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Abstract

In today's world, technology plays an important role in every industry as well
as in our personal lives. One of the entire applications is a medical technology used
for physiotherapy of upper limbs. The rehabilitation activities involve the muscle force
stimulation using robot-assisted-exercise-based rehabilitation. However, the
development of autonomous robotic trainers always requires multi-axis force sensors,
which are so costly. Typically, the force sensors are associated with their specific
controller boxes, which are slightly complex systems. Therefore, this research aims to
develop EMG-based muscle force estimation using artificial neural networks and
support vector machine methods. This technique was successfully implemented in

the prototype device of the one-DOF assistive robot for upper limb rehabilitation.

Initially, a set of pilot experiments was carried out i.e. (1) the force sensor
calibration test, (2) frictional force calibration test (in case of resistance applied against
the robot movement), (3) the experiment to identify the appropriate EMG electrode
locations by comparing two muscle positions consisting of the forearm muscles and
the Biceps/Triceps muscles, and (4) the test to determine the sample sizes for
calculating the features of the data set. Afterwards, the substantive experiments have
been delivered. There are off-line and real-time muscle force prediction tests based
on the artificial neural networks and support vector machine algorithms. According to
the off-line EMG-based force estimation, it revealed two preliminary tests consisting of

the first test involving to the study of the relation between the qualitative performance



(8)

of the model estimations and the various frictional forces applied and the second
relating to the investigation of the relationship between the model estimation
performances and the hand movement speeds. Additionally, the real-time muscle
force experiment was introduced to compare the accuracy of model force estimation
between the artificial neural network model and support vector machine schemes

based on radial basis kernel function.

The experimental results show that mathematical models developed based
on both methods can be considered acceptable for the EMG-based force estimation
in the upper-limb treatment. The efficiency of the off-line force prediction is inversely
proportional to the frictional forces and the velocity of the hand movement. In
addition, the result of real-time estimation found that the mathematical models
developed using the artificial neural network method were superior in the force
estimating than mathematical models developed using the support vector machine.
Therefore, the EMG-based muscle force estimation using both methods can be further

implemented in the one-DOF upper limb rehabilitation robot.

Keywords: Human robot interaction, Force estimation, Artificial neural network,

Support vector machine, Electromyography
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Vreanmidniguvuiuangsiuazdaaliiionisnsedunauiianvulusiiunus
wANE1IY F991NNISANBINUIIIIsna sl awuuniin1sngn MU Ua i uog Uaeass
eun nanuilelnsidud (Triceps muscle) waznanuiiiodunsialuuvia (infraspinatus) [10]

FIFUMLVDINA U LBUARIRITUT 2-1

JUT 2-1 shumandnanileInsiduduwasndnuiledunsnaluundia [10]
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Y99na1uLilaa1nnisinswandulenduile Fainann1sdsulagwaduseaindanis
(Motor neuron) HunsekaUssamlddndulonatuiiauy Insusazinnatuieusznauly
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EMEG as a measure of moter unit activity
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Weldeaues wdulsvaim uwaznanuiedinsaiiswazdwirudya il Wegn

[
Y v v a

nszAusedns dauisnsasiaindyuialniiingdiