

2011 8 x 8(2ea) 10 Mean, SD KNN 1 92.0

[65]

2011 6 X6 5 Polar Furrier PCA, BoF >50 90.0

[66]
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A15797 2.5 Tactile object recognition TusUITIUNTIU (510)

Year Sensor Number Descriptor Classification ~ Number  Recognition
Resolution  of Class Method of rate (%)
(pixel) grasps

2012 24 x 16 a4 Maximum PCA, KNN 1 81.4
[67] Vector

2012 5x9, a4 3x3 ANN 1 91.0
[10] 12 x 10 Segmentation

2013 32 x 32 10 Haar Wavelet KNN, LDA, 1 86.0
(68] Naive Bayes

2014 10 x 10 12 Kernel PCA, MKL-SVM 1 85.54
[57] FD,GE

2015 6x 14 18 Segmentation BoF 15 89.9
[19] SIFT

2015 16 x 16 25 Reduced Vector ANN 1 96.0
(69]

2015 108 + 133 20 All Data Vector DNN 1 91.1
[70]

2016 8 x 3 (3ea), 7 All Data Vector JKSD 1 94.0
[71] 7x4

2016 6x 14 20 Zernike moment iCLAP 20 85.36
[72]

2017 6 X6 15 Ensemble of ANN 30 94.67
[73] Shape Functions

2017 768 2 Convolutional AlexNet DCNN 1 98.3
[74]

2017 28 x 50 8 Convolutional AlexNet DCNN- 1 91.6
[75] SVM

2019 28 x 50 22 Convolutional RestNet DCNN 1 95.36
[76]

9INEN5NN 2.5 ansauuaistumsiwsizinalaidu 3 35 de 1) 3nsdanguain
wuuly (General Image Classification) #3935n15UUYTULEAULS (Machine leaming : ML), 2)

nsdnnguamiieIBuinesniin vise 9ad1 (Bag of Word : Bow) Fui3endneein uln eau
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#1995 wie neilland (Bag of Feature : BoF) way 3) 35lAseUsUssaimuuunoaligdu

(Convolution Neural Network :CNN)

2.4.1 MIIANFUAMLUY Machine Learning
AR \f \
ol
O,-:'

&

[ SNN@NS
. Descriptor - - - S"i

ing V' g
Testing Object Testing Vactoc Input Layer Classifier Output Layer

E

4
] E Descriptor

«
I . Descriptor
Training Vactor

Traming Objects

-

UM 2.9 M31MNUTBINTIANGUAMUUY Machine Learning

Tnedrulng 1A 1lun1s Tactile Object Recognition 1ng 35 Machine learning day
fgUuuunsvaudssud 2.9 [7, 10, 67, 65, 67, 68, 69, 70, 73] M3sifiunuEuaIniudge

Toyanimidgdszuu Fetayaninazgnuuseaniiugaasu (Training Set) uagyannaay

(Testing Set) kAEINOAAYUIALINADIVDININYANINFINA1ILNUINY Normalization wae

adad

Thresholding @sludumeuiluuisnuddseayhnisuuganmdieisswgunisuvandy
ANE [68], mmﬂaaiwﬁuﬁﬁ%%q [64] msuUassaufuiiadunmainndes [73], uaznis
g [74] 1udu ‘\]’]ﬂﬁ?uﬂﬁWﬁN’WﬂiSU’JumiﬂzL‘ﬁjﬁdﬂ’liﬁﬁﬂﬂiuﬁﬂwmz (Feature
Extraction) Wi e sAnfiaznsaidudunuaesamdenaiily Fenafiunuiian Feature wio
Descriptor 35n19%11 Feature Extraction %a1n%a183518uAe2iU1UN1901U Visual Image
WUITN9@DA (Statistic) wag First Order Feature, 35 Moment Analysis (MA), 35 Polar Furrier
(PF), Haar Wavelet, Principal Component Analysis (PCA), Scale-Invariant Feature
Transform (SIFT), Zernike moment, Ensemble of Shape Functions Laz35 Convolutional
By 9andunin Training Set azgmindluaeuliiulumadmiudangs (Classification
Model) @ sa1e351%u KNN, Liner Discriminant Analysis (LDA), Support Vector Machine
(SVM), Naive Bayes, Self-Organizing Map (SOM) Wag Artificial Neural Network (ANN) 1{ugiu

(%

SlazLgnU Tactile Image Miidnwaz Global Shape [62] #39dl Sensor aunlng/lndiAgs

uingazlviusgansnmlunisandilaes

)
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2.4.2 Bag of Feature

J Enz E
=
nan ¥ o
. A
Training Objects  Tactile image Feature Descriptor
Training Set
FEan W o
. = A
Testing Object  Tactile image Feature Descriptor
Testing Set

e 9

ming Objects

i

Testing Object Testing Vactor Input Layer Classifier Output Layer

Ul 2.10 M3vhaumes BoF

Bag of Feature %3® BoF [19, 63, 66] ﬁqgﬂﬁ 2.10 L‘fJuT,mLmaﬁgﬂﬁmﬂiﬂumiﬁmﬁﬁ

1Y

noaNNIsdURaT NNz Tactile Image Aflanwae Local Shape [62] visefiduigaiuuin

' of O
v = Y - v A

dnniningBadeduiaingrateassieniendnualvesing dviunsvihnuiEuannsiidiyn

9

o—

Taya FeUsenauluniy 2 yameyn Training Set nlayauazyn Testing Set annilayn AU

Y 9

1%
Y

YJunounsviaulunsil
1. ﬁ’]‘ﬁ'ayjamwm Training Set U111 Feature Extraction %38 Descriptor &4

el Feature vaadayausazain
2. Feature Fadioidudaunuvesnmlusdasaaiaszgninuidnnguateinaiia K-

Mean Clustering tiieszyinnmiugnineglu Cluster ln n1sldinaiia K-Mean Clustering 1du
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wiadaSguIwUY Unsupervised visensieuiiuulidiesaau Fausnsennszuiunisilii Bag of
Feature AUMNNEABNITAS19NLIdnSU Feature ailisundnagednadawmas (Cluster) uaz

o [ 6 I a . = a v [ L 1 =3 [ [ .
Iuuvesndawesisendttu (bin) e Feature MAungnineglundulafazgnimaulu bin

'
4

u diedeyaninluaaiatiiug gnindiundnnguudinazladalaunsy (Histogram) vesnana

W

ee See

'
= 1 v W '

Feazgnilldluns Training Tudrdudaly fstgavesnmiwanssiudiiegagulugy

=

v I

11 3ng 3 viadodinmianguadawmesuazaina Histogram eladningnssnanasisun

9 q

oe D

U 1 = =

Fiulesfigafie Feature yanaulany fnganuirnazinmaniueezgnfe Feature JUMAaY
warfiszdndnnill Feature g1iuvUeeNanfodinasuaiany Histogram Alavesinguaas
class azhaniAUi U INYoDY Feature YBITRGUARZAT ALY Histogram 711A31nN1539

Cluster ApfunuvesingluAaatue) Tued
]
=]
=
I — = I I - | [ ] il | I

[e ILTINICA] GOMMTIM@NCA] T ]0ira]
JUN 2.11 Histogram vesing 3 sllafiliainmsdnpdawmes

3. R]ijjuﬁ’l Histogram L%Wq'ﬂﬂi Training Iy Classification Model A% Training
denadeudvessruvlutuseuiifesfiunisfeuiiuy Supervised vionszuaumaiFousiuy
finsaou Model AldlunsiFeusivans Model 1wu KNN, SVM wag ANN sy

4. \ile Training sruuiE@iaNuAavfumsmadeusyuunie Testing 293u1nn15
ihdeyanimyn Testing Set 19131gnszUIUN15¥ Feature Extraction #salel Feature vos
ToyauAazAIL

5. mﬂﬁ'uﬁq Feature UB4NINYA Testing Set 1118579 Histogram senaila K-Mean
Clustering LsﬁuLamﬁUﬁﬂ Training delg Histogram wdAddlunaaeuiu Classifier

6. Wevageuasanazlammauuniamithumageveglunadlatises
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2.4.3 lassngyUsyamiiauwuy Convolution Neural Network (CNN)

- Object Class
O El=
FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN CONNECTED SOFTMAX
Feature Learning Classification

g‘uﬁ 2.12 M5Y1N9UUB9 CNN [77]

a

1As9U18UsEaImMLuU Convolution Neural Network 158 CNN dlasaas1anasy

Y

2.12 Wuandnenssu (Architecture) iugﬂLLuuwﬁqmaq Feed-Forward Neural Networks 4

animuFuLine

[

npUszasAluunsseusalgamiaglul 1990 LeCun wazany [77] 1ot

BnsmwniuureulgtunwIniulasitgusganiieuantulul 1998 LeCun uaz

o

Aauy [78] leiauelassngysyamiisuwuunauligdunie LeNet-5 Usenaulde 3 uf

[

dAnyesil
1. Yumauligdu (Convolutional Layer) n3viimaulagdu (Convolutional) eyl

Feature Extraction #39f4anNwaZLAUNA1AYIDININAT0E1988NUT 1AENITAIUILUU Dot

Product s¥nineiiundiugagvei3un1n (Sub-region) iU Filter n3aLAasuea (Kermel) 3u1a

@ = Y

dndafidnuaizduaminddna (Square Matrix) 1wawn 3 x 3 1Wudu Fawaagldyadayatn

TminAnan h*F ISendaualnlulignasnaduad Feature Map n13A1u28ad Convolutional

9 RV

e

a3V lafaaunsi 2.3 uag 2.4 wagrafilnannnisvieeuligtulansfsguin 2.13

I A (2.3)

k k
Glijl = Z Z hlu, v] F[i — u,j — v] (2.8)

u=—-kv=-k

d' & a ¢ = a ¢ s
18 h ADLUVIINYVDININ LA F AD LUNINYUDILADIUDAVUN k * k
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5UN 2.13 wavesnisvieeuligduuuu 2 {8 [79]

2. Fuwada (Pooling Layer) 1udufidinaindu Convolution Layer wiiiivesduiliive
aa Yl <@ . = o ;Y
andifved Feature Map Thtlvualanas (Downsampling) toanulilunisAiuiad dren1sm

nl' ::l' % v 'z = \ . N | a4 v o i N
Wigefiansionisladiladdungeansanin Max Pooling w3eniAadseflaiduriede

3.

a a

138n71 Average Pooling 3571 fipalau1n7ianfeds Max Pooling vilalagiin Feature Map w1

q

wiseaniduiiuiigas (Sub-region) vuamdu P x P 1guwun 2 x 2 udmnafiuiniigaluwsias

¥

Wungaeliioaing Feature Map niidagui 2.14

YL XY XY
1 ORI
&
7 3 ,k: :)? Max Pooling ! e
with filter
9 4 » 3 size (2,2) 9 A
5 8 4 1

3‘!.]‘17; 2.14 71991 Max Pooling Tuu Pooling Layer [79]

o
Y v

3. %uﬁau‘[muwaugiai (Fully-Connected Layer) Lﬂu%uqmmmad network @4
Huduves Classification Ingldaaninenssuinosigunseunuunarsdu (Multi-Layer
Perceptron : MLP) laefi Feature Map Iuﬂzfuqmﬁwmuﬂuﬁuwm (Input) ﬁﬁwz’hajimw'w
Uszamidlon nadnsiildanndu Fully Connected Layer 921 Output Prediction @afway
Ine Softmax Function wiasAinisviuigegluguwuuvesaiiuiiasduaiuisamlaniy
aun157 2.5 LLazé’ﬂwmzﬂflﬁﬁmuuamé‘faguﬁ 2.15

S _ex(z)
0= Zk=1xp (z) @3)
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a7 probabilities
=1
2 ¢
=] Al Ty n“..:_;
2 Lot 7] K 2
—1 €L
D= T ¢
. €3
K i
K Wy Eq h=1 €
€K
K \2
Z 1 €k

31]17; 2.15 N15v17u Fully-Connected Layer Wag Soft Max Function [80]

U230 Model w09 CNN gnifaiuilidaudnlunisanin Feature lnglasashaviany
Fugagnirunldiunis Classify Toyanin t3en CNN Nidlassassdnnalsduin Deep

Convolution Neural Network #1358 DCNN 3w AlexNet [88] WWudu

2.5 NMIANAANANBALIINAIN
1599 3UBuUL A LA A UBISTUUTATIZANNIEAUEY NMTIATIZRALUGLTY
dtumauldun 1) mﬁmmgﬂmw, 2) msﬂszmammﬁy@aﬁu (Pre-image Processing ), 3) N9
annAManYMy (Feature Extraction) %50 Descriptors uay 4) n15314unngy (Classification)
nsananuanvuznnAen1sandAvesteyauazisaendnualvesnnmesnuniteldlunns
Ansziisiely Audnuarainninansasnldanuaneae sl
2.5.1 Statistic Descriptor
Statistic Descriptor 1J13sn1sadfnuy First Order nanAeiduisilddoyanuum
AR [WuNTIATeIRmaTURItaya (Vectorize), Falaunsuvataya (Histogram),
Andsvaadeya (Average) wagAldaiuLsNmsg U (Standard Deviation) 1Hugiu
2.5.1.1 hAwesuasloya
nAwesvetoyafentsinissslayanmindainuwuuansnlidunawmes
1namlugud 2.16 fadeyanin fanarduguuvuimninvesdeyad wnusmeiunin I

aunsn 2.6
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5Ufl 2.16 Tactile Image [19]

P B
g
: : A : (2.6)
D x@ ™
FothdeyaundaSeaduteyanawes 1 ffazldnames v faunsil 2.7
v = xil),xgz),xf), ...,x,(lm) 2.7)

nsnadeUsEUUanIalIAwesteyaltvnsnaaeuldlaensdagnislideauisundas
4 o v v a o A o - 1
wseviheglsiudeyaifitias dnyuen1snageuszuulaenishivasuwlasdoeyaililloduns
varingudsuniaianavyuresingsuwuuteyadzudsuwdaslununisvau
2.5.1.2 Falawnsy
1al !

galawnsufensmuvisiiuansruduiusseninsdeyadunuiamyissnindu

Toyatumudvestoya Wegnisnszaevesdeys anvazvesdayaidunuiavyaziesdu

a

o o v

ndeslumannlaeuny y asduduavuans “Aud” wasunuuowsziludduvedays 151

v A

anusatdalawnsuunldlunisnaasussuulaiiasainninainnisdutainafaneiuaziidals

q

A v ¥ 1 a ¥ a v N
wnsHANAR1eAUlUAY ﬂ?iﬂ?ﬂ’]ﬁﬁiﬁ]LLﬂﬁJ‘UEN?JBHaLll‘l/lﬁﬂﬁ?iﬂﬁﬂ%']i@"\ﬂﬂﬁllﬂ'ﬁ‘lfl 2.8

k
v; = Z C; (28)
j=1

il v; ApdRuVBITRYA 0-255 uag ¢; Petayaluddu i tuq

o—

Y o ) = a Y1 o | Y] d' a4 a a & o
m@ﬂﬂi%ﬂ’]i%ux‘iﬂaﬂﬁfﬂmLLﬂillﬂ@LLll')’W]']LLWUQ%@Q?WQQSLUﬁSUMﬁ@Lﬂ@ﬂ’ﬁﬁi}luaﬁimuﬂiﬂﬂﬂ\‘]ﬂﬂ

WL DULALLAT DR B8 ABLIINNINAZTANUBANAN T ULAANL S Fala kN su o uiule

a0



2.5.1.3 Aady
ndeyandvamesiluiuiuuindariiudiuam pixel vaInImnIsmAeae
voanmiduismaniaiddglunisannameideyalrednaduiiwuvesdayasg n1sm

ANRALYDININANNNTOUEANNALNIST 2.9

1 N.M
=— > «/ (2.9)
= X7 .
: NMZ l
L
2.5.1.4 ANTJeULIIATIY
AdBaUUIIRSEIU (Standard Deviation) Wun1sianisnszateiuuumilaves
Joyan1ndazvanfsnuandininiug Mdnisnszatedivesnnudusgisls Jsaunsainun
@& @ o0 o o Y ¥ aa & ° ¢ v
Wudunuvesnnd 1 ldldlunisandiainld deffeidunisandiuiwinmesdaya
wiloufiuanadivvesloyawinidonesufeaiufonniaiiue1avzinmaAndeiuunnsgiu

a A Y o oA Y ‘:1'
NRUBUNUAIYLYUNU f"’nLUENL‘Uu@iqmﬁﬁqqulﬂﬂqﬂaﬂﬂqim 2.10
1

3 N,M 2

_ ' z 2.10

s=| mr= .0 =8 210
13]

2.5.2 Bmsuszanananmluiduuudduaes (Second Order)

FEmsUszanananmduisuuudifuass 1unsatngadnvaziosuiesusises
fmqiilesansuiaduauantiiugiuresing fesueguhsdiasstszan (1) fosuiesusig
MUABUIS (Contour-based Shape Descriptors) tae (2) fasulesUs1emugiinia (Region-
based Shape Descriptors) 3nsafanadnwauslivsunulumunssuvesnndvans s
19U Moment-Analysis, SIFT, Polar Fourier Lﬂué’wﬁqL“f]u%%ﬁQﬂﬁwmmmaaﬂﬁﬂumiﬁﬁmi

AenaudnuarlunuITell

2.5.2.1 Moment Analysis Descriptor

Moment Analysis 139 MA gnttauslag Hulul 1962 (811 10uisAdoy
thanlddmsunsatnaudnuazvesnimluauiendu Machine Vision sgnaunsvaneiiesann
Tom3 eensluuususiulunusseenisasianisesnm Fadussuunisuendiuded
Uizﬁm%quuﬁmmﬂhjLﬂ?{ammaﬂﬂmmzazmmazﬁﬁmmaqmmaqLﬁuﬁmamﬂugﬂﬁ

2.17
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(a) (b)

(c) (d)

5UN 2.17 amdngiiivuiadiuridalagnsruianaaiy (A) 0g 2 15, () aunaUdsuwas,

(©) swmdaasuladg, (D) Nenaasukuad

Hu ladaueismsawinmyavesiAmidrmamnsatinvednIning A1 Moment
Tud39fl 2 ffvesyadeyamninuwin M x M Falunmluszaumnuainedmniiguuuuilandu
Ju f(x,y), (x,y =0,...M — 1) aglan

x=M Yy=M-1

M=y Y PO @Y pa=0123.. 2.11)

x=0 y=0
Tuwmuy f(x, y) uwnulaednuiu (a, b) azla

pa = ) ) (x+@P- (v +b)If(x,) (2.1
x Yy

AN UAUENA19VRLUUA My, UTBM,, @1115aAUIlAN TAgN1TUNUAT
_ byest,
a=—Xx ez b =-y oU
Myo Moy

g=_R, y=T8 g = G-RP 0= NF ) 213
x ¥y

Moo Moo

<

ey Normalize A1 Central Moment agidu u

I (+q)
Npq = — V< l%l o\ ¥ (2.14)

=P
Hoo
Hu Tainuan1sAuIumaA ey 7 a1 aunalaenisyin Normalize A1 Central

Moment du#l 3 galduusivdeulumuuunn fuvts n15vyu ATLYING 7 Amnlaein

a2



M1 = (120 + No2),
M2 = (30 + M02)* + 4174,
M3 = (30 + M12)* + (3121 +103)%,
M4 = (30 + 112)% + (121 + Mo3)?,
M5 = (30 + 3012) M30 + N12)[(M30 + 112)* — 3(M21 + M03)?]
+(3121 = M03) (M21 + M03) [3(M30 + M12)% — (21 + M03)?], (2.15)

M6 = (20 — Mo2)[(M30 + N12)* — (21 + 103)?]
+ 4111 (M30 + N12) (21 + No3),

M7 = (3121 — No3)(M30 + N12)[(M30 + 7712)2 =31 + 7703)2]
—(M30 + 3012) (21 + 103) [3(M30 + 112)% — (21 + M03) ]

nduiheluwwing 7 arfiaualaundu Descriptor dniueiurunmudnune
1% < a - va aill I % o %
osnmlasnsaiiadudalaunsy vue 7 bin wazlvdalaunsuildusiumurssnwdimnsunis
Anszdisely
2.5.2.2 Scale Invariant Feature Transform Descriptor

a o

Scale Invariant Feature Transform %3835 SIFT [82] W ud gﬁlumﬂ‘ﬂunﬁ

o))

Lﬂiﬁsﬁlﬁamf\gmL@iumaﬂgﬂmwé’aaﬂﬁé’umLLasa%’N Keypoint ¥a10m Ing Keypoint 7ia$14
Juarlifuiuyumosiauuianagfiennsvesiagluam Feature fildanniandnuaefisituas
ARATIAULLIVUIALAZTIANI99ZLANATY N1591N Feature Extraction Aae35 SIFT UYsgnauly
#ae 4 Fumeundnie

1. mymUsafianludifvuinuazszeene (Scale-space extrema
detection)

1591 Feature fBA1TMIANTEAZLAUTININ TABn1vIINT15LUaD (Blur)
awsefleifundifou (Gaussian Function) SuRBULIATEINIAUW Keypoint 18anniis]
auautAlituegfurunnnin aginsduminenisUdsunlamunuesninuagynnaiuag

A9 (Blur) Mg dunIddeu (Gaussian) AIEUNISA 2.16

L(x,y,0) =G(x,y,0) *I1(x,y) (2.16)

Wo (x,y) AefAnuunn, L Ao AMMnwinsasWIunisiuasnay Blur Filter, G Aa@InToaluu

[
v Ao

Gaussian WAz [ Ao WBUNA NIUFINTBILUY Gaussian WAAIRIENAITN 2.17

a3



1 e (2.17)

G(x,y,0) = 210

NTUINITNIHAR9YDILANIN (Difference of Gaussian : DOG) Iagn1sunA N taannnig

WanuUIsulsuilenaasafun nneuynsiuasssaunsi 2.18
G(x,y,0) = (G(x, v, ko) —G(x,y, a)) * 1(x,y)
= L(x,y,ko) — L(x,y,0) (2.18)

2. Msivuadwiseaula (Keypoint Localization)
o 1 5 [ I . aa Al o
NITWIRINNAUITBY Keypoint LTUNI1THIANIANIN (Pixel) NUATGEIGALLDN

'
a

nswSeuiisuiugnseude Usenausie 8 3ANegRniuInfiiiansan way 9 yauuwazasviod
AafugaTifa1san wanasaguil 2.18 dmuingeafiiansandeigganiesgaqmiuazgn
Aualiidu Keypoint uid19a latdunindi siuiseuiinauadnsuazainudan (Low

Contrast) W3ednia1sanudrirdidnvuzitiuvey (Edge) Keypoint tuazligniunld

lg_fd:'ﬂ"

Scale
[first
OCTAVE)

Difference of
Gaussian Gaussian (DOG)

gﬂﬁ 2.18 NSNS Keypoint [82]

3. ANIRIVUIALATN ANV INTLA BU (Gradient) T AU Keypoint
(Orientation Assignment)

dield Keypoint udad unsudaurazidunismearvuin mix, y) waz
AAnN19 0(x,y) 199 gradient ﬁaq”l,wuawumm Keypoint Ll 8fAUATUIA WA TANII01

Gradient 7 Keypoint 1 Taeldfaunisit 2.19 uag 2.20

m(x,y)= \/(L(x +1,y)-L(x=1y))] +(L(x, y +1)- L(x,y -1)) (2.19)

aaq



o, y)=tan™(Lbty +1)- Lk y-)(Lx+1y)-Lix-Ly)) #20
dlo m(x,y) fo awmvennsiiiou was fe 0(x,y) firmewes Keypoint
4. nMsas AR UITaNEalzIAU (Keypoints descriptor)
Tun13@3519 Keypoints descriptor ¥1lagn 15519 Window 9u1a 16 x 16
50U Keypoint Tivhnisuvseanidu Windows aua 4 x 4 Ve 16 YA HANITATUIUNIAN
NIRPULAZTIANINUSIINTOUY  Keypoint uansdssy  2.17 wazudseendufiufidosvunn

Window 4 x 4 uanasiagy 2.19 uaaase Histogram ¥@siiAnie (Orientation Histograms) 411

= = 1

¥ 1 dy A @ . = v
8 vadla TuusazNungos F9agiuni x BI9UD909AT LaTUALY y Wuru1nves Gradient F93gla

¢ ! . A W 9
VINMBIVRILARY Keypoint NUYUIPENINY 128 U9ia

Aras bl |
=1
— - > }

X - &« § ¥

U => Feature vector (128)

Ul 2.19 Histogram veshAMBSDS SIFT [82]

2.5.2.3 Polar Fourier Descriptor

Polar Fourier 3o PF [82] Wusiaudas 2 fRdniitlatuiunisuyuesnindsd
Funoulunisulas 3 Sumeundng daguil 2.20 Sedsenoudensuadingr 2 37 Seagldsu
B9t (Polar Image) anntudunoudalufvinisutasiiZes 2 I (2-D Fourier Transform)
2ntiufvh Descriptor dvarldFalaunsuiidufunuresdoyadmsurininnevideld sy

Fumaulunsudai 3 Tunsudusal
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Original 4 Image / . Polar Image /, PF>(¢.p) RF AF

Image Image
Trimming Polar Raster
Transform 2D DFT &ED GED

r, P Calculation|
: 1, : :
Rl ! R |P-F'3[G.ﬂi
L, u L
i} P 0 ]
" 0 AF T

5UT 2.20 aviutumeulunisvihinisadaenanuuglagds Polar Fourier [83]

1. msuvasnmidunmdsialaenisinnnddauautidudeyauuy

wnSngamMBuNAIINIuINGIY T Fauanifaaunisin 2.21

I={fl,)0<x<W,0<y<H} (2.21)

ndunm I Tazgniluudaadens seld dsmisudasanunsavilalagaunisi 2.22

L, ={f(6,y)lo<r<R,0<6 <2m} (2.22)
x=rcos@+W/2,y=rsin0+H/2

\Wlo R Aoduiuiivansdesadivesnin I, andunsessd (W/2, H/2) veanw I, Gaagle

AUn159 2.23 1

R= [J(W/Z)Z ¥ (H/2)2J (2.23)

2. MsuUasises WalanwdstitunsudaluAenisudasiisesuuul
sotlaswuu 2-D gnilleiv 1, Ine nan1sudasaelansaunisi 2.24

R-1T-1

PF,(¢p,p) = Z 2 f(r,0,)exp [— j2m (% p+ Hi(p)] (2.24)

r

0<r<R6;,=2mi|T,0<p<ROZ¢<T

= = = | a = a a
e p uar @ A pryAURlWNESIREULAE @), ARANUAUNGA
3. N13a319IANDSVRIAANANYMEA N Blun1Tas1sIAnesAMNANYME

amazlagld Cartesian grids @snsamlaanaunis

PFD = {PF,(00,01), PF,(00,01),..., PF,(AF, RF)} (2.25)
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2.6 15N179AAAFLNDILALAAE

n1358ugdmsu Machie Learning wuaiduniseusuuuluifidasu (Unsupervised
learning) Aunuuiifaeu (Supervised learning) nsdnnauaaawes (Clustering) {unisdnnas
Seuguuuliigaou vanefenisseuiandiegrabiinisimuadiuneg (Target) veaain
(Label) v@9Aaa (Class) usrosnisli Model dnngulsi Ingld Attribute 3o audnwaz 1y
o o I & aa aa ° o A aa . =
AIANLAY WuInalun1sIngudaisnisn deudiunldeuneis K-Mean Clustering 39gn
W lddmIu Model BoF gUwuu Model 14 Algorithm wuu Centroid models d@un1siseus

N v 1% a o v & & .. . v
wuuiiiaeuyadeyanindngsruuizuuslu 2 yafeyn Training kazyn Testing lagtayayn
@ v v a [ A I3 Ao v ° aa a

wsnaziluteyaynaeulviszuuiiens diuyanasuduyaiiidmaasunisvineu 3enldlung
¥ Classification 194 KNN SVM wag ANN 18ugiu

2.6.1 K-mean Clustering

n3dANguieds K-Mean Clustering [84] {uisn1sdnngudeyanuy Unsupervised
Learning 3an15t3 83 huuliifasaon K-means viuiniluuangy wuy Clustering §4n19
LLmﬂaﬂuaﬂwmvmvi%wumumaa“ uIUNgULeYa K aﬂmmm“uum waEyiINITInNGY
YOUBAFIBN (X1, Xz, X3, ..o, X} WD x; € RITOYMITANguioyaiBnsdanguazyinnisda
Jayaninangadsiuleglunguiie iy NnadnsueenITinnNauANgLYeIRIRg 1 LATITUN TR
(Centroid) Fainidusunuvainguuasdinegnsanais aunsaaseilsiduingusyasddmiu

'
=

n1sdanguillaannnismAtidesNanvedseesnieuaIfiieg1akay Centroid VBILARLNAN C)

1Y

D!

n K
/) =zznknxl cull? (2.26)
i=1k

Tng ry € {0,1} \Juduusivenmaduaundnvesnguit k veadaotad i 1ile x; an

ivualieglungui k azdaAndu 1 uazlidnlu 0 dwsunguaws nldldngu k

2.6.2 K-Nearest Neighbors
K-Nearest Neighbors %5 @ KNN [84] 1 w Algorithm Tunisauund’aya

¥

(Classification) @ uvangauiudeyanin1snseInnszaredilagn1sviiunedeg19a1nuind
Aregeilnanian vseduwundtegrdlagn1sinssesmadSeuisuiuteyaluya Training
srgynafileannsAaiionseugviaesiegiuteyatuyn Training Asgninisesdiu

wagyn Class vesyndoyailndiusiegranian Ineivuainuiuvestoyanlnanandiuiu K

ar



]
o =

7 AegURIegeil 2.21 Wisuiigusseenaiudeayaiieutiui K=3 Fanuiifiegne @ aglngd

€

AUNAY + 11NN

;5‘1]‘17; 2.21 K-Nearest Neighbors 7i K=3

aa ° Aa v A a a . . =
TnsAnausseemanieuldinniigafeszegnisuugada (Euclidean Distance) @4
LUV NUUVYAARANYA P(Py1, D2, D35 oo Pn) lﬂqm q(q1, 92,93, > qn) Tuﬂﬁgu n un

AN1150%1 59970

DEuclidean(q,p) = (2.27)

e p Aedeyaifainsduunuay q Aetayalulsazngy

2.6.3 Support Vector Machine
Support Vector Machine %58 SVM [84] (Cortes et al., 1995) [85] Tu Algorithm
lunquismsiseusveantaanuuiiaeunlasuanuiletegrunsrats lunumingivesiunis
I JURUUAREAUNSWATMNSTANgY wngdunsianguieyanivuinvesdeyalilvg
L [ v ! ! L= s < @ a £ =
11N 91NN IIduLUInguvselawesinau (Hyperplane) lluduuszdvavesaunisiie

asadunvinguyntoyayn Training Wuyadeyaseuliszuuious uazmlaosinauilduen

AANArRIlBYallAgANATign (Optimal hyperplane) laiasimaudinuuudadunasnlaiduy
Wadulagerdunisuiuaaunisaieinesiua (Kemel) 1ngfl Kernel Function flegnangdai
ety Polynomial, RBF w3e Sigmoid tusiu nann1sves SYM ilunisasiaduniainguas

AUNNS7 2.28

D ={(xyy);i=12,..,n} (2.28)
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e x; = (X, Xig) ) Xin) € R™ Uae y; € {1,—1} lae 1 Avoya Class 91 1 uay -1 Ao

¥

Toya Class 71 2 Faudunisimuanguidinangls SYM Taeit SYM duyadwiieniilandunis

v a

fnaulan aunsanuakenaflins1ulasaaunisn 2.29

n

f(X) = sign Wi 0 (XD (X)) + b (2.29)
k=1
P(X) = [01(X1), 92(X3), ., 0 (X)]" (2.30)

nauteyaildamnsaldfsidudaduntanguladuiiateya X 31naun1si 3 ulienlanie
aunsidunsslailiaggnuiadleglusuwuunianunsaldaunisidunsadauentd lngldinesiua

et (Kemel Function) ssaunisy 2.31

KX, X)) = o(X)p(Xy) (2.31)

do  o(X)  fAellaidudwiuwlaseyanlddudaduliludeyaneglusudaduliaunse

wusuenle, Wy fertwmiinideulesann Feature Space lUg Output Space, b Aorluda

(7 s

(Bias), X; tnwesaninnes g k = 1,2, ..., 0, , n, I1UIUTNNDIALINNDS

Wnsnlglunsmduwdaiaigafenisisiduvey (Margin) Tatuidunuansaesdng

'
[N VR B o

wazasduveunduianuaA1Uayalu Feature Space flnanandsiuidundsniiduvauning

q

v v Y

nandadudunumananwazisondunisnisduiadeyanlndnanannisiiuveuidn “dw
WosANINWBsT” (Support Vector) wavnngudeyaiinisuiuiuanluuiensainisuuawenngy

launsavinlagndedagauysal damudsiesdinismmuadiwlsdmsugensuainuianais

Tnensiusauls & (Slack Variable) feaunsil 2.32 uag 2.33 il

WIX+b>y—¢§ iloy=1 (2.32)

WIX+b<y+§& Woy=-1 (2.33)
1NNINMUAAT & > 0 YIbAlATIET v NN TR INMoTINTUUITIngUsvasAly 2 du

= a 1 v cs' Y a ° Yo a o ‘:4'
ﬂ@ﬂqilﬂ/\llﬁgﬂgLLUQLLEJﬂSLWN’]ﬂV]E‘j@ LLagaWGUEJN@Wﬁ'WWELUﬂ']TVHU’]Siﬂ@quj@ﬂﬂﬁllﬂqﬁ/l 2.34

1 N (2.34)
Mim'mizeE W12 + cz &
i=1

o y;(Wp(X) +b) +¢,-120,§>0,i=12,..,N

a9



[ 1

LazdllAasAdaINSU SYM Hantdu Nleulted 3 vlanlenufe

Y

Handulnaludiva (Polynomial) :
K(X, X)) = (Xx; +7)5y >0 (2.35)
HanduisiAealuda (Radial Basis Function-RBF) :
2 6
K(X;,X;) = exp (—y”Xi - X );y >0 (2.36)
Hendudnuees (Sigmoid) :
K(X;,X;) = tanh(yX]X; — 1) (2.37)

2.6.4 ANN

FBlAsetneUszaidfion ANN [86, 87] 1unszuiuns msadineaniisiassunann
nMshauresszuvatssesudiietUsslenilunisdnduls msvinne msduun way
Bu UuUeslasIeUsEaMIisniiuguasUsEnoUdeieadUsTam (Neuron) s 1 wwad
Fasnseninantnenssumessunsou (Perceptron Architecture) Imaﬁﬁuwmﬁm B
deriunguleUszam 14 (Dendrites) ligwaduszam Wevinnnsuszananauasdnadns
ganIIMaNUUsTEaIM (Axon) lnenisuszananadgldnasinvesnanas (Sum of Product) v8s
Toyadunpuazarimiin (Weight) leussamind dregrswasguiuvaninenssumosiay
nsou uansianmil 2.22 Tnedeya x1 83 x3 Aedeyaduna wi fs w3 Aednminiin uay y A

wAnmlaannsUsEIlanaveYaaUTEam

Input Output
x1 W1
QT S -y
w3
x3
WO
x0

Ui 2.22 Tassemesisunsou [86]

Tassamesisunsouduiugrunasidudunuuvedlasmislszamifiousdndus lu
uITeil L LY Multi-Layer Perceptron uaglddunaun1siious huuwnsgdaundu (Back
Propagation Learning Algorithm) § 438 n1sil @unsaun Ueyunv danugudoula oyl

UsednSan annUpenssumesiwunsousuuvaleduasysenauluaiedudunn (input Layer)
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Yugau (Hidden Layenuay Yute1dnn (Output Layer) Wansanni 2.23 doyadnunazgn

delumwnlutudouiionnasiuveranmuvesdayaiiuasANNTnLanieaunsn 2.38

- (2.38)
y = Z Xi, Wi
i=0

We y Aermasinvewanloyaidn x; (k) waviwiin wy, i Aeduiudeyaidmiodnuiue

YINUN

5UN 2.23 lnseadnginesigunsouluuvansdy [86]

madnsnlaluanaluiindunisudasiienandeya (Sigmoid Function) fisauns
# 239

1
0=90) (239)

Mnuadnsvasturouizgndsludsduiodnnd dudiuvostuordnnazinig
Wisuiflguiuanadniivsznanalduazsadwiidmunedeilinadnsoonsuldiagnganis
UsuAni wiin uidrddldeglurasmesnadwsiisansuld fazidngnasuiunaiFouduvuuns
foundu Fsaziliunszuaunisuiuaniy wifnaundnagldendivanzan Tnsanansamunddann
aunns 240 uay 2.41

8k = 0k(1 — 0 )(Tie = O) (2.40)

(2.41)
6, =0,1-0p) Z Wkl5k
. . Ny keO
WA 8, ABAIANUAANAIATNIANUIUIINTUNAANS

8; ADAIAMURANAIATIAIUIIAINT UL DU
T, AoAmaansIU LY
0, AoANaaNsTIUTEINaNALANTUNAANS

0; AeAWasnsNUsEInanalaanTuLau
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W AeAmimin
k uaz | fosrtiveduuntunadnduazdugeu
Iuﬂiﬁﬁmwaé’wéﬁiﬁmﬂmiﬂizmawaLLazmﬁé’Wﬁ‘Lﬂmmaé’qﬁmmLmﬂshqﬁ’quzmzﬁ’]mi
USuamihmtiniftomantminfiusngauiuaunsusuadhuinuansiaunsd 2.42 uay 2.43
wie = wPld + Aw; (2.42)
Aw; = 8;x; (2.43)
e wrew Aosihminlwfildarnnnsiuam
wol Formiminii
Aw; fedninsasuntas
8; ADAIAIURANAIAVBINAANS
X; ﬁaﬁﬂ%’a;ﬂm}'ﬁuﬁwﬁ’l
i ﬁaﬁi’ﬂmu%;ﬂaL%’m%afim’mmﬁmﬁ'ﬂ
ﬂﬂiﬁﬂﬂﬂu%aﬂﬂﬂﬁﬂmﬂﬂiﬁmLW@%L%U@%@‘ULLU‘U‘MEMEJ%ULL@%I%ﬂﬁL%EJU??LLUULL‘Wi'
Foundu avnszvinsilngou (Training) Inemsusurntundnluaunseiisldranuianaiai
foufianuieldaranuianandiensuldidoldanimdnimungauudafesiluldnnaoy
(Testing) wazvwaans i lavinisnaaevldeuiuseisddunisuvasnienondoya
(Threshold Function) wielldrneviidussadeialanieldly e <07 wie “17fvaunis
7l 2.44

1 if x>T (2.44)
fx) = 0 if x<T
Random if x=T

| o fav v Aa o ¢ a0 Vo

ANATNS 7 b a1nn1sUsEuanaazidu 1 Tunsaifiainadns x JaA1u1nnI1A1
Threshold w3sutaiiounisdnaulainle anadnsazidu 0 Tunsainawadns x de1tasnin
Threshold wW3sutaiiauni1sanaulainlulynazdrauadwsilawinduan Threshold 1911n1s

dunsdnduladnasdu “0” wie “1”

av odd 14
2.7 UYNLNYIVDY
UITIUNTIUNNATUAITINTINNTDEWNUNTVAY UeUTAEITINUNITINTINN
annsdudadununinidelinnuaulaneudrades ewinduwesiivesuaznisasneym

Joyalun1snaaeuiiauegennInauidenianimeuuaus Tugiedue udedunizeanisyi
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AU AN IARSINALUUAFLILAZNTAUBYAIINTLUNAS YR TNg TneftiniTevihesniuy

Y < ¥ a a [ v v £ . 1
sruuliiivdeyaanilownivesingann1sduing wazu1991uenald Tactile Sensor e
Tngmilduaniisaiaingussasalunisuandiuniayaduianieussanaunsiiuinningidesiu

AFUNE 91U DUNINUAH BIATUANFILIUIN LU LD ULAL ATUANLIIGNTT LT 8 Taenaly

q q

g ! = 6

fegefildanunndidng deyamariazgnisanneinudnunresnin uagvnisnzang
foyauunnmoiauinuuiiovhnmslinsgidoya vuifedunsdv, dudauasansing s
vanengudsneuslidunsimunisvauidieniaugd Aessuunalnuvuvesjusud, szuy
Fuwestadumesinduns, Tayusevesin, Wuwesiausing wasidumeseniissdmiuta
GG ﬁwgqﬂ’wmém%m%iwwmﬂ 981N YAE WazUTITNISWAILNSEUUEUAT
Mnduged uaznuiiianaugisruunalnvesiiovusuduazsyuuifumed snidednngu
ufisonsitmuszuuUsunsudmivans Taefivenuileurmannidugesandenauivin
#1499 Hauuufiguanilowmifngiiduia uaznisiamufiofieeideyanndumesonfsd
Tngnss wagnisUszananariildanduwesordisdludnvarresnimainnsduda uagaiud
fautseniauuasrefiwrslundoudu snAdenduusnenduiiiuimuTsunsuiiviing
Anseitstayaiiinniesgidvannmaissuuuy Hednwasivestoyaduam uazthnm
YUIALENLYIINTIATIEY 91nA13197 2.5 1unguauideiiwamn Algorithm dwsu Tactile
Sensor Faanunsautsesnliiiu 2 ngufenguiild Tactile Sensor vunadnmageuiuing 29
mms‘ﬁumai‘ﬁﬁuumLﬁﬂm'ﬁ’mqmﬂLi"nl,%‘sm Tactile Image fjj’i’l Local Shape Tactile Image
duaufild Tactile Sensor vuralvgviovuralndifesiuing 1s15en Tactile Image 97
Global Tactile Image [62] @aulng) Local Tactile Image 13821 Local shape Recognition
[62] 921975 BoF lun1931As12%d2u Global Shape Tactile Image 138111 Global Shape

Recognition 3¢1475 Machine Learning wag CNN Tun1siasigi [62]
Tactile Sensor size <« Object size (2.45)

Tactile Sensor size = Object size (2.46)
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(A) Local Shape Tactile Image (B) Global Shape Tactile Image

g‘dﬁ' 2.24 | ocal Shape Tactile Image wag Global Shape Tactile Image [19]

2.7.1 Local Shape Tactile Image Recognition

Nussanssufitiaueiisatunissiuun Local Shape Tactile Image NANT199
2.5 Wwiuduiwesunadndudadudvesingsusudoyauludouniudld3s sor lu
M5AATIEA FULUUNMAaesain Tactile Sensor 71 Griper udduimguilagiud1ain Sensor

#1¢ Local Shape Tactile Image s easidonvosusasaudusai

1wl 2009 Schneider wazAwz [63] 14 Tactile Sensor WU 6 x 14 Pixels %399UA
MBATW 24.8 x 51.4 mm? 1uau 2 FuRediu Gripper negauiuing 21 wia 19 Vectorize
Feature waz Model BoF @dld K-Means Clustering {usadn Cluster uazld Bayes 1dusdn
Class TWinnugnies 84.6% iladuing 10 ade

Tud 2011 Pezzementi Wagnaaig [66] 19'n15 Simulation Tactile Sensor 7 4
Resolution LYy 6 x 6 Pixels kay 19gd1uiu 10 vilaii enaaeu 1435 BoF naaeufy
Feature 6 WwAllA Usznaunig Vectorize, SIFT, MR-8, Moment-Normalized, Polar Fourier
waz Moment-Normalized Translation-Invariant wazld PCA \usiaandfidoya 14 K-Means
\Jusdn Clusters wagld Descriptor Comparison {ufiin Class dlevihnsmaaeatieuiioy
UszAnsnmlasnisuiuadautsuainuats wuinimada Polar Fourier Tikaffign annbuld
NAFDUNU Wuwes PSS DigiTacts 1Ju Tactile Sensor @wsuvinnsindaegis dvuaduwes
Usganal 1.2 cm? uag Resolution WU 6 x 6 Pixels nageufingiilufisnus 5 # wui

Tun1991894n15%197U Descriptor WUy Moment-Normalized Translation-Invariant 1#uaf
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an wilun3mMAABIIINUTN Polar Fourier Wnafinfigaiinnugnéios 90% An1sduiasetng
60 A3

Tud 2015 Luo wazmmy [19] 19 Tactile Sensor ¥u1m 6 x 14 Pixels %5 0v110
NENIN 24 x 51 mm? Aadaiulaeusuriueus naaeuiuing 18 ¥lla 19 SIFT Feature way
Model BoF @414 K-Means Clustering t{usadn Cluster uazld KNN 1usihda Class Taaugn
#o3 89.98% Liladutng 15 ade

lul 2016 Luo wavany [72] 14 Tactile Sensor ¥u1A 6 x 14 Pixels W383u1A
N8N 24 x 51 mm? Aainiuuatguvuviueud nageuiuing 20 vila 1933 Iterative
Closest Labeled Point (ICLAP) 5917U Feature Zerike moment Tun133tA3 2 iNaLAZ TR
Class TWinnugndtas 85.36% wiedutng 20 ads

Tul 2017 Falco wazane [73] 14 Tactile Sensor 9u1A 6 x 6 Pixels #3aUUA
N8N 50 x 50 mm? AaiduwvulaleusudanaInnssy nageuiuing 15 ¥ia 1435
KNN 323U Feature Cross-Modal Ensemble of Shape Functions (CMESF) Tun1saasiziina
wazdn Class TWAugnies 94.67% woduing 30 ade

2.7.2 Global Shape Tactile Image Recognition

NnuIsTnIsuTithiauafieafun1ssauun Global Shape Tactile Image 3Mn#157147l

Aa o !

2.5 Munudugesvuning selndifesiuingdulaingdaibilateyaldadiunoudieas

[y

A ) ) a f a A ' ¢ v
LN@L‘WU‘Uﬂ‘UGUU']@I'JWQ EULLUUﬂWiVI@a@ﬂ%%Vl@I Tactile Sensor WLL%UW?@N@T@QVEUUU@ LLa 99U

£

TRl 981uA1910 Sensor At b Global Shape Tactile Image 31N UlEI5ILATI¥YIAIET

b

Machine Leamning %38 CNN 18agidenuasurayaindusiail

Tul 2010 Gorges wazatug [64] 14 Tactile Sensor 4uA 4 x 7 Pixels 91UU 9 Fu
Andniuiieveaiueud Juing 7 fin 14 Moment Analysis Feature uay SOM tUudadn Class

IaugnaessEann 80%

Tud 2011 Drimus warmae [65] @519 Tactile Sensor UM 8 x 8 Pixels 91UU 2

v
a a LN

Fuiad1iy Gripper vasviueusd Juing 10 ¥iia 14 Statistic Feature (Mean, SD) wag KNN

Judadn Class Tianugnaesuszunn 92.0%

Ut 2012 Bhattacharjee wazatug [67] laAn Tactile Sensor aum 24 x 16 Pixels i

LYuYasueud l9n1sindounvasuruviususindoundulaingdiuiy 4 Class wag 18 Class
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14 Statistic Feature (Maximum Vector) waz KNN 10usadn Class Tianugnéosil 81.40% (4
Class) wag 72.14% (18 Class)

Ul 2012 Liu uazanig [10] é@ads Tactile Sensor wuuidiudfielviruiiovusus
Shadow Hand uigesiivargauianszaesnuiiiie uazdhilo naaeuduing 4 Class uay
1935 3 x 3 Segmentation 1% Filter uaaudassadu Vector Input 14 ANN Tun15dn
Class TinugnesUszana 91.0%

[ o

lul 2013 Datta wazamy [68] tnvin1snaaedlagt1ingd1uiu 10 Class 11nNAUY

Tactile Sensor U9 32 x 32 Pixels 1935 Haar Wavelet @1%5uUvi Feature Extraction wagly

KNN LDA uag Naive Bayes Tun13dm Class wuin3s KNN lsirnannugnéiossnniianogd 84.0%

Tl 2014 [57] Liu wazamug [57] laviannsasna Tactile Sensor 4119 10 x 10 Pixels
38 20 x 20 mm? uasveaeshinguinaasuuduges §1uu 12 Class uazld Kernel PCA,
FD way GE duSuvin Feature Extraction wagld MKL-SVM Tun158% Class wuinwaiilalsien

ANNYNABINNTIGABEN 85.54%

Tu¥ 2015 Cretu wavAy [69] 1Al Tactile Sensor 9119 16 x 16 Pixels Anmauy

[ &

fovasugudlarIuTngMiuguilavuazd19nys 313U 10 Class waz 25 Class U1 Data

Vector limaaausing ANN wuia Tiaianagnieunniignegi 98.6% (10 Class) waz 96%
(25 Class)

[
(4

lul 2015 Schmitz wagany [70] laRnAs Tactile Sensor Ns¥A18A7I0E UNT DYDY
Viueus TWENDY-ONE nsluduiliflouazehilosiuviavan 241 qa naaeafuing 20 Class 19

Vector Yastayana 241 Joyaiimaaauaig DNN lvanugndesiunisandiing 91.1%

Tud 2016 Liu wavmaaug [71] 19 BarrettHand G?I!Qa@@?ﬂ Tactile sensor 15171'5353@ 3 5’3
UM 8 X 3 Pixels 5’;6}3@;@ wazdidhilovwn 7 x 4 Pixels Sﬂuﬁqqm sanduiavan 4 Al
n1nAaeaduing 10 Class warl438a$19 Data Vector mndayaiildanifusesiiindun
nmﬁLU?UuLLUaﬂUﬂsz%’Ui’mq wazldi5n159m Class WSguwiau 4 35Aa KNN, SKSC, CKSC,

and JKSC wui1 JKSC Tienmnugnsiesgeiianagd 94.0 %

Tud 2017 Albini wazamg [74] 14 Tactile Sensor YU 768 pixels AN UYUYDI
Vugusl Baxter naaaunuing 2 Class lagvin1siUSeuisunasening BoF wag Alexnet-

DCNN mu3n AlexNet DCNN Tiannsgnsiossnnninedil 98.3%
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Tul 2017 Gandarias wagamy [75] 14 Tactile Sensor wum 28 x 50 Pixels Anil
Uaneuvuraviueusd AUBO Our-i5 nageufiudng 8 Class IngvinnisiUSeuliisunasening BoF

uaz Alexnet-DCNN wuin AlexNet DCNN Tsfaanugnéossnnninegd 91.6%

Tul 2019 Gandarias waganu [76] 14 Tactile Sensor wu1A 28 x 50 Pixels fAnil
Uanguvuvariugud AUBO Our-i5 naaaufiudng 22 Class IagyvinnisiuTeusiisy DCNN 11

Model wu3n RestNet DCNN T¥nmigndesannninedil 95.36%

a o

2.8 SN IuUIed

v

CY 4 d' 1 a o d' o v . o o o
PAWRITeN 2.7 WUINNUITENUILEUDAITHAIUN Algorithm @11 UNITINNIAE

o

NASEUE Nllauen1sUszulanadeyailaain Tactile Sensor Array dn1sWaLI9E1e

AoLDY WAUANAIUN Experiment Ul Humanoid Robot Hand sasudun1slaiiasngianaeis

[
K'Y

Tactile Image Recognition fitawunn [10, 64, 69, 70] muuluaﬁmﬂﬁuﬁLﬁm%ﬂmﬂwm

Junuiiveassdnvasdudunisyi Simulation [66] Wienaassuu Experiment 7y Griper
[63, 65, 711, Industrial Robot [19, 72, 73, 75, 76] vuvesvjugwd [14, 74] vienaingasuu
WWuaslaunsa [57, 68] Lﬁwﬁm?{mmwmﬁmﬂ WazU9I AR89 U89 Humanoid Robot
FedunafildFadunadesduiigsliliinnussandldiu Humanoid Robot Hand 434
INAULANANVBIVUIA Tactile Sensor FUAAGNWULNITIATIEN 2 JUKUUAY
YUIAY04 Tactile Sensor Aevniduwasdvuindnnitinguinisnssn Tactile Image 941
Local Shape Tactile Image s fild Tactile Sensor vuslvgvevualndidssiuing 151
\Sun Tactile Image 171 Global Tactile Image [62] @1ulngy Local Tactile Image 138n31
Local Shape Recognition [62] 21478 BoF Tun1s3tasigiiaiu Global Shape Tactile Image
3un31 Global Shape Recognition 91433 Machine Learning waz CNN lunisimsizei d9an
swnewhasaagUlFinuild Bor awnsayauldfdu Sensor 713 Physical Size w1
dnuazddnuiu Pixel Yoo vsorduwuy Low Resolution Tactile Sensor (36 Pixels [66], 84
Pixels [19, 63, 72] ) waziiinsanil Physical Size vuAtEn Samunsfun1sinasfiiadense
Griper @335 Global Shape Tactile Image #1435 Machine Learning wag DCNN 9¢@131158
viawldd AU Sensor A1l Physical Size vuelveg) (vurnlvgjanansanasuay Global Shape
Y833 lau1nndn) warderunfilng3eTnidu High Resolution Tactile Sensor (768 Pixels

[74], 1400 Pixels [75, 76]), wiluaulssanssuiiniug Wuwesndvualugiiuludslidmans

57



FUn15A AR aLW AU Humanoid Robot Hand wazlu Experiment vosauf 1@ as sy
Humanoid Robot Hand I@EJL?{EJGIU@W%’\WI& Robot Arm [74] wag Industrial Robot [75, 76]
soulumswannlundded

1) leiauensisiu Tactile Sensor Array @115U Humanoid Robot tHuwuu Full
Hand wuulmififilassadanuy nsvarefnuqaduianiag vudnie Tnsvhnsiadauugadle
dnfuanaldliiu Humanoid Robot dsiUssAmBamaendt Sensor fiinduissgaieaiivas
iwiderdio [6, 7, 8, 13] uaxil Resolution g9n1 Sensor LULRALAE?

2) nAaaun133n91Tnna1nn1sTuinalude lnenanasuduls Local Shape
Recognition L3 uLEuAU3s Global Shape Recognition

3) dnauenis14i8 DONN dmfunisandringainnsdudailéan Tactile Sensor
Array LLUUIWJ'TE

4) iaweslunsiinuseansaim §ensvii Resolution Enhance

[

5) wmaaumuﬁuﬂszﬁm%mwhmiamﬁLﬁaﬁmiﬁwmﬁmqmnﬁuﬁwmﬁmmq
MmEJﬂ%jﬁ 1ne8 Maximum of Probability &z Summation of Probability

6) nadauUsEAnSAwiU DONNs 19 Model 1l aUszgndld Model Afiuszansaw
8960 uay

7) thmseaeuiildluussgndldiy Humanoid Robot Hand 1933
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5. NM5399130e1NGueBswUU Glove Tactile Sensor
5.1 M3nAapIdanasiukuy BoF dmiuiduesuuu Glove Tactile Sensor

5.2 N1INAABITANDSAULUYU DCNN d1vsudiuleasuuu Glove Tactile Sensor

3.1 manadavaNuRgiutody
Tushdeiiiingusrasdiiiofnwinalnnsvhauressyuududavesdonyudidutiugu
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3.1.1 FBNINAABUNITINININGAIN Tactile Image

q

& & v (%
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Y

' [
(Y a v a
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fifdeyaisanunsaanaslidulunudiusiieg vesdiile dagui 3.2 (8) 16

(A) N3Iuinguasilonyue (B) Induiawazduvesilonywd

v W

JUN 3.2 msduinguavnduiaveshileuyud

Wodudanuingla azdiusennsgyinuimtsludumian duda Weotsvinniswus

druvesimiliveslevzanunsawudbmdudiuniugy 3.2 AiumnyinIsinseinasaIuse
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wusdnvesfiadudiug ierhdeyailludmszild Tunisvaaesliddddnvasdoyanlaain
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Uszannduiniamiavesile wazddeyanladilviinsgvmeasuiiames dwulunisaniiuay

WARIRagUN 3.3 Fedlandusiail

!— Machin Leaming |
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1 Desciiptor —> Feature |
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i ANN

! Supervised |
I Nae INNS V(@) V=K N_ . ]
!_ Machin Leaming v sz |
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' |
| Label n |
L

UM 3.3 M3andununsandringannisduiavesideuyud iy ANN
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3.1.2 IQUaENINAINANTHUEE Object way Tactile Image

N1585190 % Tactile Image ‘1/I'1ﬂ’]i‘VI(ﬂaENIWEJIGUQJE)SJUHEJQiQﬁ’JﬂJﬂQNQﬂi SANYLLAL

[

’W]Qﬁi yureddmsuUseriunsiel) arnunisasie Tactile Image ﬁﬂ%iUﬂ’]iVI@l’d@ﬁ‘NLﬂu

ﬁe
me

408
=he

14 A
1. FINPUDNTTANY

ddw

2. IUYEANIAG

[y

3. Angadlonsyauiaz Ul ing
4. aununwERaTLe
Weafagateyalunisvegeuiilldinginuiu 15 Ju Usznauaig Yanluil, gnuun

fudiy, 4nen, 91w, 93, wUse, Iludunssunn, Usewa, wusedily, aznin, n3ay, Sluneeulnga,

ddv

wAINN L, U2 waznaesnszany Wedudageduing dningesindeunfidnuazduy

ANAUENYULVDTING FIFUTN 3.4

Y

;f )443& i
!‘"‘T

(A) T0 w‘Ls’u”Lumimaau (B) Uszua (C) Tactile Image

gﬂﬁ 3.4 T9quaz Tactile Image

L

lnsn1sdudainglusuniesineg weiuamlaeseuingaining 15 4u vinis
NAFOU 40 NNsiaingTeazlanInyiania 600 A1 wazINsALNUANTLIAINNTTUTRgAY

iwsesERNUAIN nUuTufinasreniusesiielugadayadiviunisveaeu
3.1.3 Descriptor

n15% Descriptor Liefs Feature 911w Tunsnaassillaviins Descriptor fag
N15UUSNIN wazass Data Vector it ovdudaunuaastoyaniun1sminasinvestayaly

mwuammmla 75115911 Descriptor Ha1Aunsil

1. ANSLBUSATUAN
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1101w Tactile Image #ilduuualudiugesnudnuarvesddondudaingiagui

3.5 F9EN319 9T NWUINNULNUUD IR AL TawUI0aN I TU 15 @24 WALUNISNAADITLT
wuseonduauuuu Ae 15 @ 20 d@rulag 26 @ Wevinsuusaglanmgess Alaainnis

wURdU 15 A 20 AINLAE 26 AWAINAISU

JUN 3.5 Msuusdiuveshiioliu 15 dw 20 dauuay 26 du

2. 11 Feature Extraction

nuulunImgae g AgawUanduiaAnesTayadIuILLIN Favidudiuiu

pixel vaan lunuildisnsmuasiuvesnindesiieandiuiunawmeideyaat nadinaduy

ALNUTBIUBYaRY NIMANATINTBINNGYALTaMILAINANNITN 3.1

N.M
F= z x] (3.1)
07

\ilo F flo Feature ldansasiuvesnamesdoya uay x/fenamesioyalunmeosdignuua
3.4574 Data Vector
MnuthnaT eI mitléiunadis Data Vector iiaifusunuvestoyaveud
sz annswdsniuninges 15, 20 uaz 26 nMweoe alel Vector 1w1n 15, 20 waz 26
nnmesmuay fagUil 3.6 udIFesdduTeyaINAesIiladLiunng Training iU ANN %
91N Data Set Viamum 600 nwvin1sutsoonidug Training Set 50% (300 A1W) Wazyn
Testing 50% (300 A1W) WALYINNITNAADU 3 ademunisulsdrudiossndu 3 wuu Ing

NAERUNUN13Y Descriptor 15 Feature, 20 Feature wa 26 Feature ANUAIAU
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[FrfF12fr21[F22F23lF31[F32]F33[F41]F42lF43Fs [Fs2Fs3lp11]

(A)
[FrilF12fr21[F22]F23[F31[F32[F33[F41[F42]F43lFs [FsaFs3[p11[p21[p31|P41[Ps1|Ps1]
(B)
[FulF12lF21[F22[F23[F31[F32]F33[F41[F42]F43lFs[FsFs3p11[p12[p13[p21lp22]

[P23[p31]p32]p33[P41[P42fP43 (©)

(A) 15 aMngay (B) 20 Aneay (C) 26 AMNgpy

35U 3.6 N13a314 Data Vector Amansiwuasumiarile

3.1.4 Training Way Testing SEUUAE ANN

TaseteUssamidisuiildlunisnaaeudunuy MLP Lﬂugmwwﬁwaﬂmwﬁa
Ussamiteuiiillassadrafunuumansdu uisnssuiumsyieudy 3 Layer Ussnoudnedu
duns (Input Layer), Fugay (Hidden Layer) LLaS%‘ULEﬂVMM (Output Layer) lasst18uszam
enwuunanetuildluedsodusuuilanesiisa (Feed Forward Back Propagation ANN)
flassaths feguil 3.7 Ysznaulude 3 Fufle dudunm, dudeuduu 40 Tnun uasduioving
15 Class Fvonuuusnlddmiunmmeaounisandringanmsdudalaeld Tactile Image Ald

A 6
IMNUBUYBY

4\ Pattern Recognition Neural Network (view) — 0O X

Hidden OQutput

Y

5UN 3.7 lasethedssannieunuuraeduinliluanuidel

3.2 Tactile Senor Lag msaﬂﬁﬁmqmn Tactile Image

3.2.1 WM IMAFBUN5ANI1INGIN Tactile Sensor

¥
a v

Tudeliifnguszasdiilefinwin1vaIues Tactile Sensor 2495871UAN UAZATS
andringanmsauianuszgndld Tactile Sensor 91n91W3TBYRs Drimus wazAmy [65] Tt
2011 I¥oonuuuiduiensonsiss auin 8 x 8 pixel $1uau 2 Tuiinudifu Gripper VDIV UYUA
Aduwesinuanianenaiiels3@aiiv (Piezoresistive Rubber) §uu1a 25 x 25 mm? 1395

[

guAnduesldosnuuuuuiiugiululasreulnsaiassiues dsPIC33FJ256 uaznnaeiduing

9
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10 ¥ile ntld Descriptor 35 Statistic Feature (Mean, SD) uagld38 KNN 1Judadn Class
flusuilianugniasegfiuszanas 92.0%, Tul 2017 Gerlach uavany [60] Ideanuuuuay
#5199 U1w03815159 8 x 8 pixel VUM 100 x 100 mm? uaglaly LabVIEW and Arduino Tu
nMse1uAduwes wazlul 2019 Ramalingame wavauy [61] lnponuuunasasraduiyes
915158 4 x 4 pixel W9 10 x 10 mm? waglald LabVIEW and Arduino TunsenuAduees
TuauilFslévhnismaaasnissiua1es Tactile Sensor #2g Arduino #a3Ufl 3.8 uagsiinis

Classify fmqf\]’m Tactile Image Plglaonisasi Descriptor 35 Statistic Feature (Mean, SD)

wagyinnuTINAUIs ANN fsgui 3.9

Descriptor —> Feature

|
4 |
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Supervised |
................. MAIN. . ]
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Machin Leaming 4 Es |

Class

Label H |

| Confusion Marix 1

Descriptor  {=—Jp  Feature |—Jp»/ ANN ] |

U7 3.9 msaiuanumsandingainnsdudalagld Tactile Sensor $aufiu ANN

3.2.2 Tactile Senor La¥I99501UAT

[
A

gunsalnaniildlunissuusinafe Tactile Sensor array lusuideiidenldidues
299 SNOWFORCE 39U m AoaUU x n a1 AU 16 x 10 pixel F9LanwuraIgun 3.10

Y

A15aANNgUasiuLuuLns NG Usenauluserianun 16 Aaduy x 10 wad d99zladuiu
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pixel Wenuadu 160 Pixel YUIANIINIBAINYDILFUEBSLUIAU 80 x 50 mm? Feflyuin
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Indifesiudnile wazanuasideaiismelunisiunminguuinlndidesivideld Ndmnly
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q

WGulwasuu1n 16 x 10 Pixel lunsag pixel vauglaifiusalae mmzﬁﬂmmﬁmmu%agﬁl
Uszanai10 MQ anudusiudvosussiinszvirdumanuiuniuvenduisesuansiagud 3.10
eflusannsyyideiduwesvuin 1 kg/em? anudnumutesduesazanauvdeUssanm
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35U 3.10 Tactile Sensor LagNIMANUAUNY

ANAUAIUNIUTD T USRS ALSav lAanaNnIsT 3.2 [89]

Ry = kF™ (3.2)

Y I3 ! a' P a a o i o o = aa o =
ek L‘U'LN’W?’N‘VIGU@\V'UI@Lll@]iﬂﬂ@u@%ULLagﬂqﬂjqﬂququusﬂ@\TJaﬂLWEJI"U?"'UE"WW ey F A9

AsInnszybAnLsINAUUT URIve LT ueTduA1 n 1uATITuediusTsNYIATDIAINIT
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] [

driuteyanmluruideilldveinlulasaoulnsames Arduino U mega 2560 @

[

nuEAIgUn 3.11(A) waglitaulusunsuiiariiniseruaiandugesuuvawnu lnems

pd)}

104970 16 Aodutvudueesidniuel Analogue Input Ay — A;5 Hag¥iNNIsNNTALA
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nseuitazknilaensredyaaluudazuaadifuen Digital Output AUATUIK 10 4a3 3993
U uusadeyeyras (Signal Condition) 1915 uiad1usinad nsgyhuudduies 1Yuaeasd
aaﬂLmuuuﬁugﬁusﬂamqmuﬂqLLsdé’u (Voltage Divider) %qmﬁmwnmmﬁqgﬂﬁ 3.11(8) lag
Aruduweslundadfiunvinzdanuiumuiivasuuladununseiinnssvillaefianay
fumuveaduiesazegil 10 MQ -10 kQ wazseaynsuEiuffumiu R Aasivwng 100

kQ ANPNUEIN9YININANNNTAM EARNNALNIS 3.3

Analog input

(A) vasalulasmaulnsalans (B) 19959 UA NG ULLDS

UM 3.11 veinlulasaoulvsalaailay99senu

; ( 255R ) (3.3)
, ~ \kF™+R

e I AsArAududesdygialuszau 0-255 vaizdungy F 1nsyyiiley R ADA1ANNeIY
Munseluds

nsasenmaInnsdudadloviniseudyaaanluday pixel veudumeosudtih
Toyanlaundnisesluguuuudyagaaedifnusluuuieniunisdnnudueesazliuming
v [ [ s = c{'é‘l’ [ a s [ PN 3 o ¥ a
Poyavuiainiudues dduniastuuminduun 16 x 10 asaunisi 3.4 nduihdeyad

lwdondudeya 2 TANTAvanduauduvesnmaglidunmiinainnisduda

xil) xiz) xim)
I ORI (54)
x,(ll) x,(f) x,({”)

e I Aenmainnisdula x Aerfienuldainduiresinay pixel
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3.2.3 InguaznmannnsduiaInguay Tactile Image

nsiiudeyanimlavinnisneaeuszuulaenisuiing 10 giafowiiun, annadi,
¥, Flamnealnga, Uszua, Ussuannivdoy, Wignuiard, wimssanamaes, wimsinauen
wazuvisgUnsss vhnsdudaiaguiterfunninglussunudufesinguingliiiansaey
s yhnsdudatngas 100 afe desuldniwainnsdudanemunsiuan 1000 W TuIATes
amlunsazamiiawin 160 Pixel 910 (16x10) Wiendendunnle Tactile Image dnuauzds
U7 3.12

\}.

— - -—

(B) Tactile Image va3ingUszualuyumiag

5UN 3.12 Tnquaznn Tactile Image

3.2.4 @519 Data Vector
N1964 Feature 9n21nA NN ot dufIunuvesnInduly 2 35Usenausig

ANaaeYeInIn (1) Nladsassamlalagaunisy 3.5

1 N,.M
j
e _z x; (3.5)
NM L

wazludiue Feature Niaosduandsauuinnsgiu (s) 904 pixel voanmdsldanaunisi
3.6

N

1 N,M
_ j_ 02 (3.6)
S NM —1 Z(xi ‘I.l)
LJ
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AnafgveInmduialavslirssinuveusinalaeriunldiununduda g
U ‘d‘ ¥ d‘ o L L% ‘d‘ a g d‘ U = aQ U N
AleasiUdsulumudruiuvesadudaniiatuiiosninuieinglusinngedudanaiegn uns
T rduSuuadulan degndduinananyme sUs 1908 ing NuANANi Y wazA1diu
WDesuunnsgudunisesuisdaszanudiuau pixel Tldannsduda Insnszatevews
wnuietey Meaesnuanvuziilunisanifvestoyaaindeyansvan 160 Jeyasaninivie
2 Yayaren i ntuithuihnsiasealunneesdeya Z audiuauninianun N ames

AN 3.7 wazauNNTT 3.8 wari i MedeUNSansI8283s ANN
Zu = {jig, Uz, e, Uy } (3.7)
ZS = {Sll SZ: "'rSN} (38)

3.2.5 Training wag Testing SzUUAE ANN

lassvrguszamiieuinldlunismaaesd Usuusaanauluiide 3.1 degui 3.13
Usenouludae 3 Yufe Tuduns Muua 2 Tayaranin, Tuteudiuiu 20 Inun wastu
@19NA 10 Class Fepanuuuinlddmsunsnagaunisandiingainnisduialaely Tactile

Image 71l#a1n Tactile sensor

4\ Pattern Recognition Neural Network (view) — O X

Input

(]

o

UM 3.13 laseguszanmiieaiuuvanetuilalunuided

3.3 MseanuuuLduasuuun

faudfenatsufivihiniseenuuukazasns Tactile Sensor [9, 22-44] & 9in13
2ONLUUKAZES 199NN NNSVLTinatnuane [22-64] Uszunnudawes Tactile Sensor 7
I Suaudeuiosnnillaseadefidewazisasnisieulddudeudie Tactile Sensor wuu
Piezoresistive [9, 32-34, 51-61 ] wi wu31lusui Sedildvnauensumitddynns o
Resolution Wag Physical Size 484 Tactile Sensor Limsnzaufunisdiuniag suuileves

Humanoid Robot [9, 34, 51-61] Tuarufid aladiausnisesnwuuid ueaswuuluyf i
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vy
v

Resolution tag Physical Size wnnzaufun1sihluAafiid deuss Humanoid Robot Lo
Usguananis Recognition @2835 Tactile Image Recognition N1 Usz@NS 1w Taawaiun
Tactile Sensor WUU Piezoresistive Unfiudan1500nuuy Electrode w94 Tactile Sensor LUt

Piezoresistive daulugidunuu Circle Electrode fa3uUf 3.14 (A) [52] Tusiudsinauenis

[ '
Y a A I Y o W

9ONLUUTI Square Electrode A33UN 3.14 (B) Fea1u130an Dead Area asla Auvtiduda
Aty InefuRnindulaves Circle Electrode @1unsamlaannaunis 3.10 wie R A Radius

uag NuNvThduraves Square Electrode gnansamlaainaunis 3.11 e d AsAuning

3.0 mm ‘ : 3.0 mm

i 1.4 mm
-

c 1.4 mm ;.
-

3.5 mm

R4=0.1 mm
(A) 97 Electrode Wuu Circle Electrode) (B) 91 Electrode wuu Square Electrode

gil‘ﬁ 3.14 9 Electrode 494 Tactile Sensor kuy Circle Electrode Wag Square Electrode

ASAIUIUNUNNUNdUNAYeY Electrode azidudrudiuianizaiuiidusiti ininas

anunsavnuenIzauilaanaunisa 3.9
A=A, — A, +A; — A, (3.9)

(% (%
0y

Fatiuagléiiui Active Area 994 Circle Electrode 1iu
A = R} — R5 + nR5 — nR} (3.10)
wazldifudl Active Area wos Square Electrode Ju
A=df—d; +d5—nR; (3.11)
nmsfuuiiufivindudages Circle Electrode vouduiwesluzuil 3.14 (A) Wity 8.3692
mm? g8 Square Electrode Tugufl 3.14 (B) winfu 6.5665 mm? dau1nninuuuusn

21.45 % Felirnulvesdumesgendt Welimsdudavesingnsyivedues
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wazidlofinsdudanuidugesuauisdunlugun 3.15 Nuiivsduiigndudaanunse
mlaa1naunisi 3.12 waz 3.13 nduiiiunlussasanldunuluaunisi 3.9 wemiiui

lanzduu Electrode

R? s am an (3.12)
1K L .
2 (180 st 180)
LA
R—h
v = 20051 ¢ _ ) (3.13)

Wi R1 way R3 Wusaivesdianinsanisusniaznieluniudisu, R2 wag R4 AasAlived

1 1 o w & A Y a £ £
TYDITNUALIANUATAY, UBNAINU hl way h3 Aesvesdudavesdianlnsan uuenLasA1uluy

]
al

MIUEIGY, h2 War hd AeTrurdUNAve9909I1UArIANNETAY, R A radius wae h ABsvey

Y

UNE

Outer electrode

Inner electrod e

JE

)
l ¢h4\\\\//f/¢R4R3
1
A1

SRR O/ v 2|,
AN A0
— \/ Y

3.15 WuNdueaU19dIuYas Circle Electrode Sensor

h

=p

U

SUT 3.16 waneil ufl Audaveuduieasuuy Circle Electrode uazkuy Square
Electrode, (A) 1ilofnsdudail 25%, 50%, 75%, Lag 100% A ns1udng uaz (B) ednsg
duladl 25%, 50%, 75%, and 100% 9yl WednsduiaiiduimesuAusdaunisAuIue
% Contact sia Active Area WioiUSeuifisuszning Electrode 1 2 wuunadilgnuin Square

Electrode fdnau Active Area m® % Contact aﬂd%mmﬁ\‘igﬂﬁ 3.17



100%

S SN

SS5SS
8,
'{\ .

N
\

]

a
i
O

S<

Touching from the side Touching from the comer

(A) (B)

(A) dlefimsduiail 25%, 50%, 75%, uag 100% NFIUTNS

oA

(B) Lﬁaﬁmsé{’maw 25%, 50%, 75%, and 100% 31Ny

Y <

5UN 3.16 Wunduiaveaduwesuuu Circle Electrode wagliuu Square

L |——=—Square F]ectrude%

Circle Electrode :

e s}

L

r + o

Active area (Square mm)

—
—

0 20 40 60 80 100
% Contact (%)

JUN 3.17 Wisuiieudnaau Active Area sie % nsdura s

Iuwuﬁlfﬁuma%aamwmﬁ uwila Piezoresistive 19 Conductive Polymer g e
capLINQ (5%& MVCF-40012BT50KS / 2A) 10U Piezoresistive WUUWH UL A14%U1 0.1 mm
LaYANFIUV LU 50,000 Q/cm? lassas1evesduaasidmalulad PCB lngldueu PCB
Y¥Un Epoxy Uu Substrate fiflaa1uun 0.5 mm wag Electrode Wy Cu avumun 0.2 mm
YU Au U 18 um %’J Electrode Tasuniseanuuuiluaua 16 Row x 16 Column Electrode
enuuudiu Square Electrode Litoan Dead Area maaﬁumaﬁaﬁé’ﬂwmzﬁqgﬂﬁ 3.18 (A) lny
Juun Pixel voifuLgosIMnA Y 3.25 x 3.25 mm? §i External Electrode vu1a 3.0 x 3.0

mm? wazdl Internal Electrode U@ 1.4 x 1.4 mm?2, 389319581319 Internal kay External
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Electrode #19A U 0.1 mm wagse8si19voudulgasunay Pixel LMIAU 0.5 mm IU1nv09
Sensor Array U 56.0 x 56.0 mm? fauandluzuii 3.18 (8) Tuzudl 3.18 (D) uansdu Layer
GUENL%uwzja%ﬂizﬂauﬁaﬂ‘?uéwqmL‘fJu Substrate Layer vy base way Insulator, udn
unduduves Electrode Layer vuei1iitdu Conductor I fufuimedusassa, duil 3 10u
Conductive Polymer Vit Piezoresistive BeAAnnudnunuaziUasunUadlunuuseiian
nsein, waeduuuaadutandangu (Elastic Overlay) vwdfifudfuuasdaiiunsslud

Conductive Polymer

56.0 mm

“ 13 E 5 [ (8]
EEEREEE
DEEERE
_____________ IEEEEE
A g GEEEE
BEEREE
g E HERRE
...... g Fae) DEREE
:‘-'33 O BEEE
L al@lele)
I0EEE
Y DEE
BEE
HEEBEE
DEEEE
v pREEEE

i 3.5 mm

(A) vUnUDY Electrode

o

(O) uku Conductive Polymer (D) N15UsENRUTULDITSS

Elastic Overlay

Conductive Polymer
Quter Electrode

Inner Electrode
Substrate

Side View Top View

(F) Tuvaudusas

[y

JUN 3.18 Wuwesiildlumsidell
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nnuuldvinMmegeuuandivendugesnesnuuuluaieil vl 2 diufie

LY

AautAfuAIsuIuAAT Y WeSisunnseh waznw Tactile Aldidedinmsdudatng
Tneviaesdiuiilfvihing Setup Experiment fishefuisiiseaziBandai

3.3.1 Sensor Sensitivity

Sensitivity {un1sianantRF e uiumuiAetuseussiiunnisyih anunsas
1#lann3 Setup Experiment fs5uil 3.19 (B) Fsgunsaifildusznaudeinataussnn (Force
Gauge), guUnsaldILss (Transmission Rod) §vunedufiviiign ua Tesiudiaed (Ohmmeter)
dmduiamanuiiuniu fesandiuau Element vouduiwesiifs 256 Pixel lunsvaaeulu
adsiiisinsansumismaaeulvinyan Ssdumssirusiumisuansdssud 3.19 (A) utangy
lunisnageusandu 3 ngu fe 1) Wuwasdundsyuusznousieg C1, C2, C3 waz C4 2)
AWNUIAIUTS USENBUAIE S1, S2, S3 hay SE way 3) AwntansInasusensenls M1, M2,

M3 ag M4

l AEEEEIEEEDE

(A) FUAUIA TR (B) 1A30aslaN Y

UM 3.19 N353 Sensitivity veaduiges

3.3.2 Tactile senor waasasdmsusiuanduwes

N1581UA197N Tactile Sensor Array lduasnlulaspaulvsaiass Arduino 31 mega
2560 nsviuazidunsasnuduwesluuday Row lasnisaauau Output ¥4 Digital Line
7 Row voudugesuazyinIsawnuLaze1uAl Analogue 910 Column veaduwes d1dunis
vaulisuanty Output W@y Logic 1" Ty Row fifiean1senuan uae Logic "0" Tu Row Bu
(0; = 1), (0y, ., 041, 0441, -, 0, = 0) 270Ul Analogue Port i 5@ o8 1uAN
Tuusag Column wagld A/ D LﬁaLLUaQLﬁu%’a%aﬁﬁmaaLLazda%’ayjaiﬂé’qehumiﬂszmama
FrenouRinnes 91nTunIsaRAY Digital Line Tusunisdaluauninagaunsasiuanain

Wuweslaauasuiaun TudiuvesneuiiunesSulnvounsuseuianatoya M9dIunis

74



wARINa Tactile Image Wag Recognition S¥UUAMSYINIULAIAIFUT 3.20 uazlusunsuiiimun

dmsugularllATIEiNangUR 3.21

Mux
Digital Scan
(Row)

Mux

(A) GUI vaslUsunsudmnsuanual (B) Tactile Sensor Array

5UN 3.21 GUI veslusunsudmiusruaiay Tactile Sensor Array

o w

drudAyvod Tactile Sensor ABAIUTDINIAIUVUNLFTUNITNTLAIBUTING NI BT
[ LYY <

a & a % d' aa & NS a CY A o & o 1
SYNNVUNINUINGTUN 3.22 IUﬂimWL%UL‘Zj@ﬂNN%UN’JﬂUQ LUDINOAUNAIIUULYULYDT AU

yuaaveinguzduda Pixel ln Pixel nila 89 Pixel Wwanidudisuusinariaviuniduess vin

Taldanunsagudnvaziuiivesingld WewinUsingusinauagatien uadleddiunszany

(%
v o v a

wsanallatngdulaasuutuivils Julutandengu wedduilmindudinszatsusinaasuy

9

(%
o

Wuesnsetu Elastic Overlay Naglaguhuunsinavnse Pressure Profile fiimnsauvasing
o & S a Y] 1 oA a | 13 a 1

natimnguianilslamingan wullanuwuanniuly wsedauudanniuliazlianse
NTELLTINALARTILAY MtuTuRInTImgauIadinudAgdmsu Tactile Sensor N1

Usggnaldeuduimimesiueud
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Applied force

Contact| | Contact

<—— Object

Elastic overlay

<——  Support

(A) T Nd e s (B) Tactile Sensor NUsENaULASY

JUN 3.22 Furedultes uag Tactile Sensor NUsgnauase

3.4 7153931 INQAINNTEURAE T UL YUEUA
Tun1sdnuillddnistaunierusuduaamseindiflassadanioudouyd

Usznaudeiilouariinderi fadunisesnuuuiiugruvesiusudduuuuessadslva T

nsnaaedldld Tactile Sensor isznautuandasudussuulszamdudanionie Tagldfads

ifudhfevesiueudasguil 3.23 Welln1sduingusinaainiiieazdausinaasuuing devihlv

Y 9

(%
[ v v v Y

nognnAkardulaiuTuRns wsInalzgndwmaznszeluds Tactile Sensor lneianganeu
N1sNTELLarAsEIULIWNlE Tactile Sensor awsanaludnuyarauzUT1aeing Weeu

A9 Tactile Sensor wazthundnauerduninagldaninueans Pressure Profile va¢ing

Humanoid robot hand
with artificial skin

Palm

1 (7
& ala (%

(A) faviueuAnAnes Tactile Sensor (B) Hloviusudvasiuing

[y

5UN 3.23 Jevusudwannselindffinns Tactile Sensor waziloviuguivuyIuing

9
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3.4.1 Ing wag Tactile Image

nsunmiegsilaenisdudumriiun1sdu nwmildannnsdulagnsIuTINan

Ly [ 1 J [y d' Y 2 = @ ¥ [
QWﬂﬂWiﬁ]UIUG]’]LL‘VI‘UQWNG] UD9IPY JUN 3.23 (B) LLamﬂwmum‘uumaumii’mi’mma;ﬂammmq

99U

o 1

Mg Mynadnglusuniasuiuazgndulaenisyuingluiiin 3 48 visenyuluwwl X-Y-Z

A o 9 A Y & vl ) " a v A v v ° sV v
LN@'JWQ@QIHN@LLajﬂUa@EJIM@Jﬂ']ﬁG\]‘U@fJ'N@aig GUEJ;JUaﬂ’]WWVL@N‘;U@HaQ']U']u 256 LINKDS ‘lﬂiﬂqﬂ

[y o

WS IUIn 16 x 16 Pixels yatayagnassduainnisnaaeuiuingiiuau 20 Tng (138 20

q

Class ) Usenounde wumnes Jtunasulnga Aunatadn luats daeniun nsslng Useua
Uszhannmasy gnnean aguns wdreuiianes wuse waudilnes vinlaan Uinni 1ases

Y139 VIAlYA1 Uszuadou 1t uazvInasy vuinveingmaiuanieglunisned 3.1 uay

'
v =

Tnguanslugui 3.24 yaingildveasaluingildluiinussdriugndaduanues [59]

M1319% 3.1 VUIAVRIINY

Class Object Size

1. Battery =33 mm, H=60 mm

2. Remote controller L=172 mm, W=45 mm, H=15 mm
3. Plastic tongs L=165 mm, W=85 mm, H=15 mm
4. Screw driver @=38 mm, L=220 mm

5. Cup @=85 mm, W=120 mm, H=95 mm
6. Scissors L=18 mm, W=80 mm, H=12 mm
7. Fixed wrench L=168 mm, W=30 mm, H=6 mm
8. Allen key L=90 mm, W=35 mm, H=6 mm
9. Golf ball =40 mm

10. Tape measure =70 mm, W=92 mm, H=47 mm
11. Computer mouse L=100 mm, W=50 mm, H=35 mm
12. Brush =80 mm, L=390 mm

13. Amp meter @&=35 mm, L=35 mm

14. Cola bottle @=60 mm, H=22 mm

15. Pen =12 mm, L=147 mm

16. Charger L=90 mm, W=70 mm, H=22 mm
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M1519% 3.1 VAUeaiRg (fe)

Class Object Size
17. Soda Bottle @=65 mm, H=155 mm
18. Variable wrench L=200 mm, W=60 mm, H=14 mm
19. Water bottle =60 mm, H=175 mm
20. Cream bottle =75 mm, H=160 mm
19 -

[

5UN 3.24 Ingnununldlunismaaes

u

lun1sneaesdilaaiagadeyaainnisduinglasduingas 200 AT 311U 20 T
dewalilanmdmsuyadeya 4000 nmilugiudeya Weosnnlunisveaesdlivuiuiani
=

wagsums nnnlaainnsfudadinisryuinglslanmaunnsieiuvesingisguin 3.25 uans

AN Tactile Image 91nT9g 3 YHALUALVIUIAIGY

(C) “Plastic tongs”

gﬂﬁ 3.25 98190 Tactile Images
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3.4.2. Resolution Enhancement

TumsfnwildnisuiulgenuasBeanmniiieusuauazdonvos Tactile Image
TastuliAnmusngausunsilihmsliesegidemaiameg wududunaiimaizay
d1m3u DCNN n1sUsudsemuazBenvesnnldisnis Bicubic Interpolation (Resize Tactile
Image) 33nsuandluaunis 3.14 feaunisd 3.17 Lﬁmmﬂ‘i‘ﬁﬁmagﬂﬁmﬂﬁfﬂm [61, 62] uaz
Tinansmageuiianin mevihanuAeduilsiduiiovssanamuseilomeinisnszaisusina
vuiiuialaelfeywussusuans n139h Bicubic Interpolation wansluzufl 3.26 n1sudle

'
a o =

wuuluAidngnAwini 16 9aseue) suvieiin

Y

[

a5 Nenduman W (x) veanisuily

wuulumdnme
(a+2)|x]? = (a+3)|x]*+1 for|x| <1 (3.14)
W(x) =4 al|x|® — 5a|x|?> + 8alx| —4a  forl < |x| <2
0 otherwise

WiaTregmULUILAY y kazwnu x dmsunsusyanaan B(x, y) (313U 16 pixel) gnAviun

U Kb Ky, auanau dssandluaunig (3.15)

Ko=14+w Kn=u Kpp=1—; Kiz=2—y; (3.15)
) I(jO:1+’U; I(jl:v; [(jzzl—v; ]{jg:Z—v;
AduUszansmlaann
Amn = W(Kim)W(an) (3.16)
Fatunwdivih interpolation 3sawnsaesungldseaunis (3.17)
‘24X (3.17)
B(x,y) = Z Z a;;A(x;, yi)
i=0 j=0

W19 AABA1u84 Tactile image vasknay pixel ¥4 Tactile Sensor, B AayAn1NAN

Interpolation, @; junuwis1iiwesumin uaz I, junuiiinunu X uasunu Y auawiu

..-A Tactile Image Pixel
&

gil‘ﬁ 3.26 N13911 Bicubic Interpolation
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(B) “Remote controller”

ssasass

(O) “Plastic tongs”

g‘ﬂﬁ 3.27 A Tactile Image #iléannnsyia Bicubic Interpolation

TugUfl 3.27 uanan13¥ Bicubic 1l ariuANAzLBBAYEINIW A1nAMT LF a1

Tactile Sensor array ¥uU1 16 x 16 pixels WWuniwauina 32 x 32,64 x 64, 128 x 128, 256

x 256 uay 512 x 512 Pixels nuiriAmAIMIBsaMATuag NN asanamarmaziden

smsspylusindmasradnvesingiuduiewin Wemnuazidongtuneazdoama
2l U8 4

svndarenmidualdndaaute miusulsuduvatignldidudeyadeudidmiunis

WRIUITZUUNITIAND

3.4.3 danesfuwuY BoF dwsuilaviueud

Andnn1sviiaues Bok luiads 2.4.2 1llethunyszyndldiu Tactile image 13
ffiuaumse Work Flow wansfagud 3.28 msvaasslémaasuiiu Descriptor favan 3 33
Usenaum 18 Moment Analysis (MA), Scale Invariant Feature Transform (SIFT) wag Polar
Furrier (PF) (A8n1391A1euiate 2.5.2.1, 2.5.2.2 Wag 2.5.2.3 aua1au) d1usuis Classifier
N19MAaB9NU K-Nearest Neighbors (KNN), Support Vector Machine (SVM) wag Artificial
Neural Network (ANN) (H38n15vAnanuiate 2.6.2, 2.6.3 way 2.6.4 m1u81FU) TunuNS

¥91WFUAINNIIUWUS Data Set oanilu 2 ¥ 991nYA Data Set 1snun 4000 NINVIINITUUS
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pamduyn Training Set 50% (2000 A1) wazyn Testing Set 50% (2000 A1) Tudruves

v a

Training Set U114 lun15aeu Model Inan153m Cluster Aauaudfveesingsie3s K-Mean

q

Clustering waa$13 Histogram tiierdusuvuvasinguaay Class 91ntui Histogram 7leily

Training 11 Classifier watluldlunisnaaeuiiv Test Set aoly

!— Pressure image Trainmg set I

| .
i E — E —»| Descriptor —Jp» Feature —| I
! |

— KMean --| BoF |——Jpi Chssifier
| | |
i

.I :

—————— s e |

S _]_‘—*‘ Chssifier ]]
! |

Clss

. |
N

| Confusion Mar x 1

5UN 3.28 Work Flow d135Un153n31ingainnisaudaneds BoF

1. MISHUsAILAIN

1{19991nM151935 BoF gnihanlddmsunismageunisandringainaim Tactie
image MwAEndLdunnitldannisings Tactile sensor wwiaEnludiuvasinile wilunud
Iewaudureivunalvgiuasinauenisliis Bof lumsmageu fuiuddldiiausisnisuds
drunmiduningay (Sub image) VIR 4 x 4 a1 Y58 16 AMmEes uiiiesainidlefinsuus
adunwgesrilivuinvesnimdnadlinn wWeawwumavesnwlimunzaufunismuauen
JelmdaueisnsiusnInwuu Overlapping s‘z‘fqai'mﬁauﬁuﬁ’uwahumaamwﬁﬂgﬂﬁ 3.29 Tu
nsneaedldnsusnimdunmdes au1m 4 x 4 wuu Overlapping Wwtewua 16 nwdes
(nMEaEYLIn 8 x 8 pixel) 33T 3.29 udatiluvih Descriptor dwsuasns Data Vector Lite

Y

< Y]
LUUAILNUYBININ
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5U# 3.29 M3UUS Sub Image dm¥uyin Descriptor

2. M99 Descriptor
Wiale Sub image W wdaft1gnszUIUNITYIN Descriptor Liloas13 Feature 1Sy

v

AW Sub Image usiazsi Fsluntsvaassilaviinismageuiunisvin Descriptor 3 35 Adl

1. Moment Analysis [81] 38#1 Hu Moment a1u1sanildainaunisi 3.18

= E4 & ! & [ v a [ Y [ .«.:4' ] o
F99gla Feature u919vsA 7 A1 mﬂuumma}mimwumﬂLma'ﬁ“ua%amammim 3.19 @nsu

U438 K-mean Clustering Tun15d@m Cluster vasusiaznIngoese

Moment

5U# 3.30 N9 Sub image wag A1 Feature NlA91NN15911A Moment ¥4 7 @1
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M1 = (20 + Mo2),

M2 = (20 +102)* + 4ni4,

M3 = (30 + M12)* + (3n21 +103)%,

M4 = (30 + 112)% + (121 + Mo3)?,

M5 = (30 + 3012) M30 + N12)[(M30 + 112)* — 3(M21 + M03)?]

(3.18)
+(3121 — Mo3)(M21 + Mo3)[3(M30 + 7712)2 — (21 + 7703)2];
M6 = (20 — Mo2)[(M30 + M12)* — (21 + M03)?]
+4111(M30 + M12) M21 + 1M03),
M7 = (3121 — No3)(M30 + N12)[(M30 + 7712)2 =31 + 7703)2]
—(M30 + 3112)(M21 + 103) [3(M30 + 112)% — (21 + N03) %]
dlo M @er Moment usiagsi n AvA1 normalized central moments
v=M1M2,M3,.., M7 (3.19)

o v Fonamestoyaildusunuvesnm e M Aedn Moment usiaysh

v 99910 vnsRU A TNE 8 Sub image WU 16 Aw Falus af o
Descriptor fionen Feature 195U Sub image WiazATN AN Sub image wiaznnaaLdu
Toyanm 1 Toyadfiagiindrgnisrin K-mean Clustering fstfuardl Data Vector du3udn
Cluster 91U2U 16 LIAWBIABNN Tactile image ﬁﬁwﬁwmmaau 1 a7

2. SIFT [82] 45 ua1n Sub image 11N1SYINITLUADATINA 18 Gaussian

Function feaunsi 3.20 #aglanmArIunsiuaaufegun 3.31

L(x,y,0) = G(x,y,0) *I(x,y) (3.20)

We (x,y) ATIAAUUAIN, L Ao AMniingeuIunIsiuasnie Blur Filter, G @A

FINTOUU Gaussian way I A NBUNA 119LAINTBIMUY Gaussian LAAIRIEUNISA 3.21

G(x,y,0) = ) g=(*4y%)/207 (3.21)
o

NUUVINITUINAR 199990 DOG Taan1sunnInilaainniswasuusau

Wouiiomuaniefiaunisa 3.22
G(x,y,0) = (G(x, v, ka) —G(x,y, 0)) *[(x,y)

= L(x,y,ko) — L(x,y,0) (3.22)
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ntuiuageaulanse Keypoint ieasnamdvuimdndsivungeauls
I~ . = g 5 [ I 1 a
WU pixel AINAININEAIVUNBDUNANIILLTUNITUIANYUIN m(x, V) wag A9 0(x,y) V89
gradient 19¢/lUvBULUAYDY Keypoint LlBAMUATUIALAZTIANISYDY Gradient 7 Keypoint

tuq Tneldaunisi 3.23 uas 3.26

m(x,y)= \/(L(x +1,y)-L(x=1,y)f +(L(x,y +1)- L(x,y 1)’ (3.23)

(3.24)

0(x,y)=tan((L(x,y+1)-L{¢ y-1)J(L(x+1y)-L(x-Ly))

dlo m(x,y) Ao awnvennsiiou was fe 0(x,y) 7irmewes Keypoint

W&a519 Keypoint Descriptor Lilasamnnndlvwindnfiovun 8 x 8 pixel lu
suilsalSunsade Keypoints descriptor Iagmsiinua Keypoint Wufisnananmudaviinns
uUs Windows 1uaua 4 x 4 v 4 4a udaduamAnsisuasianisuinuseus
Keypoint @ 19zvililaddrvunnuasiianiswesusas pixel wdauysoanduitui gesvuin
Window 4 x 4 é’fﬂgﬂ‘ﬁ' 3.30 wardsne Histogram ¥899iAN1S (Orientation Histograms) Uu1A 8
bin (b=8) Inanuuaa1n bin ag 45° mﬂﬁ'ummammawmﬂmwiaz bin Fazldanmesves
wiaz Keypoint fifluwiawindy 32 Uoa (b=32) ﬁagﬂﬁ 3,31 ety Histogram fildaesuny

94NN Sub image TulsiaznIn

b

o

y 7

- j: ¥l }”';.._Il J,L.-Lllill‘}
% 0 5 10 5 20 25 30

—_— =
1
| Feature Vector

Uil 3.31 nsadns Feature 1agld3s SIFT
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v =b1,b2,b3,...,b32 (3.25)

o v Aeviawmastayaniluiuvuvesnin e b feAwasiuvedluusiay bin
3. PF [82] n3on1swuadlngn 2 9@ F93gle Polar Image sagaunisi 3.26
ntudunsudaluivitnisuasyises 2 i@ (2-D Fourier Transform) a1n1uAYM Descriptor

Faazld Feature Vector MUuunuvesdayad miuyininsenasgui 3.32

Y

I, ={f(0,y)lo<r<R0<6 <2m} (3.26)
x=rcos@+W/2,y=rsin+H/2

nsulasSesidelinmitntuneudalufonisudamiFesuuul
satleawuu 2-D gnilldiv I, lng nan1sudasazlansaunisn 3.27

R—-1T-1

PFE,(p,p) = Z Z f(r,6;)exp [—jZn (%p + 9i<p)] (3.27)

T

0<r<RO,=2mi|T,0<p<RO<p<T

cs' = i | = cs a a
o p uag @ Ao pyANURlUmESIRULAY @ ABANRUNR

N13as9IAasYDIRNANYMEAN Falun1sasiainwasAnanYMEAIN

aglagld Cartesian grids @wnsamlaainauns 3.28

|

g
| |
A'J YR IAWE A TRE S PORITIRT NI o 9| )
L”Jrf"‘] it ittty T
"

Vilue

A
10
[}
5

100 150 2o

Feature

Ul 3.32 n3adns Feature Tngld35 PF

v = {PF,(00,01), PF,(00,01),...,PF,(AF,RF)} (3.28)

~ & s v A& o ~ A 4' |
W9 VUV ADLIALABDIVIUANLUUAINUYDININ 1UD PF ABANTUIAUDININNLUAY PF 1ULL(§]63

Y

ANLAL
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3. M99 K-Mean Clustering

ntuilels Feature 7ilda1nn15v1 Descriptor v 3 33 ludunsudaluilunisda
nquT84 Feature #2833 K-Mean Clustering [84] Tnglusuiseivhnismaaeudiensdnngu
Judwau Cluster 3 vw1a Aa 993U 10 Cluster, 20 Cluster uaz 30 Cluster N153ANgUVOY
\ndaeaftliannnnsyi Descriptor vosnniituldlung Training 2000 aw Fauvadu 16

wgaesa Tactile image i1 agla Feature Vector Manum 32,000 49 kaztnu1dnises

'
[ 1

< A o ) Iy ax o v v S v = o §w
O {vy, v2, V3, ..., v} HBN5IRNGUTRYAITNTINGUAEYIINTIatoyaniadeAdaiuly
I | a [y v 6 [y A | % I . | P ) Id
aglunguiieniy nadnsvensinnguAenguveitegeuag Centroid ¥0ingy Fadnidu
Aaunurangukardnagnsinas awnsaaseilnduingUssasddmiunisdnnguiilannns

meAegignvedseeinavesiagauag Centroid YBIWAaYNEY ¢ AIEUN1SA 3.29

n K
J(r,c) = erik”vi — ¢ lI? (3.29)
i=1

k=1
lag 1y, € {0,1} 1Judauusivenanuduauinvesnqui k vesdaeg1ei i e v; gn
ivualieglungui k azdandu 1 uazlidnlu 0 dwsunguaws nldldngu k
Wednnqunan1sInnauLas Centroid ¥aINquLAAIAIIUN 3.33 Liafmun

Cluster=10

025

02

K Mean 10 Cluster

3UN 3.33 HaU03INTIANGUATETT K-Mean Clustering 1laivuavuia Cluster=10

4. n19@319 Histogram

138519 Histogram wisidudwnuresdoya lunismageuiiovinunenavesingiign

9 Y

Fuazilunisviunenasinnisileudiay Histogram ¥83n WYA Training set WazAINYA

9
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Testing set @slutunoutozifunisada Histogram YBITBYANINYA Training Set wieldlunns
Training IsgUULALA15@379 Histogram Y8470y anInYA Testing Set wieldluns Testing
dieviunena Histogram ldasduagunmitindrumeasugndnoglu Cluster Tathauad
aundniinls fegsfasuil 3.3 e winguszua 4 nMwanadns Histogram sen15dn
Cluster ¥ 10 Cluster wuirdeyagndalu Cluster 71 5 3niian wiilethandnsevua 20
Cluster wuindoyagndnlu Cluster 9 anfiaaifugu Histogram lsazifusunuvesdoyaly

wsiaz Class Lot lunaaaunienisyin Classification sk

gﬂﬁ 3.34 N15@579 Histogram Lﬁ'aﬁwmmﬁq Cluster \Ju 10 Cluster, 20 Cluster Lag 30

Cluster

5. A15%1 Classification

1. KNN [84] udanesfiulunisiwundeyalaenisinszezniadeuiiouiu

Tayaluyn Training ¥8¥n1991lA31NAITAILIAN BN TR 8N BR 108 19 U ay aluyn

v A o w

Training Ixgninsediduiasm Class vosyateyailndiudiieegunnign lnefivuadiuiu

Y
o

Yaatayaninaniandiuiu K a3 deluauideliinuaruin K=10 4agds Euclidean Distance

q

Iumiﬂ"ﬁmmizswmmwgmﬁmmﬂqm p(p1, 02, P3) -» Pn) l‘dam q(q1, G2, Q3 ) @) 1

a

U391 n Sdanunsamlaainaunisn 3.30

DEuclidean(q,p) = (3.30)

zn:(Pi — q;)?
i,

\le p Aedoyaifeansduunuay q Aeteyaluldazngy

g 1enatuN13911 Classification wanenagu 3.35 Fudunisvin Classification
#198199MnYA Training 31U 2 Class Tud3ndl 3 1A Fewaiildnudn Sample darulndiAes
flu Class2 Neillunismegaeuasslaviinsnaaeuiu ¥a Training 9113 20 Class Tud3gdl 10,

20 way 30 46
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25 o Class1
« Class2
20 . » Sample

a

35U 3.35 151475 KNN Tunsvin Classification sivegnalud3dl 3 &

2. ANN [86, 871 Tassneuszanmitendlflumsmaaouifuwuy MLP Wuguuuy
wisweslassneUszamiionfidlasadadusuunansdy ulsnszuaunsyinawdy 3 Layer
Usznoudiedu Input Layer, 4 Hidden Layer wazdu Output Layer lasstngUszaviiioy
wwunaetuilfluemadedduuuiionesasailasaiadegui 3,36 Usznaulude 3 dufe
Fuduwn, Futeusiun 20 ua uastueving 20 Class Tseenuuualddmiunismaaoy

N153931IMRaNNSENRalAen5I4Ts BoF

4\ Pattern Recognition Neural Netwark (view) — O X

Hidden Qutput

10, 20, 30

20 20

Ui 3.36 M51435 ANN Tun159i Classification #ae1sdmsu BoF

3. SVM [84, 85] e1denann1sndunusnguinse Hyperplane 1Juduiszans
YBIAUNITIN oA 1 dULYINa uYATBy YA Training tIHuenAa1aveItayalitayni f
Hyperplane fvisnuuiadunazildidudadulngendanisusuatannisnie Kermel dusu
NUIULY Kernel uuLBadudILanssiaaunisi 3.31
— T
fG)=wix+b (3.31)

(%

e Wi w Asnnwesiivinway b Asanluda
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NoUN15a319 Hyperplane andmenssuuas SVM din1suuudayaainuigi
dunalleglulsnlingauseniuigidnyusiaumeiandunesiua ieliauisonflendu
Waduilmunzauiu Hyperplane n1sunudeyasieflsiduinesiuawandsaunisi 3.32 ala

I¥UIU Hyperplane Huaunisit 3.33
K(X: X;) = (fP(Xi) ' <p(X,-)) (3.32)
fx) = (W . K(xj,xj)) +b (3.33)

e K Aeflaidunesiua, ¢ Aeflsifunisund, w Aonmwmesiminues b ferlusa
nsulasdsnananunsavilideyailidudadulndudoyaieglusudadu

dieliannsaudanenlddauanduguil 3.37 dearndufianunsnds Class Feg1aldan

Hyperplane #ilg Tun1snaasaldviinisnaasuiudiegns 20 Class 393 Input Aldarnnsuus

Cluster 1w 10 Cluster, 20 Cluster wag 30 Cluster #3edfves Input 9 10, 20 wag 30 4f

wazidudoyanldidudady

feature 2 new feature 2
F 3 F 3 N
“"~v @ feature mappin AN [ ]
Q- PR d>® 5, >®
0 /, . e:' 1\ .
) e e
(o) o "':e‘"\! . o) w . .
N/t &\ =g ] NP »Q...5 & ;?. o o
@ [l L/ L RSN ) 4]
(@] o ! o [ ] (@] o) b, [ ]
O ---------- N . O \‘\ .
o © 0 0@ 2.0 0 Q * o
'- P )0 \\
feature 1 new feature 1

JUN 3.37 nsuUasdeyailidugadulidudeoyaaduseilandunesiua [84]

3.4.4 NMIVARDITANBIANRUY DCNN dmsulieviueus

n1MAaBIdanaIfiunuy DONN & Work Flow faguil 3.38 dunounsyamuiduan
N3WU4 Data Set sanidu 2 9a wwieniu Tudiuves Training Set gnununld training iy
Network 99n11uth1 Network #i5suiud luldnnasusu Test Set lusuilldvaaauiu DCNN
ﬁg’lwm 19 Model Usznaum g AlexNet [88], VGG16 [90], VGG19 [90], GoogleNet [91],
ResNet18 [92], ResNet50 [92], ResNet101 [92], Place365GoogLeNet [93], InceptionV3 [94],
EfficienNetBO [95], SqueezeNet [96], InceptionResNetV2 [97], DenseNet201 [98],
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DarkNet19 [99], DarkNet53 [100], XceptionNet [101], NASNetMobile [102], ShuffleNet [103]
uaz MobileNetv2 [104] semumu DCNN fildfuadrsunswanelu Computer Vision wazle
gniiarldlumsandringann Tactile Image uazwuiilissansaimgs dmsuluauildinan
Jszgndldiunisansiingainnisduda Ine Network st svuadi drun 14141455 Transfer
Leaming Method [105] Fsgninanidlunisandringanmsdudalagldidumesuuudndiiegn

1 v

Y
a v & ~
webael g ashuu i NN

- N

5U# 3.38 Work Flow d%3Un153n913m0a1nn1sduianeds DCNN

Pressure image Trining set —_ L\IN— —— — I
[ T ] .
i E E_‘ Convolution FC | I
j | — L !
| Supervised I
| E e — e ¢ e e s b — — — — — —
M "y _ow Yool Tes |
| i | -
i E —+ Convoelution |} FC + D;S;L?n _)‘ Class I
. ] * |
|
|
|

peRUsENaUmNgIveaiu DCNN wanslilugui 3.39 gsldiunsandningdudalagly
Transfer Learning Method 911 ImageNet DCNN Usgnaumigilenidu SoftMax 20 lAwmes ta
wosgaving (Fully Connected Layer) liiaA1uanin1snszateauunazsidudmsu Class vaq

Tng 20 Class wagviweraanaruiasdugsgalasnfladdu SoftMax

9 Y
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Decision Model

—> VA EVE —Class
| 1]
D

=
e

XEJHOS

Decision Model

2
— 8 —Class
S plm

Humanoid Robot hand Pre-processing
with artificial skin Image

5U% 3.39 DCNN Transfer Learning Pt

DCNN AthunldlusmAdeiidunisussyndld DONN wuy Transfer Learning DCNN

Faan1Upenssuued DCNN wiiaz Model HlASIA519991

1. AlexNet [88] Usgnaulual8duyanun 8 4u Yu1nY89AIN Input AUUA

YUIRNN 224 x 224 x 3 pixels (And) IAseasrslsznaumedunauligdu 5 Yunazdu Fully

connected 3 ¥u lngduneuligtu 1 (Convi) dvu1n 96 tnesuea Yumeuligdu 2 (Conv2) il

256 \masuea Tunauligtu 3 (Convd) il 384 inasusa Tumeullgdu 4 (Convd) i 384 1Aas

uea uaz Jursulgdu 5 (Convs) il 256 tAasuea lnedl Conv 1-5 19ilsidu Rectified Linear

Units (ReLu) 1duisidiunszdu (Activation Function) wazludauves 3 duaavineidu Fully

connected layer Fsdugavineidutumuimaiuiiaziugig SoftMax Function tasaasis

Y94 AlexNet Wainasiaguit 3.40 AlexNet In157181003 60 drum1diines

1]
=)]
@
=
-
=]
=1
=

(224 x 224x 3)
Conv3-384

5UT 3.40 AlexNet [88, 106]

2. VGG16 [90] 1n59a519999 VGGNet-16 Usznaulumatunanus 16 Tu vu1a

YDA Input ANUATLIAT 224 x 224 x 3 pixels lassasradutupeulagdu (Conv) 13 4u

wazdu Fully connected 3 9u lnedunouligtunisesndu 5 4a yausnil 2 Fu (Convi-2)
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w19 64 1Apsusa Yadl 2 I 2 Fu (Conva-) lvunn 128 taesusa w7l 3 I 3 Fu (Convs-7) &
YUIA 256 1ABTUBA YRR 4 &1 3 Tu (Conv8-10) Hauinm 512 tAoTuea uazyad 5 4 3 Tu
(Conv11-13) flaun 512 wesuea wazludiuves 3 Fugavineidu Fully connected layer

Tasaas1sv0 VGG16 uansdaguil 3.41 VGG16 fmsnfines 138.3 dnmsiiimes

Conv3-64
Conv3-64

V]

[=]
m

E

-

3

o
=

(224 x 224x 3)
Conv3-512
Conv3-512
Conv3-512
Conv3-512
Conv3-512
Conv3-512

U 3.41 VGG16 [90, 106]

3.VGG19 [90] Tnssasnavas VGGNet-19 Usgnauludreduionun 19 4u wun
Y9ININ Input fvuATLIAT 224 x 224 x 3 pixels Iﬂiaa%fmﬁu%guﬂauhq%’u (Conv) 16 4
wazdu Fully connected 3 4u Tnetunsulgiuuisoanidu 5 9a gausni 2 4u (Convi-2) i
WA 64 \nosuoa Yafl 2 1 2 9u (Conv3-a) Tuwm 128 1apsusa wail 3 4 4 (Convs-8)
YA 256 wwasuea Yafl 4 & 4 Tu (Convo-12) faunn 512 wosuea uazyadl 5 & 4 4u
(Conv13-16) fiwwim 512 wnasuea warludruas 3 Fugavieidu Fully connected layer

TAsaas1sve VGG19 uansdsgudl 3.42 VGG19 fmndiwes 143.6 dnmsifimes

(]
o
@
E
E
a
£

(224 x 224x 3)

Conv3-64
Conv3-128
Conv3-128
Conv3-256
Conv3-256
Conv3-256
Conv3-256
Conv3-512
Conv3-512
Conv3-512
Conv3-512
Conv3-512
Conv3-512
Conv3-512

5UTl 3.42 VGG19 [90, 106]

4. GoogleNet [91] %38 InceptionV1 1A53&T19UUU GooglLeNet panLUULTIR
ftusauiedu 22 Fu fuunvuiavesnin Input flvuin 224 x 224 x 3 pixels aatnonssy
v91la5991814lAT9a519UUY Inception Architecture dsiilassaiiafeguil 3.43 (A) Taseadrs
Inception Architecture fin1sviaunuuruny Miesuea 3 vualunisiuia Sedlvuanes
weaiu 1 x 1, 3 x 3 ua 5 x 5 laseadauansdaguil 3.43 8) lnefduusndudunoulgiu
UM 64 LApsuea dudnundunsuligiurunn 192 inefuea 2 9 Mnbudutunoulgiu
WUU Inception 314U 9 %uﬁlﬂizﬂauéha%guﬂauhq%’uma’tu wardugaiedududiun

AnuLnazlume SoftMax Function GoogLeNet fiw1513iwes 7 a1unisfines
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Filter

concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions [} [} [}

Qﬁnns 1x1 convolutions 3x3 max pooling

Previous layer

(A)
‘ Input
; = [ ]
7x7 Conv, 64 Inception (4a), 512 3x3 Max Pool, 832 ‘
. ) ¥
‘ 3x3 Max Pool, 64 Inception (4b), 512 [ Inception (5a), 832 ]
v v :
3x3 Conv, 192 Inception (4c), 512 Inception (5b), 1024 ‘
¥ > ) v
‘ 3x3 Max Pool, 192 | | Inception (4d), 528 7x7 Avg Pool, 1024 ‘
v _ / ) ‘ v
| Inception (3a), 256 l Inception (4e), 832 ’ Dropout (40%), 1024
j LA —: s~
| Inception (3b), 480 t | Linear 1000
: . R TASN )
‘ 3x3 Max Pool, 480 | “ Softmax
(B)

5Ufl 3.43 GoogleNet [91, 107]

5. ResNet18 [92] 119717 Deep residual Network 1A5985130949 Deep residual
Network fins5aunavestayaneuin Convolution funafildainnisvih Convolution udads
wansluguil 3.44 (A) Tasaadisves ResNet18 fduruduianua 18 4u vu1m Input 104
ResNet18 fiviunfi 224 x 224 x 3 pixels Usgnaudetuusnifutuneuligiuaun 64 ines
Vhh! 5@3{1%14 Deep residual Network 16 ‘f?u LLaz%guqmﬁwLﬂu%uﬁ’lmmm’mﬂwmﬂuﬁw

SoftMax Function Tnssa$naaguil 3.44 (B) ResNet18 fim1snfinos 25.6 &rumnsiines
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weight layer

X
identity

-
£

3x3 mmiS,lzs, 2 "k,
3Ix3 conv3, 128

image 224x224
=T mfvl.ﬂ
3x3 max pool

Ix3 mfﬂ,ﬂ
3x3 conv2,64

3x3 mrvz,ﬂ
3x3 conv2.64
3x3 conv3,128

avcrag pool
Sottus

5Uf 3.44 ResNet18 [92 108]

6. ResNet50 [92] filaseas1aduy Deep residual Network L1#iia1) ResNet18
Tnseadredifusan 50 $u 2w Input Y89 ResNet50 frvunil 224 x 224 x 3 pixels fi5u
Convolution 49 $u Ussﬂauﬁw%gul,wﬂLﬁu%uﬂauiaqﬁﬁ’wuum 64 1ApsuRa hazdaundu
Deep residual Network 48 1 uagdugaisidududiuimainuuiasdudae Softvax

Function 1As9as19693UN 3.45 ResNet50 im3ditnas 25.6 a1uniniimes

Input image
(224 x 224 x 3)
Conv3-64
Conv3-128
Conv1-512
Conv1-256
Avg Pool-2048
(1x1)

SUT 3.45 ResNet50 [92, 106]

7. ResNet101 [92] flaseasnadu Deep residual Network L#ilou ResNet18
4z ResNet50 sunalaseasnafidusan 101 $u Input ves ResNetl01 fvundi 224 x 224 x 3

pixels Tassasnefidu Convolution 100 Fu Usznausiedunsnilutunsuligtuauing 64 1nes
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(%

wea uazdnu1Ldu Deep residual Network 99 u uasdugavineidutuiwinninuiiasdy

M SoftMax Function 1A5¢a319693U# 3.46 ResNet101 im3diwas 40 Sumisnilines

]
>
w

w©
<
o
N.’-Il
3‘-
a3
0 —
2
<C

Input image
(224 x 224 x 3)
Conv7-64
onv1-128
onvi-204

:

-
© A
k=]
s
"M «—
=5
EE
S 6
O 0

Conv1-512
Conv3-512

5UTl 3.46 ResNet101 [92, 106]

8. Places365-GoogleNet [93] 11AS9@5 1919 WLA 82U GoogleNet wmLTuy
Network Aivsuugsdmsunisldauiunisandianiuiidsgn Pre-train wisedoyaniniiduy
A0UNANN

9. InceptionV3 [94] 1A59&3 19984 InceptionV3 1 un1SWaILIABYDATIN

I [
o

InceptionV1 wag InceptionV2 U594 48 FU AMUUATUIA Input WHu 299 x 299 x 3 pixels
Tnefilassadiavesdu Inception wazs uauduiiiudsunuadly Tenmsusuuss convolutions
Fufifaun 5 x 5 awnde 3 x 3 pixels vﬁ’qgﬂﬁ 3.47 (A) luduwesdu Inception wuaduy
Inception Module A, Inception Module B, Inception Module C, Inception Module D e e
Inception Module E n1susuugsdsnaainlvinnsidinesanasainiauuddansiusednsaings

lAseas1evas InceptionV3 Wainedszun 3.46 (B) imsnilines 23.6 U5 lnes

Filter Concat

[ pa ] [x ] [roo| [ |
“““"\‘ _/‘L.-—-"‘"—'r'

Conv3-32
Conv3-32
Conv3-64

=
)
=
3
Y
>
=)
=]
o

Conv1-80
Conv3-192

©
g
£
2
=

i

InceptionB-768
v

(B)
sUfl 3.47 InceptionV3 [94, 106]
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10. EfficienNetBO [95] Aonguuadlasstheysvamifienfidlasadrsfiugiuan
Mobile Inverted Bottleneck Conv Block (MBconv) [104] éﬁ’dgﬂ‘ﬁ' 3.48 (A) an1Unenssuues
EfficienNetBO LLamﬂugﬂﬁ 3.48 (B) fsuaIwIA Input LTu 224 x 224 x 3 pixels fidusIn 28
$u finsimed 4.2 Srumsiwed TnowunAandnuesnsesnuuudaninenssy EfficienNet
AanisanuuInues Network ag WWunaliuszansanaes EfficientNet Tuanuaiuiswaznns

ann13ldnIneInsindt Network Msvuagunounii

N
J
J

UL

Y
(_MBConv6 3x3 )

(_ MBConvé 3x3 )

RIS O

56x56x24
v
7X7x192
MBConv6 5x5
TXTX320
A\ 4

]

v

112x112x32
MBConv1 3x3

14x14x112

MBConv6 5x5
TXTx192

TXTX192
MBConv6 3x3 )

MBConv6 5x5

14x14x112

MBConv6 5x5

14x14x112

MBConv6 5x5
7XTX192

MBConv6 5x5

224 x 224 x3
Conv 3x3
112x112x16
( MBConv6 3x3
56x56x24
MBConv6 5x5
28x28x40
MBConv6 5x5
28x28x40
28x28x80
L 4
28x28x80
28x28x80
MBConv6 5x5

( MBConv6 3x3 )

( MBConv6 3x3 )

—~
93]
=

sUT 3.48 EfficienNetBO [95, 109]

11. SqueezeNet [96] JulasneUszamidiondifiaufiennusinsdlunig
aueniing Squeeze vhanulasnislédansesuuin 1 x 1 S1uausnnieansuiy weight
TassadramsvhalundsyaBonda Fire module Befidnuwaizdsgud 3.49 (A) azlddnsosmey
TagFurunn 1 x 1 1ilevih Squeeze neundafewerediefniesnoulagdu 1 x 1 uay 3 x 3
wanesa MsAiunsanvaziannaansiuiu weisht Tnasaulld 50 wihndlawfisuu AlexNet
1A398519909 SqueezeNet Mwunawwn Input WU 224 x 224 x 3 pixels %ummﬂufﬁzmauhq

FuUUIA 96 1ABTUDR MUAILTU Fire module F1UIU 8 T wazmumetuasulgtuIwIn 1

(%
1Y v

x 1 8nuilaty wazduaeavhadutuiwinauiiasduime SoftMax Function lnssasiassgy

71 3.49 (B) 19U 18 U An19130mas 1.2 a1UNI51nes5
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,)Que%}i__qw
— * P ~
/ 1x1 convolution filters

(999 >

©

o~ o~ e 8 ¢
e > h= ] & > dlale 2 =
= [+] < |~ 0o in|~|wo|m SElre] alnfg] - = £
c S—» Lo g g >3- = =) £
9 X &= X = = x = Q S [s]
m© © © © Qo @

£ £ £ X=]

B0

gﬂﬁ 3.49 SqueezeNet [96]

12. InceptionResNetv2 [97] 1ulpsetneussamiieufiilassasnaunany
SYWINIMSTUTBITLASEY18UUY Inception WAZLUU Residual ta3eTneiaudn 164 44
fuuaYun Input 10U 299 x 299 x 3 pixels dnwugvilasinneg Usenauluaielaseasne 3
WUUA® Inception Resnet, Reduction waglnception Resnet Faiinsrmunruinvetaesuea
funnsnaiy Tngarunsautseenldiduluga 5 lugade Inception ResnetA, ReductionA,
Inception ResnetB, ReductionB, Inception ResnetC éfﬂg‘d‘ﬁl 3.50 (A) Imq“dwﬂismwﬁjgﬂ
Warnnu i elifiusgansaniaudldnineinsiinininlassiedu andnenssulasadig
UzNauUA8dIULIN Stem265 Li‘;lu%'juﬂau‘[:sq%'uﬁuum 9 4w 91niusiR e Inception ResnetA
$1u9n 5 Fu fediedu ReductionA wazausetu Inception ResnetB $1uau 10 9u sefe
ReductionB LLassf?u Inception ResnetC #1ua1AU LLaS%guqmﬁﬂEJL‘fJu%uﬁﬂmtummih%Lﬂu
78 SoftMax Function Iﬂiqa%ﬂqﬁqgﬂﬁ' 3.50 (B) Iseadsannilnenssuiiinanudn 572 fuwa
wisdwes 55 dunniines uazldunisfigaiudrindussansamiinmnlaeddunuluns

ANUIUNABUYNH
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Relu activation

+

1x1 Conv
(384 Linear)

f —

Relu activation ‘

Inception ResnetA

‘ Filter concat ‘

3x3 MaxPool
(stride 2 V)

3x3 Conv
(384 stride 2 V)

3x3 Conv
(288 stride 2 V)
Y 3x3 Conv

1x1 Conv.
(256)

1x1 Conv
(256)

Previous
Layer

ReductionB

(A)

@
o
@

E

b
5
o

=

(299 x 299 x 3)

3x3 Conv
1320 stride 2 V)

(288)

f

1x1 Conv

(256)

Relu activation
+

T

1x1 Conv
(2048 Linear)

3x1 Conv
(256)
o
1x1 Conv 1x3 Conv
(192) (224)

E
1x1 Conv
(192)
//

Relu activation

Inception ResnetC

Reduction A-896
ResnetB-896

1
c
=]

=
o
@
o
-
>
a
~

Reduction B-1792

Y

Avg Pool-1792
(3x3)

(B)

5Ufl 3.50 InceptionResNetV2 [97, 106]

13. DenseNet201 [98] tHulaseneusyamidsuiidainudn 201 $u ndevneil

ANBUNAVUIN 224 x 224 x 3 pixels IA9a319U84 DenseNet L auspLAazIADsTUNNY

wwasluguuuuianesiisa lunueilaseionuuduasiinisdeluiuvaunsy unlaseig

DenseNet 9nialeasusnazilounsludsawesdalunnaiess waziaisesdalunazsely

AnwsA eIy wiaglinadaunduungaaeasnounii DenseNets f9adAUaulanane

Usznisirunisantlyyii vanishing-gradient, 1iiN1uNs Feature waznsld Feature 91 way

andruIunisidimesaslinin laseasiaves DenseNet201 wanea3uyl 3.51 § 20 d1u

Rk

©
*
1

Input image
(224 x 224 x 3)
Conv3-56
Conv1-28

Conv7-112
Conv1-56

Avg Pool (2x2) - 28

5Ufl 3.51 DenseNet201

|

:|x12

| Avg Pool (2x2)- 14 |

(==]
[
o
>
=
=]
O

o) <
(Y| -
> >
|~ =
o o
O Q

I

|

[98, 106]

98

:| x48

- =
— -
| 1
- M
- >
| ==
O O
QO

| AvgPool (2x2)-7 |

i
S
=
=]
Q

:I x32

P o
- oh
> >
E &
0
(ORI &)

I




14. DarkNet19 [99] \JulpsetngUssamiisunilaniiudn 19 du wieisendn
981931 YOLO e5et1afawindunnnin 256 x 256 x 3 pixels singnididusingiudmnsulym

Y

N13959393UTnQuar YOLO workflows anndnenssulassdngaaiendaiu VGG dulvgjazlda

Qe

nsouastiuTIwINYosd e duaesriindsainynduneu Darknet Usznoudie 19 4u

D.

Convolution #3ulugjl¥#In509 3x3 iU max-pooling layer 5 Fu lAsIaT1aUanA3Y
3.52

(]

b4

-----------------

x3
x5
x6

Input
Conv
P —
Maxpool
ey
Conv
Maxpool
Conv
Maxpool
Conv
Avgpool
L]
Softmax

5Ufl 3.52 DarkNet19 [99, 110]

15. DarkNet53 [100] ulasstngdssarmiiouiifiniudn 53 $u uieifedn
981471 YOLOV3 1p3 09185l vu1adunnnin 256 x 256 x 3 pixels Darknet53 1Julassyney
Usganmiituivihmehiidunnuvdndssuuuimanisnsiaduing aniinenssugnusulgean
Darknet19 junoudusiudanisldnisideuss residual connections uarduiniadneifuiy

laseasauananfegun 3.53

Size: 256 x 256 x 3
3x3 conv, 32, /1
3x3 conv, 64, /2
Residual Block{32, 64)
3x3 conv, 128, /2
3x3 conv, 256, /2
Residual Block(128, 256) x 8
3x3 conv, 512, /2
Residual Block(256, 512) x 8
3x3 conv, 1024, /2
Global Avg Pool

=
=
=)
™
—
2
=
o
et
g
=2
m
™
3
=
w1
1]
o

Residual Block(512, 1024) x 4

5UT 3.53 DarkNet53 [100, 111]

16. XceptionNet [101] 11310 Extreme version of Inception Usuugalag

Google Wau11131n GoogleNet T UsEENSAMMANTT InceptionNetv3 Tassasradunuy

[

Separable Convolution #38 SeparableConv na1ifeinswendiuveinsvineulgduregy

U
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fi 3.50 Fauvsdrvesmsiaeuligiusenidu 3 daufe Entry flow, Middle flow uag Exit
flow TnernuaauInuesnIn Input 17 299 x 299 x 3 pixels XceptionNet fAa1udn 126

TUUNTRDT 22.9 Aunsiimes dusunismaaeusiy ImageNet liuszdnSaingendn

InceptionNetv3

Entry flow

Middle flow

Exit flow

299x299x3 images

|
[Conv 32, 3x3, stride=2x2

19x19x728 feature maps
|

|ReLU

|
| ReLU

|Conv 64, 3x3

| SeparableConv 728, 3x3
1

19x19x728 feature maps

|ReLU

| ReLU

]
[SeparableConv 128, 3x3
I

Conv 1x1 [ReLU |
stride=2x2| |SeparableConv 128, 3x3 |
I
[MaxPooling 3x3, stride=2x2 |
| ReLU
| SeparableConv 256, 3x3
|
Conv 1x1

stride=2x2

| SeparableConv 256, 3x3
T

|
J
[ReLu |
|
|

|HaxPooLing 3x3, stride=ixl

| ReLu
| SeparableConv 728, 3x3

|

: |

| Conv 1x1 [ReLu |
stride=2x2 | SeparableConv 728, 3x3 ]
|

I
|HaxPooling 3x3, stride=2x2

19%19x728 feature maps

| SeparableConv 728, 3x3

Conv
strid

1x1
e=2x2

[ReLU

| SeparableConv 728, 3x3

19x19x728 feature maps

Repeated 8 times

gﬂﬁ 3.54 XceptionNet [101]

|
| ReLU

|SeparableConv 728, 3x3

| ReLU

| SeparableConv 1824, 3x3

1
|MaxPooling 3x3, stride=2x2

ISeparab'l.!Cnnv 1536, 3Ix3

[ReLU

I
[SeparableConv 2048, 3x3

[ReLu

I
[GlobalAveragePooling

2848 -dimensional vectors

Optional fully-connected
layer(s)

Logistic regression

17. NASNetMobile [102] %38 Neural Architecture Search Network la5un1s
Warunlae Google Brain Team #sldaasilardufia 1) Normal cell 2) Reduction cell fauans
Tusuit 3.55 (A) 1uusn NASNet Idnissiunsugadeyavunndnudileuudenludsyalng)
dn13wmulugiu droppath 138021 Scheduled droppath a'maiﬁﬂizﬁwﬁquasﬁu
aondnenssuvas NASNet fvuavunvasnm Input 137 224 x 224 x 3 pixels NASNetMobile

TINUIUNISTLNDT 5.3 A1UNITITLHDT

100



A\ i

avg | |avg sep| |sep
3x3 | | 3x3 5x5| | 3x3

: ."_,"
k.“. . ,-""'

Normal Cell Reduction Cell
(A)
= E § = ﬁ = § =
i3 = g g E g2 E 2 E @
= g 3 h 2 L 2 o E L [ o 3 o 2 o 3 =
T3 E - - = - a > =3 r @ [ ) i =R — 3
= = I 4 3 o 3 i 3 o o
cEe = In} il 0 [} 0 o *
- B = - < - L -
[+
Eed o »
[ =) = = =
(B)

5Ufl 3.55 NASNetMobile [102]

18. ShuffleNet [103] Wulassrefioanuuuanduiiavlidulaswievundn
15191NNN588ALUY bottleneck unit sawandluguil 3.56 (A) flassairandu residual block
Usznaumenisimeuligiuuuin 3 x 3 WUy depthwise convolution nduthandudenis
auligduIuIn 1 x 1 WUU group convolution kaAIUAY channel shuffle Wi oadns
ShuffleNet fsuandluguil 3.56 () gauszasauiioiiuddlunisviasuligdu lunsafidinng
stride léi’ﬁ'lmiLﬁMﬂflsﬁflﬂauifsqﬁfi’mum 3 x 3 A18N15Y11 average pooling é’l’qgﬂﬁ 3.56 (Q)
ShuffleNet fuuavuIawesnn Input 137 224 x 224 x 3 pixels 517w 11 w@iwed fs1uau

PI5ITLADF 5.3 ATUNITITHDT
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1x1 Conv 1x1 GConv 1x1 GConv
BN ReLU ,L BN RelU J, BN ReLU
v Channel Shuffle ¥ Channel Shuffle
3x3 DWConv v 3’2;:?;?:':2‘;” ¥
BN RelLU 33 DWConv Sﬁn%?f‘é?"
v v BN ¥ BN
1x1 Conv 1x1 GConv 1x1 GConv
BN \ / BN \ / BN
Add Add Concat
ReLU ¢ ReLU ,L ReLU

(A) (B) ©
5Ufl 3.56 ShuffleNet [103]

19. MobileNetv2 [104] W uaa1tnenssulassteuszarmisuiing1e1uay
yhauldfuugunsaifiede Tlassairanuy inverted residual fisieatiu bottleneck residual
block @ inens3uv8a MobileNetv2 fsuandluguil 3.57 Usznaudeduienun 28 du
fvuavwn Input 1 224 x 224 x 3 pixels Iﬂiqa%ﬁwizﬂaué’aa%uﬂaui’aqsﬁu 1 audne
residual bottleneck layers 19 4y LLazmmﬁ’m%”uﬂauh@ﬁTu 1 $u LLﬁ%%ﬂﬁﬂﬁﬁﬂLﬂu Fully
connected layer 6'5@Lﬁu%guﬁ'lmmmmmﬁmﬂuﬁw SoftMax Function H31UUn19138ltnes
3.5 AUNdnes

2 bt © 3 a g 2
d & 8 & T 8 d %‘E
g el o % @ b =
o | & x 3 5 X & 3 =
o - — - - 3
E B
g
_E- §
L
M

sUTl 3.57 MobileNetV2 [104, 112]
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o997 DONN st imaaeulusmAdeiiiu Network figniannundiniy
91 Image Net 3gn Training 1snedayaningiuau 1000 Class Inedduunmlugadoya
1100737 14 drunm et Network snldfugadeyaiiduunadn Sslunuiiinun Class v
Fnqld 20 Class uazfidnnunmiduyadeyaiios 4000 nmdsldinisdauuas Network Tng
n13A1UA Output Layer %ﬂgﬂﬁwmmﬁw SoftMax Function ¥ Output Layer Liles 20
Class lun1smageun1sand1dieds DONN Idvihnismageuiiiovinnsdwmefiwusanlunig
fAneusudie Data Set flas1atu wisdwesves DONN fwnzavazuliluasnedl 3.2 daun
Initial Learning Rate 7 1Nz auvetuiag Network Wanasmani15199i 3.3 lunisnageufiu
Network wsiaz Model lgvinnsnaaau Model az 10 A%s wazmian Average Accuracy Hig

YruUSeuiieunan ke

A15197 3.2 Training Parameter

Parameters Values
NumEpochs 30
NumBatchSize 16
Momentum 0.9
LearnRateDropFactor 0.1
LearnRateDropPeriod 8

Tunisvaasugadoyaanundas DONN n1s1fimesnisfinevsufiiAsadasas
wileurulunn Model faagulilumisned 3.2 uishsnisieusiBusunie initial learming oy
Tuta 0.00001-0.1 Tnglesunmsusulimnzasiuusias Model Fdlsvihnmsnaaeuuazazuliss
5197 3.3 Fadudnnsdousimnzauiandmsu Network wiag Model Tunsnaaeuly
usiay Model ldvn1maaeudn $1uau 10 suagmanads nisligndeyannastldyatoya
YaLAea $971u3U Tactile Image 91w 4000 N1 Yadeyagnaunazuusoaniduyanisin
(50%) waggAnaaay (50%) lun1smaaouurazais gnsINTiTvewsiazulasun1sUsuLiy
Mnduisldvhmauisuiiounadld uazldvinnimmeaeuniaiulszansnmlasnisidiuni

ALLYAVDINN
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A1519i 3.3 A1 Initial Learning Rate va¢ DCNN wsiag Model

Initial Learning

0.00001 0.0001 0.001 0.01
Rate
ResNet18
ResNet50
ResNet101
VGGNet16 AlexNet InceptionV3
VGGNet19 GooglLeNet InceptionResNetV2

CNN Model SqueezeNet
DarkNet19 Place365GoogleNet DensNet201

DarkNet53 EfficienNetBO XceptionNet
NASNetMobile
ShuffleNet
MobileNetV2

3.4.5 Recognition Rate from Object Exploration
38113 BoF axdmannesandenlasnisdnnistuinguansadaieliausn
yhunenadnsliogisgndes illel#35 DONN anunsaifinUszdnsamnsandringlelaenisiia
Sruedslunsianistuiagiiodnataediwzden nsasdudszansamlunisandn
awmsaw"ﬂm”lmemwm”m‘”mqwmaﬂfq Wa2n1A 1 Maximum of Probability (Ppgy) 130
Summation of Probability (Psym) We@1unsaldaunis 3.34 wag 3.35 uuuudnasanis
findnlagagui 3.58
P = max(P(l,), P(I3),P(I), ..., P(I,)) (3.34)
aumsi 3.34 MWlunsviunenadwslagld3sainnirezdugegn nanfennuuasdu P
é’m%’umsﬁwmamaé’wﬁﬁlﬁmﬂmmm%Lﬂugqqﬂmaq Tactile Image (I) finadeu
P =P(l) + P(I) + P(I3) + -+ P(I) (3.35)
aunnsi 3.35 Mdmsuinnenadnslasliisnaruvesianuinagiu duferutagdu P

dusumsvihuneradnsnlnanuasinvesaNuiaziduain Tactile Image (1) Ainmaau

104



Humanoid Robot hand Nuniber of
with artificial skin handling Decision Model

(J’m‘

amyeag

Ciﬂ 55

—3 = —b- .—- Class

f

liass

5UN 3.58 13309 ingann1sdinaing

2.4.6 MIIAUTTEANTAN
nsiauseansnmlunisnaaeunisandringainmsdudaluaideildisnig
[ ! v = [ 4 = ] 13 1 ¥
nsinAANgNAe (Accuracy) Beseunailuasesay WselUasidus (%) aunsamanls

Qe

(TP +TN) (3.36)
A - x 100 :
CCUracY = \Tp ¥ TN + FP + FN

e TP fia Anfinensalgnaeadauan, TN fie AfingInsalgnavudeay, FP Ae A1vIngInsel

RANAIALTIUIN hae FN A ANNEINSURANSIALTIAY

3.5 Glove Tactile Sensor

Tusnuideillfvinsitam Glove Tactile Sensor Faiduyn Tactile Sensor Aduly
mulassarsvesiionyud Tnsn1si Sensor Array Mimunluhde 3.3 fignesnuuuanyseney
Hu Sensor wuU Full Hand Bsuanadfaguil 359 Tnesumisiianssdnsdennguuuulaseadns
vosiiaile uundu 3 JUuuy Ae 1) Aadsiisudsihdiesiuan 1 90 Tasfiads Sensor aunm 16
x 16 pixels 30 56.0 x 56.0 mm?2 Asumimsanansihile 2) sumisifuiile 1 92 ngfia
Sensor 91U 2 ammwu%afaﬁa ABAWLILY Distal Phalanges U119 5 x 6 Pixels %58 17.5 x

cudo

21.0 mm? uagAnFaviAIwAUs Proximal Phalanges wu1@ 5 x 5 Pixels 38 17.5 x 17.5 mm?

waz 3) shunisiiafe 4 47 Taefin Sensor $1uu 3 ARUY foilaile Aosfuvis Distal
Phalanges 4 x 6 Pixels #39 14.0 x 21.0 mm?, AARaisuIne Intermediate Phalanges 9u1a
4 x 2 Pixels %39 14.0 x 7.0 mm? Laga1umus Proximal Phalanges ¥u1a 4 x 4 Pixels ED)
14.0 x 14.0 mm? fstfuisfigndiingis Sensor Viavin 15 9a 528U 551 Pixels finn319ii 3.4

n1sUsznaum Sensor ManuaUsznavatuugilentidmiuaiuliiu Humanoid Robot Hand
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Y9 Sensor NUTENBUIATILAAIAITUN 3.59 (C) uag Sensor MsznoulasaLiemunluldiu

Humanoid Robot Hand

mswﬁ 3.4 Glove Tactile Sensor

Sensor Number of resolution Size (mm?) Number of
et (Pixels) pixels (Pixels)
Palm 1 16x16 56.0x56.0 256
Thump 1 5x6, 5x5 17.5x21.0, 17.5x17.5 55
Finger 4 4x6, dxa, 4x5 14.0x21.0, 240

14.0x14.0, 14.0x17.5

Distal phalanges

Metacarpals

Carpals

(A) Iﬂiﬂﬁ%ﬂwmﬂ’lﬁauuwﬁ (B) 159719 Senor Array (O) Glove Tactile Sensor

5U% 3.59 msusznauyagile Sensor Array

3.5.1 29950 UAMALAITATINNW Full Hand Tactile Image

N1381UA17 Sensor ¥auLanaRa3UR 3.60 (A) Tduednlulasnoulnsaiaes
Arduino 51 mega 2560 5uf'U Multiplexer Lu®5 CD74HC4067 N15vM 9 uazid unis
Multiplex 4ie Scan Sensor luusiagsuvus arfunsvhanulisuainyi Multiplex Tusiums
Row 1iolsf Output Tushusis RL 18w +5V 9101 Multiplex fusmds Column iteg1usni
Fuiwosusiazi faus Column wsalaeiduann C1 lWaudls C21 (Tanmum 21 Column) n38nu

ald A/ D melululpseeulnsamesulanludeyaiineauazdsdoyaludsdiunisuszuiana
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Tyauneuiiawmes Wesua1asunn Column wdafawny Digital Line Tusuuis Row dald
UNTIBUTULDS AN NN (Manua 31 Row) Fndeyaisnulaun Plot Wunn lnenis

Jni3vaniwena Pattern Tuguil 3.60 (8)

MUX Digital Scan (Row)

MCU

MUX Analogue Scan (Column)

!

(A) 19959 UANT UL DS

r

(B) Full Hand Tactile Image Pattern (©) #1819 Full Hand Tactile Image

3UN 3.60 299381uAMAZN15AT1901M Full Hand Tactile Image

3.5.2 10g wag Full Hand Tactile Image

AMNFe8193n0 TN TIUTIIReNTEUFIRE 1 uvesTng a i dudalatuin

<

NNFWNLe Y09ing aMmndudalunauiandiunisvesingiuane1eiu dundanisdu

sgldionyuingluwun 3 46 nounazdumisiavawiueud WeyusuddanisuasUaseing
anvaEnINIgnIMYesiieviusudazgnAIuANinget1edas dmsunismaassiilunimegey

JEUUANTINGLAas19YAveYaINNITTUTRYR399IUIU 20 Object %5 20 Class Wuingdl

JUNsIINTEIU 10 Tnquazingluiinused1iudn 10 Tag Manuausenausiy Battery, Cup,
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Plastic tongs, Golf Ball, Remote controller, Scissors, Allen key, Screwdriver, Tape measure,

Cube, Rectangular, Triangular prism, Pyramid, Tetrahedron, Large cylinder, Small cylinder,

Cone, Oval Wag Sphere dNuMuEINLAAIRITUN 3.61 UWIALAAIRIAITIN 3.5 N15d379 Data

Set 1inANMITTUIRQuarTuANAMINg ag 200 AW FIAMYIIILA 4,000 AN

M13199 3.5 YUIAVRITNg

Class Object Size

1. Battery =33 mm, H=60 mm

2. Cup @&=85 mm, W=120 mm, H=95 mm
3. Plastic tongs L=165 mm, W=85 mm, H=15 mm
4. Remote controller  L=172 mm, W=45 mm, H=15 mm
5. Golf Ball =040 mm

6. Scissors L=18 mm, W=80 mm, H=12 mm
7. Variable wrench L=200 mm, W=60 mm, H=14 mm
8. Allen key L=90 mm, W=35 mm, H=6 mm
9. Screwdriver =38 mm, L=220 mm

10. Tape measure =70 mm, W=92 mm, H=47 mm
11. Cube L=25 mm, W=25 mm, H=25 mm
12. Rectangular L=50 mm, W=25 mm, H=25 mm
13. Triangular prism L=50 mm, W=25 mm, H=20 mm
14. Pyramid L=25 mm, W=25 mm, H=50 mm
15. Tetrahedron L=25 mm, W=25 mm, H=50 mm
16. Large cylinder @=120 mm, L=110 mm

17. Small cylinder =25 mm, L.=50 mm

18. Cone =25 mm, L=50 mm

19. Oval L=25 mm, W=50 mm

20. Sphere =25 mm
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) (10) (12)
(13) (15) (16)

(1 (13) (19) (20)

UM 3.61 Tnguldlunisnaaes

v IS

n1sduingiidnuazuuuiun 3.62 Aenisminglagsey Feimisvesdoasiuisuly

)
MINANBUEUBITRG LWUNTINTTUBN NTINaY, N1381599TRge835Tazidunsd15i9dng
1 & o N U L3

lngsauing tewinnisminglagseu warlunisdrsiainguesjueudiisnuaziiedtuuyed

4

Tugy 3.62 uwansnsdsaninguinnsdudaingindiile uasnisduinguesionywd
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¢

(A) Msduimguuuifuiioied1svingues  (B) nmsduinquuuiiduiiomiodrsiainglee
my‘t&&j Glove Tactile Sensor
JUN 3.62 m3duinguuuninfudeiedsiainguesysduarnsduinguuuinduiiolny

Glove Tactile Sensor

A1 Full Hand Tactile Image mﬁmnmiﬁ%fﬁlqﬁ’w Glove Tactile Sensor 1Ju
A Tactile Image Aldannnsduviderning amnseensdilsuansdiagui 3.63 amitldazdu
Aadnunzvesinglaesevvesingminingilvuadnuiefisunssiannsomldiduile vie
199z18u Pressure Profile 91030 2 dufeduiiduladiediie wazduiidudadeds
shetnauluzuil 3.63 (A) flefuing “Wrench” Tactile Image #ilsfaz1fu Pressure Profile
Mn¥ngaeaiu Aeduiiduiadaeinile uasduiiduiadaetate lugui 3.63 (8) foftdura
199 “Remote controller” awiildazidu Pressure Profile Tactile Image filgzduandu
Yuv9 Remote Controller kazAUNaIv83 Remote Controller LLazs[,ugUﬁ 3.63 (O \ile

dulafiu Object “Plastic tongs” Tactile Image ilsazidu Pressure Profile 989 Plastic

' v
&) v v Y a A

Tongs MAATUAU Sensor VLD Lardna1uaziu Pressure Profile iduranieiiil
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(A) “Variable wrench”

(O) “Plastic tongs”

JUN 3.63 F798197990 M Full Hand Tactile Image Ailsann13duing

3.5.3 N151A99aN3NNLUL BoF @115U Glove Tactile Sensor

Tunsnnassiild BoF dulanagouiduiienduisluiide 3.4.3 Aenisnagoufu
Classifier 3 75Usznounae KNN, SYM wag ANN Tulsiay Classifier naaauiu Descriptor 3 35
Ao Moment Analysis, SIFT wag Pola Furrier waglavagounu Cluster 314U 10, 20 uag 30
Cluster HafildannsmazeULnas Classifier Ingnnnisnagouldvinnismedey 10 $1uae
MN1IMIAT average accuracy NIIANLTUIULERAIRY Work Flow 1u'i°d171" 3.64 M3IAFINGIN

L2 = Iﬂlad o

nsduiasnieds BoF dmduiduwesqedeldisinsuusdiuveanndlidudiugounm

dnwvauzie lneldasiAeanuisluiideqn 3.1 neludruvesddonvssanidu 4 x 4 wuu

Overlapping TaLudiugoeiaviun 30 ﬁ’;ué’f@gﬂﬁ 3.65
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Descriptor P Feature —I 3

BoF ——J»{ Chssifier '

______ " I

| Unsupervised Supervised J

. e e R (e

1 Descriptor H Feature Test |
| ] v

Test Set 1 Chss
| _
| »|  Label

3UN 3.64 Work Flow dv15un13903110531nn15duianiels BoF @1msu Glove Tactile

T g |
1 z : _’_]_b Classifier 1
| - Lr K Mean --| BoF
. — g —— |

Sensor

iu;%“‘i LSS
AP
N

»>

\

-
i

35U 3.65 N15UUs Sub Image 484 Full Hand Tactile Image &wisuvi1 Descriptor
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=Y

3.5.4 N1SVAADDANDIAULUYU DCNN dnsuiduleasnile

)

38 DCNN Tneil Work Flow dasuit 3.66 Tusmuilldvhnismaaeudae DONN $1uaw 7
Model Usenaun 38 AlexNet, VGG19, GoogleNet, InceptionNetV3, InceptionRestNetV2,
XceptionNet wag NASNetMobile Fa1fu DCNN 7ifiexldfusgraunsvanelua Computer
Vision uaznuinlilszansamgaslothuuszgndlitunisandringainnsduiae Tactile
image Iumuﬁjﬁﬂﬁﬁmﬂ%ﬁ’mWiﬁ]m’ﬁ’mqimmiﬁmﬁahst%’ Full Hand Tactile Image 91n
Fuigesnaflefeiynduiauvuiiiudle nsnaaesianuelds Transfer Learing Wuiienfuns
naaosluiade 3.4.5 lunsnaaeuyndeyasae DONN msfiwesnisiineusuiitiendesy
wileududsasulilunsned 3.6 §n51n19150u3 Initial Learning Rate sz anveusay
Model wansluanssfi 3.7 Tunsnaaauiu Network usias Model l#¥unmsnazaau 10 adauay

mAANgNReuRReLNeIUTUE UNaTTLA

A5t 3.6 Training Parameter for Glove Tactile Sensor

Parameters Values
NumEpochs 30
NumBatchSize 8
Momentum 0.9
LearnRateDropFactor 0.1
LearnRateDropPeriod 8

A1519fi 3.7 A1 Initial Learning Rate for Glove Tactile Sensor

Network Values
AlexNet 0.001

VGG19 0.0001
GoogleNet 0.001
InceptionNetV3 0.01
InceptionResNetV2 0.01
XceptionNet 0.01
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A1519fi 3.7 A1 Initial Learning Rate for Glove Tactile Sensor (si®)

Network Values
NASNetMobile 0.01
' | ) o (o |
Pressure image Training set |_ ______ |

.{ FC |

Supervised I

Decision
Model _> e I

L N

I Confusion Marix

53U 3.66 Work Flow d15Un153n9130g1nnsdui@anels DONN dmsu Glove Tactile

Sensor

aaAUsEnauTieIdaaiu DONN wandlilusuit 3.67 gdldiunisandringduialagld
Transfer Learning Method 910 ImageNet DCNN Usgnaum 28 faAtu SoftMax 20 LiALaes
Juawesaading (Fully Connected Layer) iitad1uaninisnszargauiiazidudngu Class

Ya¢30g 20 Class wazyhwgraanatauinasdugeaanlaanilandu SoftMax
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Vector

U 4.2 Data Vector vosnminguszuaniuusadudhiiowdu 26 du

4.1.3 M59991TNINNTUUSEIULTD

Tunsnagevausfgnudosdul IWiiauedimnyinisuvsdiuvesdrielunns
thnlfiesgiandiingannmduia sanunsaiiadszansamlunisandringle Tnelunis
naapalsnaaauniskusaluiioldu 15 1y, 20 drusar 26 du lun1sneasslavinnisanen
Signal to Noise Ratio ifieanauaudavadnin wWesanainldainnisuanuidfianuaziden
g9 3dlirArmugndedlunismaaey 100% Ssananunutavosnnuaznaaauil Signal to
Noise Ratio (SNR) 7 sefuuszneusig inf, 30, 20, 10, 5, 2.5, Uag 1 WagmeIANgNFoalade
an1sVAdeUN1TansMade U Uiag 15 class Usenaudae 1.u&nli, 2 gnuuniiudy, 3.
AnmT, 4.9, 5.9, 6.4U59, 7.I0udunszunn, 8.Useua, 9.uUsedily, 10.m2031, 11.0538, 12.
Sluneaulnga, 13.4/01WN1, 14.4A30N2 ey 15.0889n58AN% Nalun1snAaauLUIaanuy
NAN1TMAABUIINMIUUSAILElR 15 druuanafisnts1eil 4.1 dAnanugndeaadengdl 71.14%
NAN1TVAABUIINNSIUsEILITD 20 drunansisnnsneil 4.2 SAnrmgndouadeegil 73.09%
LAZNANITNAABUINNSUUSEIUTD 26 druuansiannsned 4.3 dArnnugndedndsoyy
78.38% WANINAADUAIAILEASIALALIIMNYIINMSHUSEIuTR sl anats ) diuniulaseasng

yasiloA1ANgnavslunsandingaInmsduiar Ay
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A15197 4.1 NanN15aRIINATWUsELTaY 15 du

Classification accuracy

SNR Object Mean
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Inf 100 100 100 100 100 100 100 90 100 100 100 100 100 100 100 9933
30 100 100 100 100 100 100 100 90 100 100 100 100 100 100 100 9933
20 100 100 100 100 100 100 100 90 100 100 100 100 100 100 100 9933
10 100 90 100 100 100 100 100 90 80 100 100 100 100 100 100 97.33
5 100 0 100 100 100 90 100 8 0 70 45 95 100 5 5 633
25 100 0 5 0 8 0O 100 45 0 0 0 25 9 0 0 2967
1 0 0 0 0 0 0O O O 0 0 0 0 0 0 0 667
Avg 100 56 72 71 8 70 8 8 54 67 74 74 8 58 58 7114
A15797 4.2 nan13ansnnnsuUsduiiodu 20 du
Classification accuracy
SNR Object Mean
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Inf 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
30 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
20 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100
10 100 90 100 100 100 100 100 100 95 100 100 100 100 100 100 99.00
5 100 O 100 85 100 100 100 95 0 60 75 95 100 95 0 73.67
2.5 100 O 60 0 30 5 100 40 0 0 0 10 100 O 0 29.67
1 0 0 0 0 0 0 15 0 0 0 0 0 15 0 0 867
Avg 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 73.06
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A151991 4.3 HaN15NININNISHUIALalu 26 du

Classification accuracy

SNR Object Mean

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Inf 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

30 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

20 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

10 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100 100

5 100 35 100 100 95 100 100 100 5 100 35 95 100 100 65  82.00

25 100 0O 100 O 50 100 100 8 O 100 O O 100 50 O 5200

1 100 0 5 0 o0 O 0 15 0 0 0 0 100 0 0 1467

Avg 100 62 8 71 78 8 8 85 58 8 62 71 100 79 66 7838

. 15 region . 20 region - 26 region

1 2 3 L 5 6 7 8 9 10 11 12 13 14 15

Object class
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o

4

o
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2

o

o
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D 15, 20 uag 26 @

d' o P [ 1 1 oA | J
NaN1IMAaedlua1s199 4.1 dauonan1maass Weyvinnisuusdrudilodudiuiu
15 @9u d11150n19 Training wazn13 Testing AelATIUNUTTAMITNY NAANSANLIUGIVDY
o w v a ) Y o . &
n153nd1ingluaninmindeniinnuaudnvoaninluan1iglsdyainsuniu (S/N =inf) Aa
99.33% uaglanageuselasiiiudyyrusuniudilulussvuwasmAianugndeaaie Ka

Usngidszdnsainanas anugnaesfilaainnisnaaeuilowtsdiudfedu 15 daufe
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71.14% ndulunisnaasnusdaiudilosnnidu 20 d@1unas 26 d@1uUnazyinn1snaaauiy
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4.2.3 NM59939139931nN1514 Tactile Sensor
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wiln gilnaz 100 ATINUIMINITANAABYINTT Training LWEOE19LAYY LA2Y11N15 Testing

Wud dAnugneienadveg 58.6% laeingiidaugnaedunsandiunignegnnadn &

122



A1AUNABLluN1TIATITe 100% uazdinida1arugnaedlun1sandt deugaroUseualian
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M13199 4.4 HAN5INT1IREA1NNTSY Tactile Sensor 33uUNT591 Statistic Descriptor

Sngilinaaey % ANUONADY

. () (s) W, s)

w2 22 71 84
annail 100 100 100

YU 29 54 81
Sluvaealnsa 43 100 100

Uz 12 55 79
Usguannindsy 76 100 100
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M13199 4.4 HaN15999130g91nN151Y Tactile Sensor $3uuN159 Statistic Descriptor (5i9)

Sngilinaaey % ANUONADY
. i (D) (s) (ws)
WyignUIAn 70 93 96
WsenuvAsy 73 99 93
wvieanau 85 100 100
IAPRE: 76 97 99
% ANgNFDILRAY 58.6 86.9 93.2
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4.3 \uasuuulng

4.3.1 Sensor Sensitivity
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ALY Sensor C1 R =216 x P7%% a.1)

ALY Sensor S1 R =254 x p7%%7 (4.2)
AU Sensor M1 R =244 x p7%%7 (4.3)
AP IUNULRAY R =228 x p7%7 (4.4)

e R Aeanudiunmumbedulay kQ, waz P fe wssnunnaduwas mhodu kPa

4.3.2 Sensor Hysteresis and Reproducibility

Hysteresis 28dugaslASUNISNATBUAIBLSIAUAILA O kPa ©i9 300 kPa lneifiyl
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Ao . o Yo & v Y] v ¢ Y] Y q'
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4.3.3 Tactile Image and Resolution Enhance
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(B) “Remote controller”

(O) “Plastic tongs”
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(B) Tactile Image 8% “Remote controller”

asasasas

(O) Tactile Image w89 “Plastic tongs”
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M19197 4.5 KANINAABUNITINTIINGUaIBVUEURAI8T8 DCNN

Model Accuracy of 16 x 16 Pixels Accuracy of 512 x 512 Pixels

Min Max  Mean SD Min Max  Mean SD

AlexNet 76.40 8055 T77.66 @ 1.27 84 85.2 8442 0.40
VGG16 7995 8185 8092 058 857 8835 8694 0.78
VGG19 80.10 84.20 8184 1.11 86.4  88.6 87.62 0.66
GoogleNet 85.15 86.30 8557 036 892 91.01 90.09 0.59
ResNet18 80.05 83.00 8136 0.99 8525 8725 865 061
ResNet50 81.55 84.60 8287 095 861 8855 8759 082
ResNet101 81.75 8540 8361 1.12 86.75 89.65 88.07 0.85

Place365GooglLeNet 74.80 81.00 7840 1.84 872 89.75 8856 0.80

InceptionNetV3 85.25 87.45 86.47 0.75 90.1 91.8 91.06 0.50

EfficienNetBO 7125 7695 7418 201 7125 7695 74.18 201
SqueezeNet 39.02 4150 4021 1.71 455 516 4833 1.71
InceptionResNetV2  84.55 87.20 85.15 0.91 90.7  93.05 91.86 0.70

DarkNet19 61.60 68.05 6501 1.74 75 78.8 7736 1.17

DarkNet53 7730 8155 7944 143 8385 86.2 8542 0.90

DenseNet201 82.40 86.10 8379 115 879 89.6 88.69 056

XceptionNet 82.45 86.15 8448 1.06 91 91.85 914 029

NASNetMobile 85.10 8735 8636 0.69 8435 916 89.72 208

ShuffleNet 81.65 8380 8265 0.78 87.25 888 88.16 055

MobileNetV2 8230 8555 8392 092 8735 899 8823 0.73

NANNSVAAEUALA319T 4.6 1Tunadiliannisnaaeun1sIndIingannIs
NAFBUAIBAINVUIA 16 x 16 pixels FuTunaiildain InceptionNetV3 wag nadildainnis
VAABUMENINYLIA 512 x 512 pixels Saiunaiiléanin InceptionResNetv2 nuiningiiszuu
fiUszAnSnamgefie Computer mouse AmgNABI 99.2% wazingiilinanisinegndes
tfoufigafe Cup fiAugndes 78.5% 1esaniideyanin Tactile image Ad18AY Cream

bottle
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M1519% 4.6 Nan15INTVRITNquUsag Class

Class Object Accuracy of Accuracy of
16 x 16 Pixels (%) 512 x 512 pixels (%)

1. Battery 95.0 97.2
2. Remote Controller 84.8 91.2
3. Plastic tongs 79.6 86.9
a. Screw driver 82.2 90.0
5. Cup 67.6 78.5
6. Scissors 92.2 93.3
7. Fixed wrench 93.2 98.6
8. Allen key 86.9 90.4
9. Golf ball 96.9 98.2
10. Tape measure 90.9 95.5
11. Computer mouse 85.6 99.2
12. Brush 93.6 97.3
13. Amp meter 90.7 93.6
14. Cola bottle 88.2 925
15. Pen 82.7 87.8
16. Charger 85.2 88.5
17. Soda Bottle 87.3 96.4
18. Variable wrench 82.5 85.1
19. Water bottle 85.3 93.7
20. Cream bottle 78.9 82.9

average 86.47 91.86

Tuguil 4.20 (A) uanawan1sand #iléain DCNN 19 Model uaz luguil 4.20 ()

v =

LERINaN153nINLARIN InceptionResNetV2 vadwsay Class wuiningiissuuliuseansnings

9

e Computer mouse, Golf ball and Fixed wrench &ilA1A111YNABIEINTT 98.2%, duing

Y

Class M liHan159n3101gAAD Cup WAz Cream bottle T9dAUYNABIAINIT 78.5% uay
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4.4.2.3 N159AI1IHRINNNTYT Object Exploration
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DCNN Tun1siiesnest madfiuussavsnmlunisaasanunsavinldlaensduTnguansasud,
WA Maximum of Probability (Pyqy) 139 Summation of Probability (Pyym,) KaN15Maaes
wansnaluguil 4.21 lngmsiisuiisunalagld 2 35Tunnsiins1e%Ae InceptionResNetv2
wazn 1314 InceptionResNetv2 $aufu XceptionNet wait ldwuindlewfiusuauadslunsdu
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4.5 N153931INQ3MN Glove Tactile Sensor

n1snAaesiladuenisidis Artificial Intelligence d115un153nd1IngaNNISEUNE

'
=Y

WI9SULUUYDY Tactile Sensor HaNWae lASIAS1LUULA 8N UL DUBINUBEAIENITULAUDNNS

Y 9

o w Y

ANT1IRNIINNT5EY Glove Tactile Sensor F9in15AnR9 Tactile Sensor ﬂﬁzmaaguiﬁam

q

9 4

Qe )

)=

[y % )= v A & a o [~ . < Y
YAFUANALVUBDUNUNDUBDIUY WY HanwuztUu Tactile Sensor YUIALANNTEINLAININIUD

Tactile Image laannn1sduinganiuSeuieulssdnsamlaensly 2 3lunsiasey

137



Aa o I
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4.5.1.1 KNN
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Output Class
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Target Class Target Class

(A) Halladuing 1 A3 (B) watiladuing 10 A3

5UN 4.27 #an1593119903875 BoF Waduing 1 ASeI838 SVM 531U SIFT Descriptor

4.5.2 MINAABITANINLLUU DCNN d1w3u Glove Tactile Sensor

ot Data Set yaufefufivUds BoF snnaaeulaglds DCNN 7 Model Usznausne
AlexNet, VggNet19, GoogleNet, InceptionNetV3, InceptionRestNetV2, XceptionNet g ¥
NASNetMobile Han15MAdBULAAIIANTIST 4.7 Fanadildnudn DONN Alsmnugndedluns
yhunenagefianfe InceptionNetv3 Tavilianugneosegd 98.28 % uas InceptionNetV3 7
Tonalndifsatulasiiinnnugndesedil 98.26 % uailduanslildegredaauini® DONN
AUYNABIgINI135 BoF Aatududuasimneantunsinlussgndldiussuuandive

Yiugus Humanoid 11nN37

M15199 4.7 HaN15ANI1NNITNAADU Glove Tactile Sensor A3 DCNN

Model Accuracy
Min Max Mean SD
AlexNet 96.40 97.25 96.91 0.30
VggNet19 97.20 98.05 97.49 0.35
GoogleNet 97.20 98.20 91.71 0.33
InceptionNetV3 97.60 98.75 98.28 0.38
InceptionRestNetV2 97.90 98.65 98.26 0.35
XceptionNet 96.40 97.35 96.97 0.42
NASNetMobile 89.10 94.30 92.35 2.26
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M1319% 4.8 NaN13INTIVBINGUsaE Class 13U Glove Tactile Sensor

Class Object Accuracy of Accuracy of
InceptionRestNetV2 InceptionNetV3

1. Battery 99.7 99.8
2. Cup 100.0 100.0
3. Plastic tongs 94.1 98.2
a. Remote controller 98.7 99.6
5. Golf Ball 97.0 99.8
6. Scissors 98.4 96.9
7. Variable wrench 97.5 98.6
8. Allen key 97.5 99.3
9. Screwdriver 99.6 99.6
10. Tape measure 99.8 100.0
11. Cube 100.0 99.8
12. Rectangular 99.2 99.0
13. Triangular prism /8 99.4
14. Pyramid 97.6 96.5
15. Tetrahedron 98.0 96.8
16. Large cylinder 99.6 96.0
17. Small cylinder 98.3 96.8
18. Cone 96.8 96.4
19. Oval 98.8 97.1
20. Sphere 95.9 96.0

average 98.26 98.28

143



Tus Ul 4.28 (A) WanIHANITINTIA L9 DCNN 7 Model & suat liann
InceptionNetV3 Ta1Augniesgeiian uag InceptionRestNetV2 lananisnaasulndidssiu
iU InceptionNetV3 Iugﬂﬁ 4.28 (B) uaninan13ansiiléannnisnageusae InceptionNetV3
Fauansuanisandluusiay Class wuiringiissuuiiuss@vsnmgsie Cub wag Tape measure
BaileirAugneiosgsdia 100.0%, druing Class filian1sandiingnde Sphere Lipsanam
tactile Image 904 Sphere A& golf ball Favilignyiunenailiu golf ball uazwuin g
Afgunsanpsgruanesuiianuianainuinniningludinuszdriu dumidieraidloswnain

o

npifigUnssnasgunagedsiidnwazadiondeiu narsouiisululugui 4.29 uansloii
JAufanaiaiiiadufu Class 5 (golf ball) Saruduusiu Class 20 (Sphere) 1184910
A tactile Image 904 golf ball A§ 18U Sphere WuLoe wazlil esUTe Ui sunasening
AlexNet U InceptionNetV3 agnuin AlexNet fn1sviunenadiianaindi Class 5 wag Class
20 geninlpglanzegnaiiulddn fududeugniesiuiinii3s InceptionNetvs

100 *

Mean recognition rate (%)

DCNN
(A) 6an159m91970 DCNN 7 Model

T I I T T I I T I T T

)

—

o

o
I

95

90

Mean recognition rate (%

85
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Class

(B) Han15andingusay Class g InceptionNetV3

JUN 4.28 Han3and1Tngaie Glove Tactile Sensor #ilain1snaaeudIe DCNN

144



g
utput Class

SR EO0A LMl ERLBeP R N R T

Target Class

(A) AlexNet (B) InceptionNetV3

Target Class

5Ufl 4.29 Confusion Matrix kandxan 15903 13maaae3s DONN AlexNet Law InceptionNetV3

4.5.3 11599913M9a1NN1591 Object Exploration fe Glove Tactile Sensor

Wuieafuiite 4.4.2.3 fagdraningedsandealnenisdansduinguansass
diglkanunsaviuenadnsliedagnies daduddldnanasdnataglaensduinguarsads
wazleis DCNN Tun193ATIZ9ALaINIAT Maximum of Probability (P,q,) Wag Summation of
Probability (Pyym) wamamaamamﬂugﬂﬁ 4.30 Tnun1siussuisunalagly 2 35Tun1s

FA519iAD AlexNet wag InceptionNetV3 waitlanuindaiiudnuiuasslunisiuingnou

UEHARAIANYNABIILEITUTB1ETE InceptionNetV3 2 nAAINgNABY 97.2% LTy

' ¥
a = v

99.0% Waduinguindudu 2 A3 dnsianugndsusuasiiuazliiiuduialinisduing

1NN 6 AT 1A InceptionNetV3 dA1ANgAABIN 100% FnFun15IANITUINNTT 6 AT
WATVHIIINTUINUIEUIN 10 ATINBUMIUIENANUIIMINITIYIT Maximum of Probability

Wag Summation of Probability fiadugnevdlunisvitungnata 100% Fauananagui 4.31

100.5 T T T T T
< 100 - ]
Q
© 995 i
c
S 99t |
5
§ 985 ]
o 98 |- —#— max-AlexNet ]
% —#— sum-AlexNet
g 975 r #—— max-InceptionNetV3 | -

—%¥—— sum-InceptionNetV3

97 1 1 1 1 1
2 4 6 8 10

_ Number of handling
3UN 4.30 #ansanddlevimsdisiaingreuinuiexa

145



= N
L T B - N T S L .
Terget Class Targe: Class '
(A) 1 image (B) 10 image Maximum of

Probability

g

Cutput Class
B =% & B B 3 B 2

AU RE DA BADAAL BEEL AP

Tasget Class

(C) 10 image Summation of

Probability

5U# 4.31 Confusion Matrix wanINaN13IATNL0YINNN5E1519109 10 ATINEUYIUNENE

146



unil 5
agUnan1Ideuazaauaue

Tuunilagnanivazunan1sideivinuvmus suluiaausiulunisihawided

Tuimwmseussyndldlusunansiely

5.1 d3UNan15IvY
qm’?fﬂ’aﬁﬁwmiﬁﬂ‘mmmm’ﬁmqmﬂms‘dazmawamwﬁiﬁmmmaﬁmﬁa JGE
M3 NIINNANYINITIRTI IR aInNsTUTngueslionyudd sluniimaaedldliis
Machine Learning Tun1s3iasizsinalunisansa Tagld ANN Tuni1saiduaudanuinnisuus
druvesnmitldannsdudanulasiaisesdenyudaunsariinisandringleifusged
Mntudldhmsiannnuidelasld Tactile Sensor SaufunIswamIIRIELAT UazsnIg
AAT1LRN1990T1A875 ANN 59U Statistic Descriptor WUITEUUNTIAT @5l
Hueded wiifesnumaveaduwesiivmaliwangautunisiadsiidnile Seldeanuuy
Tactile Sensor WUU Piezoresistive lagdiaua 16 x 16 Pixels AUUIAN18AIN 56.0 x 56.0
mm? Wil Sensor fvwiafianyauivsuisvesihile uagimuliiaaillunisin
qa%’yuimamiaamwu Electrode kU Square Electrode . 980 Dead Area voud uiwes
mﬂﬁ?uﬁflmamﬁy’aLﬁihﬁuﬂﬂﬁamaaﬁuaumawmaauﬁui’mqLﬁaﬁﬂuﬂama%aaﬁ’mqﬁagiuﬁa s
NAABUNAILIUL Algorithm 2 35R® BoF wag DCNN 1ag3s BoF 14 Descriptor 3 75Aa Moment
Analysis, Pola Furrier wag SIFT $2uAU35 Classify 3 39A8 KNN, ANN tag SVM squiuni1siin
Sub-Image WuU1115n151075 Polar Fourier Descriptor $21AU SVM iﬁmaﬂﬂiﬂmﬁﬂq&ﬁlﬁjm
dosndamuusiugiuinndt 80% Weduiatng 14 ads (p=19) fvunadanes 30 adainos
(w=30) wazn151438 Polar Fourier $3uAy KNN Timaussiuglnaiagsiuae Ia11uusuen
11N 80% Wledudiatag 15 as (p=15) flvumedames 30 adained (w=30) d2u3s ANN
Fosduing 19 Adsnuusiug13eazgendn 80% wagnan1svaaauAa833 DCNN 19 Model
WU3135 InceptionNetv3 ldmugniesgegndl 86.47% oduingiisnsadien uazilor
N15U5UU590MA3875 Bicubic Interpolation iR Tactile Image 10U 512 x 512 Pixels
wu3133 InceptionResNetv2 liAnAugNiasgeaail 91.86% antuldWana Glove Tactile
Sensor F3Usnausie Tactile Sensor Array 15 anuaaduiiavesiiile uazvinnsvaaause

78 BoF uay DCNN wu31n15l9 Glove Tactile Sensor lvimanugneasdandinislyd Tactile



Yaa

Sensor i lflowesgaiaed laedlald3535 BoF wud1nisld SvM 1y Classifier saufy

LY

Moment Analysis Descriptor liaa1ugndesgeign lngliai1ugniedainia 80% tun1siu

Y 9

Yaa

T 5 a4 (p=5) 1l ot Cluster 1iu 30 Cluster (w=30) uaz35 DCNN nui1n151433

InceptionNetV3 Tinaugnaesasianlaglvidiminugnaesi 98.28% lun1sduingiiesnsusen

(%
LY

A4 umaﬁ@umﬁwmﬁLﬂumsﬂ’wmmiﬁ]@ﬁfﬁmqmﬂmiﬁ’uﬁai’mqéﬁﬂﬁa1ﬂmiﬂismawa

'
a1

U
ayaieuldann Tactile Sensor wotluiiuglunsihludszgndlddmsussuvandringues

=19

viugudiaiiounyudaaly

5.2 YDLEUDLUY

3

Wawnanswaunldslylailudszendldasdudaanamnssy mszdnyasvesile

=Y

vuguiuiinsoenuuuiuanAaiy Aslunisiawudnyalvesdumesiiaunsaldliiulie

6

' = s J v & a v = o a ! 2/ a [ =
NUBUALFNBUNUYEUUUAN gaudannng iuamﬂmammmmmzmLuuvLiJmmiwmm:ua

a '

ViuguAnIUsEavEAngesIniuseuy Tactile Sensor ianansavitausiuiulaegramungay

148



UITUIUNIY

[1] Y. Matsuoka, "Embodiment and Manipulation Learning Process for a Humanoid
Hand," Master of Science Thesis, Electrical Engineering and Computer Science,
Massachusetts Institute of Technology, Massachusetts, 1995

[2] T. L. Baldi, S. Scheggi, L. Meli, M. Mohammadi and D. Prattichizzo, "GESTO: A Glove
for Enhanced Sensing and Touching Based on Inertial and Magnetic Sensors
for Hand Tracking and Cutaneous Feedback," IEEE Transactions on Human-
Machine Systems, vol. 47, no. 6, pp. 1066-1076, Dec 2017. doi:
10.1109/THMS.2017.2720667.

[3] S. J. Lederman, and R. L. Klatzky, "Haptic perception: A tutorial," Attention,
Perception, & Psychophysics, vol. 71, No. 7, pp. 1439-1459, Oct 2009.
doi:10.3758/APP.71.7.1439

[4] A. Saudabayev, and H. A. Varol, "Sensors for Robotic Hands: A Survey of State of the
Art," [EEE Access, vol. 3, pp. 1765-1782, 2015.
doi:10.1109/ACCESS.2015.2482543

[5] Z. Kappassov, J.A. Corrales, and V. Perdereau, "Tactile sensing in dexterous robot
hands — Review," Robotics and Autonomous Systems, vol 74, pp. 195-220,
Dec 2015. doi:10.1016/j.robot.2015.07.015

[6] A. Schmitz, M. Maggiali, L. Natale, and G. Metta, "Touch sensors for humanoid
hands," in 19th International Symposium in Robot and Human Interactive
Communication, 2010, pp. 691-697. doi:10.1109/ROMAN.2010.5598609

[7]1 A. Schmitz, M. Maggiali, L. Natale, B. Bonino, and G. Metta, "A tactile sensor for the
fingertips of the humanoid robot iCub," in 2010 IEEE/RSJ International
Conference on Intelligent Robots and Systems, 2010, pp. 2212-2217.
doi:10.1109/1R0S.2010.5648838

[8] M. Kaboli, R. Walker, and G. Cheng, "Re-using prior tactile experience by robotic
hands to discriminate in-hand objects via texture properties," in 2016 IEEE
International Conference on Robotics and Automation (ICRA), 2016, pp. 2242-
2247. doi:10.1109/ICRA.2016.7487372



UIIUIYNTH (AD)

[9] D. Goger, N. Gorges, and H. Worn, "Tactile sensing for an anthropomorphic robotic
hand: Hardware and signal processing," in 2009 IEEE International Conference
on Robotics and Automation, 2009, pp. 895-901.
doi:10.1109/ROBOT.2009.5152650

[10] H. Liu, J. Greco, X. Song, J. Bimbo, L. Seneviratne, and K. Althoefer, "Tactile image
based contact shape recognition using neural network," in 2012 IEEE
International Conference on Multisensor Fusion and Integration for Intellicent
Systems (MFI), 2012, pp. 138-143. doi:10.1109/MFI.2012.6343036

[11] J. Schill, J. Laaksonen, M. Przybylski, V. Kyrki, T. Asfour, and R. Dillmann, "Learning
continuous grasp stability for a humanoid robot hand based on tactile
sensing," in 2012 4th IEEE RAS & EMBS International Conference on
Biomedlical Robotics and Biomechatronics (BioRob), 2012, pp. 1901-1906.
doi:10.1109/BioRob.2012.6290749

[12] Z. Liao, W. Zhang, D. Kim, D. Im, K. Lim, and T. Miyoshi, "Recognition of the three-
dimensional shape of objects grasped for PESA multi-fingered robot hand,” in
2016 IEEE International Conference on Real-time Computing and Robotics
(RCAR), 2016, pp. 472-476. doi:10.1109/RCAR.2016.7784075

[13] J. M. Romano, K. Hsiao, G. Niemeyer, S. Chitta, and K. J. Kuchenbecker, "Human-
Inspired Robotic Grasp Control With Tactile Sensing," [EEE Transactions on
Robotics, vol. 27, No. 6, pp. 1067-1079, Dec. 2011.
doi:10.1109/TRO.2011.2162271

[14] J. S. Son, R. Howe, J. Wang, and G. D. Hager, "Preliminary results on grasping with
vision and touch," in Proceedings of IEEE/RSJ International Conference on
Intellisent Robots and Systems (IROS '96), 1996, pp. 1068-1075.
doi:10.1109/1R0OS.1996.568952.

[15] R. Fernandez, A.S. Vazquez, | Payo, and A. Adan, "A Comparison of Tactile Sensors
for In-Hand Object Location," Journal of Sensors, vol 2016 pp. 2943610. Jan
2016. doi:10.1155/2016/2943610

150



UIIUIYNTH (AD)

[16] J. M. Gandarias, A. J. Garcia-Cerezo, and J. M. Gbmez-de-Gabriel, "CNN-Based
Methods for Object Recognition With High-Resolution Tactile Sensors," IEEE
Sensors Journal, vol. 19, No. 16, pp. 6872-6882, Aug 2019.
doi:10.1109/JSEN.2019.2912968

[17] F. Pastor, J. M. Gandarias, A. J. Garcia-Cerezo, and J. M. Gomez-de-Gabiriel, "Using
3D Convolutional Neural Networks for Tactile Object Recognition with Robotic
Palpation," Sensors, vol. 19, pp. 5356, Dec 2019. doi:10.3390/519245356

[18] S. Huang, and H. Wu, "Texture Recognition Based on Perception Data from a Bionic
Tactile Sensor," Sensors, vol. 21, pp 5224, Aug 2021. doi:10.3390/521155224

[19] S. Luo, W. Mou, K. Althoefer, and H. Liu, "Novel Tactile-SIFT Descriptor for Object
Shape Recognition," IEEE Sensors Journal, vol. 15, No. 9, pp. 5001-5009, Sept
2015. doi:10.1109/JSEN.2015.2432127

[20] T. Matsubara, and K. Shibata, "Active tactile exploration with uncertainty and travel
cost for fast shape estimation of unknown objects," Robotics and Autonomous
Systems, vol. 91, pp. 314-326 Feb 2017. doi:10.1016/j.robot.2017.01.014

[21] A. M. Almassri, W. Z. Wan Hasan, S. A. Ahmad, A. J. Ishak, A. M. Ghazali, D. N. Talib,
and C. Wada, "Pressure Sensor: State of the Art, Design, and Application for
Robotic Hand," Journal of Sensors, vol. 2015, pp. 846487 Dec 2014.
doi:10.1155/2015/846487

[22] Pressure Sensor Catalouge-PPS (online), 2021, Available:
https://pressureprofile.com/catalog (17 October 2001).

[23] A. Schmitz, P. Maiolino, M. Maggiali, L. Natale, G. Cannata, and G. Metta, "Methods
and Technologies for the Implementation of Large-Scale Robot Tactile Sensors,"
IEEE Transactions on Robotics, vol. 27, No. 3, pp. 389-400, June 2011.
doi:10.1109/TRO.2011.2132930

151



UIIUIYNTH (AD)

[24] T. D. Nguyena, H. S. Hana, H. Y. Shina, C. T. Nguyena, H. Phunga, H. V. Hoangb, and
H. R. Choia, "Highly sensitive flexible proximity tactile array sensor by
usingcarbon micro coils," Sensors and Actuators A: Physical, vol. 266, pp. 166—
177, Sep 2017. doi:10.1016/j.sna.2017.09.013

[25] Z. Ji, H. Zhu, H. Liu, N. Liu, T. Chen, Z. Yang, and L. Sun, "The Design and
Characterization of a Flexible Tactile Sensing Array for Robot Skin," Sensors,
vol. 16, pp. 2001, Nov 2016. doi:10.3390/516122001
https://doi.org/10.1016/j.nanoen.2018.05.061

[26] T. S. Ramadoss, Y. Ishii, A. Chinnappan, M. H. Ang, and S. Ramakrishna, "Fabrication
of Pressure Sensor Using Electrospinning Method for Robotic Tactile Sensing
Application," Nanomaterials, vol. 2021, No. 11, pp.1320. May 2021.
doi:10.3390/nano11051320

[27] W. Ding, L. Lu, Y. Chen, J. Liu, and B. Yang, "Flexible P(VDF-TrFE) Shared Bottom
Electrode Sensor Array Assisted with Machine Learning for Motion Detection,"
Coatings, vol. 2020, No. 10, pp. 1094 Nov 2020. doi:10.3390/coatings10111094

[28] X. X. Zhu, Z. B. Li, X. S. Li, L. Su, X. Y. Wei, S. Y. Kuang, B. W. Su, J. Yang, Z. L.
Wang, and G. Zhu, "Triboelectrification-enabled thin-film tactile matrix for self-
powered high-resolution imaging." Nano Energy, vol. 50, pp. 497-503, Aug
2018. doi:10.1016/j.nanoen.2018.05.061

[29] H. Xie, H. Liu, S. Luo, L. D. Seneviratne, and K. Althoefer, "Fiber optics tactile array
probe for tissue palpation during minimally invasive surgery," in 2013 IEEE/RSJ
International Conference on Intelligent Robots and Systems, 2013, pp. 2539-
2544. doi:10.1109/IR0S.2013.6696714

[30] A. Cirillo, P. Cirillo, G. De Maria, C. Natale, and S. Pirozzi, "A Distributed Tactile
Sensor for Intuitive Human-Robot Interfacing," Journal of Sensors, vol. 2017,

pp. 1357061, April 2017. doi:10.1155/2017/1357061

152



UIIUIYNTH (AD)

[31] J. Konstantinova, A. Stilli, and K. Althoefer, "Fingertip Fiber Optical Tactile Array
with Two-Level Spring Structure," Sensors, vol. 17, pp. 2337.
doi:10.3390/517102337

[32] K. Weiss, and H. Worn, "The working principle of resistive tactile sensor cells," in
IEEE International Conference Mechatronics and Automation 2005, 2005, pp.
471-476. doi:10.1109/ICMA.2005.1626593

[33] F. Pizarro, P. Villavicencio, D. Yunge, M. Rodriguez, G. Hermosilla, and A. Leiva,
"Easy-to-Build Textile Pressure Sensor," Sensors, vol. 18, pp. 1190, April 2018.
doi:10.3390/518041190

[34] H. Nakamoto, F. Kobayashi, I. Nobuaki, S. Hidenori, and F. Kojima, "Universal robot
hand equipped with tactile and joint torque sensors development and
experiments on stiffness and object recognition," Sytemics, Cybernetics and
Informatic, vol. 5, pp. 79-84, 2007.

[35] Y. W. R. Amarasinghe, A. L. Kulasekera, and T. G. P. Priyadarshana, "Quantum
Tunneling Composite (QTC) based tactile sensor array for dynamic pressure
distribution measurement," in 2013 Seventh International Conference on
Sensing Technology (ICST), 2013, pp. 1-4. doi:10.1109/ICSensT.2013.6727794

[36] S. Ando, and H. Shinoda, "Ultrasonic emission tactile sensing," [EEE Control Systems
Magazine, vol. 15, No. 1, pp. 61-69, Feb 1995. doi:10.1109/37.341866

[37] C. S. Chang, and Y. C. Lee, "Ultrasonic Touch Sensing System Based on Lamb
Waves and Convolutional Neural Network," Sensors, vol. 20, pp. 2619, May
2020. doi:10.3390/520092619

[38] H. Wang, G. de Boer, J. Kow, A. Alazmani, M. Ghajari, R. Hewson, and P. Culmer,
"Design Methodology for Magnetic Field-Based Soft Tri-Axis Tactile Sensors,"
Sensors, vol. 16, pp. 1356, Aug2016. doi:10.3390/516091356

153



UIIUIYNTH (AD)

[39] H. Nakamoto, T. Wakabayashi, F. Kobayashi, and F. Kojima, "Estimation of
Displacement and Rotation by Magnetic Tactile Sensor Using Stepwise
Regression Analysis," Journal of Sensors, vol. 2014, pp. 459059, Oct 2014.
doi:10.1155/2014/459059

[40] C. Sferrazza, and R. D’Andrea, "Design, Motivation and Evaluation of a Full-
Resolution Optical Tactile Sensor," Sensors, vol. 19, pp. 928, Feb 2019.
doi:10.3390/519040928

[41] W. Yuan, S. Dong, and E. H. Adelson, "GelSight: High-Resolution Robot Tactile
Sensors for Estimating Geometry and Force," Sensors, vol. 17, pp. 2762, Nov
2017. doi:10.3390/s17122762

[42] H. Jiang, Y. Yan, X. Zhu, and C. Zhang, "A 3-D Surface Reconstruction with Shadow
Processing for Optical Tactile Sensors," Sensors, vol. 18, pp. 2785, Aug 2018.
doi:10.3390/518092785

[43] C. A. Gutierrez, and E. Meng, "A dual function Parylene-based biomimetic tactile
sensor and actuator for next generation mechanically responsive
microelectrode arrays," in Transducers 2009 - 2009 International Solid-State
Sensors, Actuators and Microsystems Conference, 2009, pp. 2194-2197.
doi:10.1109/SENSOR.2009.5285612

[44] H. Shinoda, and H. Oasa, "Wireless tactile sensing element using stress-sensitive
resonator," IEEE/ASME Transactions on Mechatronics, vol. 5, No. 3, pp. 258-
265, Sept 2000. doi:10.1109/3516.868917

[45] M. M. Iskarous, and N. V. Thakor, "E-Skins: Biomimetic Sensing and Encoding for
Upper Limb Prostheses," Proceedings of the IEEE, vol. 107, No. 10, pp. 2052-
2064, Oct 2019. doi:10.1109/JPROC.2019.2939369

[46] Y. Al-Handarish, O. M. Omisore, T. Igbe, S. Han, H. Li, W. Du, J. Zhang, and L. Wang,
"A Survey of Tactile-Sensing Systems and Their Applications in Biomedical
Engineering," Advances in Materials Science and Engineering, vol. 2020, pp.

4047937, Jan 2020. doi:10.1155/2020/4047937

154



UIIUIYNTH (AD)

[47] G. Palli, and S. Pirozzi, "A Tactile-BasedWire Manipulation System for Manufacturing
Applications," Robotics, vol. 8, pp. 46, June 2019. doi:10.3390/robotics8020046

[48] Z. You, and Y. Chen, "The Use of Tactile Sensors and PIV Analysis for
Understanding the Bearing Mechanism of Pile Groups," Sensors, vol. 18, pp.
476, Feb 2018. doi:10.3390/518020476

[49] D. Giovanelli, and E. Farella, "Force Sensing Resistor and Evaluation of Technology
for Wearable Body Pressure Sensing," Journal of Sensors, vol. 2016, pp.
9391850, Jan 2016. doi:10.1155/2016/9391850

[50] L. Zou, C. Ge, J. Wang, E. Cretu, and X. Li, "Novel Tactile Sensor Technology and
Smart Tactile Sensing Systems: A Review," Sensors, vol. 17, pp. 2653, Nov
2017. doi:10.3390/517112653

[51] W. Y. Chang, T. H. Fang, S. H. Yeh, and Y. C. Lin, "Flexible Electronics Sensors for
Tactile Multi-Touching," Sensors, vol. 9, pp. 1188-1203, Feb 2009.
doi:10.3390/59021188

[52] D. J. van den Heever, K. Schreve, and C. Scheffer, "Tactile Sensing Using Force
Sensing Resistors and a Super-Resolution Algorithm," IEEE Sensors Journal, vol.
9, No. 1, pp. 29-35, Jan 2009. doi:10.1109/JSEN.2008.2008891

[ 53] J.Castellanos-Ramosa, R. Navas-Gonzaleza, H. Maciciorb, T. Sikorab, E. Ochotecob,
and F. Vidal-Verdua, "Tactile Sensors Based on Conductive Polymers,"
Microsystem Technologies, vol.16, No. 5, pp. 765-776, May 2010.
doi:10.1007/500542-009-0958-3

[54] A. Drimus, G. Kootstra, A. Bilberg, and D. Kragic, "Classification of rigid and
deformable objects using a novel tactile sensor," in 2011 15th International
Conference on Advanced Robotics (ICAR), 2011, pp. 427-434.
doi:10.1109/ICAR.2011.6088622.

[55] H. Wang, D. Zhou, and J. Cao, "Development of a Skin-Like Tactile Sensor Array for
Curved Surface," IEEE Sensors Journal, vol. 14, No. 1, pp. 55-61, Jan. 2014,
doi:10.1109/JSEN.2013.2279394.

155



UIIUIYNTH (AD)

[56] S. Khan, S. Tinku, L. Lorenzelli, and R. S. Dahiya, "Flexible Tactile Sensors Using
Screen-Printed P(VDF-TrFE) and MWCNT/PDMS Composites," IEEE Sensors
Journal, vol. 15, no. 6, pp. 3146-3155, June 2015.
doi:10.1109/JSEN.2014.2368989.

[57] Y. H. Liu, Y. T. Hsiao, W. T. Cheng, Y. C. Liu, and J. Y. Su, "Low-Resolution Tactile
Image Recognition for Automated Robotic Assembly Using Kernel PCA-Based
Feature Fusion and Multiple Kernel Learning-Based Support Vector Machine,"
Mathematical Problems in Engineering, vol. 2014, pp. 497275, Feb 2014.
doi:10.1155/2014/497275

[58] F. Wang, Y. Song, Z. Zhang, and W. Chen, "Structure Analysis and Decoupling
Research of a Novel Flexible Tactile Sensor Array," Journal of Sensors, vol.
2015, pp. 476403, May 2015. doi:10.1155/2015/476403

[59] Y. C. Tsai, C. W. Ma, Y. H. Lin, and Y. J. Yang, "Development of a Large-Area 8 x 8
Tactile Sensing Array with High Sensitivity," Sensors and Materials, vol. 29, No.
3, pp. 303-309, Feb 2017. doi:10.18494/SAM.2017.1456

[60] C. Gerlach, A. Sanli, R. Ramalingame, and O. Kanoun, "Flexible, dynamic
piezoresistive sensor matrix based on carbon nanotube polymer composite
for pressure distribution measurement," Journal of Sensors and Sensor
Systems, vol. 8, No. 1, pp. 1-7, Jan 2019. doi:10.5194/jsss-8-1-2019

[61] R. Ramalingame, Z. Hu, C. Gerlach, D. Rajendran, T. Zubkova, R. Baumann, and O.
Kanoun, "Flexible piezoresistive sensor matrix based on a carbon nanotube
PDMS composite for dynamic pressure distribution measurement," Journal of
Sensors and Sensor Systems, vol. 8, pp. 1-7, Jan 2019 doi:10.5194/jsss-8-1-
2019

[62] S. Luo "Object Perception Through Tactile Images," Doctor of Philosophy Thesis,

Department of Informatics, King’s College, London, 2016.

156



UIIUIYNTH (AD)

[63] A. Schneider, J. Sturm, C. Stachniss, M. Reisert, H. Burkhardt, and W. Burgard,
"Object identification with tactile sensors using bag-of-features," in 2009
IEEE/RSJ International Conference on Intelligent Robots and Systems, St.
Louis, MO, USA, 2009, pp. 243-248. doi:10.1109/IR0S.2009.5354648

[64] N. Gorges, S. Escaida Navarro, D. Goger, and H. Wérn, "Haptic object recognition
using passive joints and haptic key features," in 2010 IEEE International
Conference on Robotics and Automation, Anchorage, AK, USA, 2010, pp.
2349-2355. doi:10.1109/ROBOT.2010.5509553

[65] A. Drimus, G. Kootstra, A. Bilberg and D. Kragic, "Classification of rigid and
deformable objects using a novel tactile sensor," in 2011 15th International
Conference on Advanced Robotics (ICAR), Tallinn, Estonia, 2011, pp. 427-434.
doi:10.1109/ICAR.2011.6088622

[66] Z. Pezzementi, E. Plaku, C. Reyda and G. D. Hager, "Tactile-Object Recognition
From Appearance Information," IEEE Transactions on Robotics, vol. 27, No. 3,
pp. 473-487, June 2011. doi:10.1109/TRO.2011.2125350.

[67] T. Bhattacharjee, J. M. Rehg, and C. C. Kemp, "Haptic classification and recognition
of objects using a tactile sensing forearm," in 2012 IEEE/RSJ International
Conference on Intelligent Robots and Systems, Vilamoura, Algarve, Portugal,
2012, pp. 4090-4097. doi:10.1109/IR0S.2012.6386142

[68] S. Dattaa, A. Khasnobishb, A. Konara, D.N. Tibarewalab, and R.Janarthananc, "
Performance Analysis of Object Shape Classification and Matching from Tactile
Images using Wavelet Energy Features," Procedia Technology, vol. 10 pp. 805-
812, Dec 2013, doi:10.1016/j.protcy.2013.12.425

[69] A. M. Cretu, T. E. A. de Oliveira, V. Prado da Fonseca, B. Tawbe, E. M. Petriu, and V.
Z. Groza, "Computational intelligence and mechatronics solutions for robotic
tactile object recognition," in 2015 IEEE 9th International Symposium on
Intelligent Signal Processing (WISP) Proceedings, Siena, Italy, 2015, pp. 1-6.
doi:10.1109/WISP.2015.7139165.

157



UIIUIYNTH (AD)

[70] A. Schmitz, Y. Bansho, K. Noda, H. Iwata, T. Ogata, and S. Sugano, "Tactile object
recognition using deep learning and dropout," in 2014 IEEE-RAS International
Conference on Humanoid Robots, Madrid, Spain, 2014, pp. 1044-1050.
doi:10.1109/HUMANOQIDS.2014.7041493

[71] H. Liu, D. Guo, and F. Sun, "Object Recognition Using Tactile Measurements: Kernel
Sparse Coding Methods," [EEE Transactions on Instrumentation and
Measurement, vol. 65, No. 3, pp. 656-665, March 2016,
doi:10.1109/TIM.2016.2514779

[72] S. Luo, W. Mou, K. Althoefer and H. Liu, "lterative Closest Labeled Point for tactile
object shape recognition," in 2016 IEEE/RSJ International Conference on
Intelligent Robots and Systems (IROS), Daejeon, Korea, 2016, pp. 3137-3142.
doi:10.1109/1R0S.2016.7759485

[73] P. Falco, S. Lu, A. Cirillo, C. Natale, S. Pirozzi, and D. Lee, "Cross-modal visuo-tactile
object recognition using robotic active exploration," in 2017 IEEE International
Conference on Robotics and Automation (ICRA), Singapore, 2017, pp. 5273-
5280. doi:10.1109/ICRA.2017.7989619

[74] A. Albini, S. Denei, and G. Cannata, "Human hand recognition from robotic skin
measurements in human-robot physical interactions," in 2017 IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS),
Vancouver, BC, Canada, 2017, pp. 4348-4353. doi:10.1109/IR0S.2017.8206300

[75] J. M. Gandarias, J. M. Gobmez-de-Gabriel, and A. Garcia-Cerezo, "Human and object
recognition with a high-resolution tactile sensor," in 2017 IEEE SENSORS,
Glasgow, UK, 2017, pp. 1-3. doi:10.1109/ICSENS.2017.8234203

[76] J. M. Gandarias, A. J. Garcia-Cerezo, and J. M. Gdmez-de-Gabriel, "CNN-Based
Methods for Object Recognition With High-Resolution Tactile Sensors," IEEE
Sensors Journal, vol. 19, No. 16, pp. 6872-6882, Aug 2019.
doi:10.1109/JSEN.2019.2912968

158



UIIUIYNTH (AD)

[77] Y. Le Cun, B. Boser, J. S. Denker, R. E. Howard, W. Habbard, L. D. Jackel, and D.
Henderson, "Handwritten digit recognition with a back-propagation network,"
in Advances in neural information processing systems, Morgan, San Francisco,
CA, United States, Kaufmann Publishers Inc., 1990. doi:10.5555/109230.109279

[78] Y. Lecun, L. Bottou, Y. Bengio, and P. Haffner, "Gradient-based learning applied to
document recognition," Proceedings of the IEEE, vol. 86, No. 11, pp. 2278-
2324, Nov 1998. doi:10.1109/5.726791

[79] I. Tabian, H. Fu, and Z. S. Khodaei, "A Convolutional Neural Network for Impact
Detection and Characterization of Complex Composite Structures, Sensors,
vol. 19, pp. 4933, Nov 2019. doi:10.3390/519224933

[80] Softmax Activation (online), 2021, Available:
http://rinterested.github.io/statistics/softmax.html (13 January 2022).

[81] M. K. Hu, "Visual pattern recognition by moment invariants," IRE Transactions on
Information Theory, vol. 8, No. 2, pp. 179-187, Feb 1962.
doi:10.1109/TIT.1962.1057692

[82] D. G. Lowe, "Distinctive Image Features from Scale-Invariant Keypoints,"
International Journal of Computer Vision, vol. 60, pp. 91-110, Jan 2004.
doi:10.1023/B:VISI.0000029664.99615.94

[83] S. Kanai, "Content-based 3D mesh model retrieval from hand-written sketch,"
International Journal on Interactive Design and Manufacturing, vol. 2, No. 2,
pp. 87-98, May 2008, doi:10.1007/512008-008-0038-4

[84] USayeyn aaudnd, Artificial Intelligence with Machine Learning, fauvindedl 1, 2562,
wunys : lofd willes, 2562,

[85] C. Cortes, and V. Vapnik, "Support-Vector Networks," Machine Leaning, vol. 20, pp.
273-297, 1995.

[86] C. M. Bishop, "Neural Networks for Pattern Recognition," Oxford : Clarendon Press,
1995.

159



UIIUIYNTH (AD)

[87] d5uns fuley, lasvguseamiigandauguaamsvanaemanssulnin, fuvingad 1,
2554, NFHNN : T wesIa dnwany, 2554,

[88] AKrizhevsky, I. Sutskever, and G. E. Hinton, "ImageNet Classification with Deep
Convolutional Neural Networks," in Proceedings of the 25th International
Conference on Neural Information Processing Systems, Lake Tahoe, NV, USA,
Dec 2012, pp. 1097-1105. doi:10.1145/3065386

[89] MS9723 FSR Matrix Array Sensor (16x10 Rows and Columns / 80mm x 50mm Active
Sensing Area) (online), 2021, https://www.kitronyx.com/store/p30/
%5BMS9723%5D FSR Matrix_Array Sensor %2816x10 Rows and_Columns_%
2F 80mm_x 50mm_Active Sensing Area%29.html (13 January 2022).

[90] K. Simonyan, and A. Zisserman, Very Deep Convolutional Networks for Large-Scale
Image Recognition. In conference paper at ICLR 2015, Sep 2014.

[91] C. Szegedy, W. Liu, Y. Jia, P. Sermanet, S. Reed, D. Anguelov, D. Erhan, V.
Vanhoucke, and A. Rabinovich, "Going deeper with convolutions," in
Proceedings of the 2015 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Boston, MA, USA, June 2015.
doi:10.1109/CVPR.2015.7298594

[92] K. He, X. Zhang, S. Ren, and J. Sun, "Deep Residual Learning for Image Recognition,"
in Proceedings of the 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Las Vegas, NV, USA, June 2016. doi:10.1109/CVPR.2016.90

[93] B. Zhou, A. Khosla, A. Lapedriza, A. Torralba, and A. Oliva, "Places: An Image
Database for Deep Scene Understanding," J. Vis, vol. 17, 2016.

[94] C. Szegedy, V. Vanhoucke, S. loffe, Z. Wojna, and J. Shlens, "Rethinking the
Inception Architecture for Computer Vision," in Proceedings of the Computer
Vision and Pattern Recognition 2016, Las Vegas, NV, USA, June 2016.
doi:10.1167/17.10.296

160



UIIUIYNTH (AD)

[95] M. Tan, and Q. V. Le, "EfficientNet: Rethinking Model Scaling for Convolutional
Neural Networks," in Proceedings of the 36th International Conference on
Machine Learning, Long Beach, CA, USA, June 2019.

[96] F. N. landola, S. Han, M. W. Moskewicz, K. Ashraf, W. J. Dally, and K. Keutzer,
"SqueezeNet: AlexNet-level accuracy with 50x fewer parameters and<0.5 MB
model size," in ICLR conference 2017, 2016,

[97] C. Szegedy, I. Sergey, V. Vanhoucke, and A. Alemi, "Inception-v4, Inception-ResNet
and the Impact of Residual Connections on Learning," in Proceedings of the
AAAI Conference on Artificial Intellieence, Phoenix, AZ, USA, Feb 2016.

[98] G. Huang, H. Liu, M. van der Maaten, and K. Q. Weinberger, "Densely Connected
Convolutional Networks," in Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, July
2017. doi:10.1109/CVPR.2017.243

[99] J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, "You Only Look Once: Unified,
Real-Time Object Detection," in Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, June
2016. doi:10.1109/CVPR.2016.91

[100] J. Redmon, and A. Farhadi, "YOLO9000: Better, Faster, Stronger,” in Proceedings of
the 2017 IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), Honolulu, HI, USA, July 2017. doi:10.1109/CVPR.2017.690

[101] F. Chollet, "Xception: Deep Learning with Depthwise Separable Convolutions,” in
Proceedings of the 2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), Honolulu, HI, USA, July 2017. doi:10.1109/CVPR.2017.195

[102] B. Zoph, V. Vasudevan, J. Shlens, and Q. V. Le, "Learning Transferable
Architectures for Scalable Image Recognition," in Proceedings of the 2018
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake
City, UT, USA, June 2018. doi:10.1109/CVPR.2018.00907

161



UIIUIYNTH (AD)

[103] N. Ma, X. Zhang, H. Zheng, and J. Sun, "ShuffleNet V2: Practical Guidelines for
Efficient CNN Architecture Design," in Proceedings of the European Conference
on Computer Vision ECCV 2018, Munich, Germany, Sep 2018. doi:10.1007/978-
3-030-01264-9 8

[104] M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, and L. C. Chen, "MobileNetV2:
Inverted Residuals and Linear Bottlenecks," in Proceedings of the 2018
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Lake City,
UT, USA, June 2018. doi:10.1109/CVPR.2018.00474

[105] S. J. Pan, and Q. A. Yang, "Survey on Transfer Learning," [EEE Trans. Knowl. Data
Eng, vol. 22, pp. 1345-1359, 2010. doi:10.1109/TKDE.2009.191

[106] A. S. Rao, T. Neuyen, M. Palaniswami, and T. Ngo, "Vision-based automated crack
detection using convolutional neural networks for condition assessment of
infrastructure," Structural Health Monitoring, vol. 20, pp. 2124-2142, 2010.
doi:10.1177/1475921720965445

[107] 3n3um$ aynuay, wag lew3n g3ulfly, “lasadiglszamiieuiuunauligdudedn
E‘?W‘Vi%’Um%ﬁLLUﬂWiimlﬁﬁangu%ﬂLL’Jﬂél’e)iJ‘Vl’]\‘]ﬁiiiJ“U"la,” 275875 MEIAIFNUAY
wialulad um3venagamalsnil, vol. 38, pp. 113-124, 2019.

[108] X. Ou, P. Yan, Y. Zhang, B. Tu, G. Zhang, J. Wu, and W. Li, "Moving Object
Detection Method via ResNet-18 With Encoder-Decoder Structure in Complex
Scenes," IEEE Access, vol. 7, pp. 108152-108160, 2019.
doi:10.1109/ACCESS.2019.2931922

[109] T. A. Putra, S. I. Rufaida and J. S. Leu, "Enhanced Skin Condition Prediction
Through Machine Learning Using Dynamic Training and Testing Augmentation,"
IEEE Access, vol. 8, pp. 40536-40546, 2020. doi: 10.1109/ACCESS.2020.2976045

[110] C. Chousangsuntorn, T. Tongloy, S. Chuwongin, and S. Boonsang, A Deep Learning
System for Recognizing and Recovering Contaminated Slider Serial Numbers in
Hard Disk Manufacturing Processes," Sensors, Vol. 21, pp. 6261, 2021.
doi:10.3390/521186261

162



UIIUIYNTH (AD)

[111] Darknet53 (online), 2021, Available:
https://github.com/developerOhye/PyTorch-Darknet53 (13 January 2022).

[112] U. Seidaliyeva, D. Akhmetov, L. Ilipbayeva, and E. T. Matson, "Real-Time and
Accurate Drone Detection in a Video with a Static Background," Sensors, Vol.

20, pp. 3856, 2020. doi:10.3390/520143856

163


https://github.com/developer0hye/PyTorch-Darknet53




AARNUIN N

’3’1'5?1’1'51/]’1\‘]3‘11’]ﬂ"l'iLLﬁ&‘UVIﬂ’J’]%Jﬂ’]'iUS::"Q%ﬁ?i’]ﬂ’]'i

[1] S. Pohtongkam, and J. Srinonchat, “Object Recognition from Human Tactile Image
Using Artificial Neural Network,” in 2016 13th International Conference on
Electrical Engineering/Flectronics, Computer, Telecommunications and
Information Technology (ECTI-CON), Chiang Mai, Thailand, June 28 2016—July 1
2016, pp. 1-6. doi:10.1109/ECTICon.2016.7561402

[2] auwe Wigneddn, Wag N3 ASUWENS, “N13909110gNNsHuNaveusudlaloy
UYwdEITNsUsEIIaNan NN SENRESIAUlAseUsEaiiey,” FAanTay
a17 y%??%ﬂ?ﬁ”awimz vol. 13, No. 2, pp. 66-79, Dec 2018.

[3] S. Pohtongkam, and J. Srinonchat, “Tactile Object Recognition for Humanoid Robots
Using New Designed Piezoresistive Tactile Sensor and DCNN,” Sensors,
vol. 21, No. 18, pp. 1-26, Sep 2021. doi:10.3390/521186024

[4] S. Pohtongkam, and J. Srinonchat, “Object Recognition Using Glove Tactile
Sensor,” in 2022 International Electrical Engineering Congress (IEECON2022),
Khon Kaen, Thailand, March 9 2022-March 11 2022, pp. 1-4.
doi:10.1109/iEECON53204.2022.9741672

165



Object Recognition from Human Tactile Image
Using Artificial Neural Network

Somchai Pohtongkam

Signal Processing Research Laboratory, Faculty of
Engineering, Rajamangala University of Technology
Thanyaburi, Pathumthani, Thailand
somchai_po@mail.rmutt.ac.th

Abstract— This paper presents a recognition of images
objects that are out of touch by capturing the texture of objects
that existed in everyday life which sub-divided according to the
different parts of the human hand palm. They are divided into
sections based on the physiology of the human hand by dividing
the exposure of 15,20 and 26 proportions and then analyzed. This
work is the basis design of human-like hand for a robot to work
effectively. These pictures of touch present the genuine sensory
system of a human hand. They will be processed to characterize
the touched object as the different area for the exposed surface of
the object will create different for the palm’s pressure. After that,
we extract the features of the pressure from pressing the object
and use an artificial neural network to distinguish different types
of objects. The results of tests on 15 types of objects show the
accurate result of the analysis of at the average maximum of
78.38% with the 26 proportions palm .This research will form the
basis design of human-like hand for a robot that can recognize
objects robot caught.

Keywords—Human Palm, Robot hand, Hand Segmentation,
Tactile Image, ANN

1. INTRODUCTION

Humanoid Robot has been constantly developed to be able
to move, walk and have appearance like a human. Moreover, it
can see and recognize faces and objects and also be able to
handle objects [1] which are the research that has been
constantly evolving. This article aims to present a study of
mechanism of the process for learn and remember the human
touch to apply for designing of the robot arm as a human. In
related research depicted, it has presented the memorable
objects of touch, which concluded that there are two learning
process is 1. The memorization of the shape and angel of the
fingers that hold object 2. From the images caused by pressure
on the object against censorship In 2003 The authors presented
a method to design a sensitive skin for robot [2]. The Topic is
“Tactile Perception in Robots: From the Somatic Alphabet to
the Realization of a Fully ‘Sensitive Skin’ ”, It is an artificial
robot palm with the capability of haptic perception has been
designed. In [3] the authors are proposed a new technique for
object classification of robot hand and finger with distributed
touch sensor. In 2011 [4][5] the authors used self-organizing
map is proposed for object recognition based on tactile form
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Signal Processing Research Laboratory, Faculty of
Engineering, Rajamangala University of Technology
Thanyaburi, Pathumthani, Thailand
jakkree.s@en.rmutt.ac.th

perception. A robot hand with three fingers, with the same
number of degrees of freedom as the human hand but in this
paper presented the tactile image. In 2012 [6] the authors
present the technique of shape recognition from tactile images.
they can classify 4 type of object shape. [7] The authors are
proposed a method to recognize an objects from human tactile
image. They can recognize 4 object with the mean
classification accuracy of classifier is 88%. 2013 [8] the
authors are proposed a method to recognize an objects from
tactile image. They used image from tactile sensor pad and
four different statistic classification method classifiers are
kNN, Naive Bayes classifier, LDA and Ensemble.

This work has studied the working mechanism of the
human hand as a basis for the design of human-like robot hand
that can work as close as possible to human physiological
studies of human hands with the collaboration of the skin and
the bone that holds your hand to the skin together. It can
improve the classification accuracy of the robot palm hand
was design like a human palm.

Eli

-

Figure 1. The structure of a human palm.

Figure 1 is a segmentation of the hand which divided into
two parts: the palm and the fingers which having the palm’s
bone linked the tissue by a section of the palm to hold the
finger bone sections with about half of the long bones (from
point 1 to point. 3) As for the thumb to the bone, there are three
pieces of bones embedded in the palm one-piece and two-piece
on the stroke. As for the rest fingers, there are four pieces of
bones. The first piece is embedded in palm. The second piece
is half-embedded in the palm and another half is the finger. The
rest are the portion of the fingertip. The seizure by the skin and
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Abstract

This paper presents an improvement recognition objects system, in the term of touching surface of objects,
by using Artificial Neural Networks (ANNs). The experiment of this article is implemented and designed base on
the robot hand for installs a sensor array on the robot hand. The sensor array is designed as 16X10 pixels. When
the robot hand touches the object, the data is then organized into the image form for processing. This is to
identify the characterize of object surface which different objects will provides a different images. This also
depends on the force to touch objects. Then the Artificial Neural Networks technique is used to classify the
objects. This system is tested with 10 different objects. The experiment results shown that it provides the

accuracy approximately 93.2% based on average and standard deviation values.

Keywords: Tactile Sensor, Nervous System, Tactile image, Artificial Neural Networks
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Abstract: A tactile sensor array is a crucial component for applying physical sensors to a humanoid
robot. This work focused on developing a palm-size tactile sensor array (56.0 mm x 56.0 mm) to
apply object recognition for the humanoid robot hand. This sensor was based on a PCB technology
operating with the piezoresistive principle. A conductive polymer composites sheet was used as
a sensing element and the matrix array of this sensor was 16 x 16 pixels. The sensitivity of this
sensor was evaluated and the sensor was installed on the robot hand. The tactile images, with
resolution enhancement using bicubic interpolation obtained from 20 classes, were used to train and
test 19 different DCNNs. InceptionResNetV2 provided superior performance with 91.82% accuracy.
However, using the multimodal learning method that included InceptionResNetV2 and XceptionNet,
the highest recognition rate of 92.73% was achieved. Moreover, this recognition rate improved when
the object exploration was applied to demonstrate.

Keywords: tactile sensor; tactile object recognition; DCNN; humanoid robot; transfer learning

1. Introduction

Unlike humans who can identify objects by touching, humanoid robots do not have
this capability due to the lack of suitable tactile sensors and efficient recognition processing
systems. The critical development of humanoid robot technology can be divided into
two parts: (1) robot anatomy [1]; (2) the robot nervous system [2]. Developing a physical
structure and human-like learning ability is necessary to enable robots to operate in a home
or office environment. In addition, the development of robots having a human-like hand
structure is desirable [3-5]. This study examines a humanoid robot’s physical sensory
system that can recognize objects by touch. Its essential function is developed based on the
human physical sensory system [6]. In object learning and recognition systems of humanoid
robots employed artificial haptic perception [7-11], pressure sensors or tactile sensors are
utilized [7-11], and the obtained information is sent to a computer for analysis [10]. Object
learning and recognition systems are similar to the human sensory system where nerve-
ending receptors (e.g., Ruffini endings and Pacinian receptors) obtain information sent to
the brain for interpretation. There have been numerous studies describing the development
of robotic hands. These studies focus on tactile sensor arrays for robot hand artificial skin
application [7-11]. Human sensory recognition is a complicated action resulting from the
biosensor system in the body, which includes three modes of data perception [6]. The first
mode is tactile perception where contact with the skin of the fingers or palm provides
information on the contact geometry or pressure profile.

A tactile sensor array produces this mode of data perception for robots and presents
data in a 2D format or tactile image [10]. The second perception mode is kinesthetic
perception, a perception from motion such as rubbing or scrubbing objects. For robots,
this mode of data perception is produced by tactile sensors on the fingertips or palm
from dragging the sensor onto the object and presents data in a 1D format [12]. The third
perception mode is global object shape, where perception data is gathered through the
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Abstract— This article presents the artificial intelligence for
object recognition by touching method with the tactile sensor,
which has similar structural characteristics as the human hand.
The object recognition uses a tactile glove sensor with small
tactile sensors to spread throughout the glove, and there are
touching points similar to human hands. Using the glove sensor
to grasp the object that will obtain an image, there is tactile
image. These images were used to compare recognition
performance with two techniques: the Bag of Word (BoW) and
the Convolutional Neural Network (CNN). In the experiment,
the tactile glove performs 20 different objects. The BoW
technique, the Scale Invariant Feature Transform (SIFT), has
been used to feature extraction and then classified with K
Nearest Neighbors (KNN) to evaluate the performance. The
results illustrate that the accuracy of BoW and CNN is 70.80%
and 97.20%, respectively. When comparing both techniques, it
was found that the CNN had higher accuracy of about 26.40%.
The results clearly show that CNN was more performance than
BoW. Therefore, it is suitable to analyze tactile glove
recognition, which can be applied to the recognition system of
humanoid robots.

Keywords—(tactile object recognition, tactile image, glove
tactile sensor, BoW, CNN, K-mean clustering, K-NN )

1. INTRODUCTION

Humans can recognize objects by touching them, which is
the brain's interpretation, and humans need this ability to live
and work. However, this complex operation requires two
capacities: First, data retrieval from objects through touch.
Second, intellectual ability to process this information [1].
Human-like robotics has been developed in appearance and
artificial intelligence (Al), so these robots look more similar
to humans. For hardware development, the structure of the
robot hands can be similar to the human hand [2] but lack only
the artificial sensory system, which is inappropriate robotic
hand characteristics. Even tactile sensor has been applied.
However, it does not cover whole areas of the hands [3]. The
recognition analysis system is still being developed to fit only
the part of the tactile sensor [4].

In literature reviews have continued to develop sensors for
the humanoid robot hands. Most of them focus on mounting
some parts of the robot hands, such as fingertip [5], finger [6],
palm [7], fingertip, and palm [8]. These sensor installations
were very different when compared to the fundamental human
hands. However, there is research to install sensors throughout
the robot’s hand [9], but there are not all five fingers like
humans, or the resolutions of the sensors are too low [10]. The
development of sensors for the humanoid robotic hands
equipped with a palm-full hand and the five fingers sensor was
proposed by Liu et al. [11], but data analysis was ineffective.

Researchers developed algorithms for tactile sensors that
can be divided into two groups [12]. First, they used small
tactile sensors to test the objects. If the sensors are much
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smaller than the objects, we call the tactile image a local shape
tactile image. The recognition method is local shape
recognition, which employs the Bag of Word Model (BoW)
[13] to analyze the segments. On the other hand, Second, they
applied tactile sensors whose sizes are large or similar to the
objects. It calls a tactile image a global shape tactile image.
This recognition is recognized as Global shape recognition,
which is operated by Machine Learning (ML) [14] and Deep
Learning (DL) for analysis [15].

In this article, a tactile glove sensor is presented. In order
to retrieve information from the objects, these data have
touching points like human hands to recognize the objects as
human hands. The information is the local shape tactile image,
which has several images joined together until it looks like a
discrete Global shape tactile image. Therefore, we can analyze
by employing both local shape recognition and global shape
recognition techniques. Both techniques will be applied and
compared to compare the performance to optimize the other
suitable method.

II. PROPOSED METHOD

A. Glove Tactile Sensor

The tactile glove sensor used in this work was designed
according to the shape of the hand palm and then installed on
the robot hand. In the palm of the hands as Table 1, sensors
are 16 x 16 pixels. The robotic hands suitable for this sensor
should be a flat palm and have five fingers, four finger must
be divided into three parts according to the knuckles, and
thump finger must be divided into 2 parts. For the four fingers
except for the thumps, the sensors were 4 x 6 pixels, 4 x 4
pixels, and 4 x 5 pixels, respectively. The sensors of the
thumps were 5 X 6 pixels and 5 x 5 pixels as shown in Fig. 1.

TABLE L. TACTILE SENSOR FOR HUMANOID ROBOT HAND SENSORS
Seteor Number Resolution Size (mm) Tota} Pixel
of Set (Pixels) (Pixel)
Palm 1 16 x 16 56.0 x 56.0 256
Thump 1 5x%6, 17.5 x21.0 55
5x5 17.5x17.5
Finger 4 4x6 14.0 x 21.0 240
4 x4 14.0 x 14.0
4 x5 14.0 x 17.5
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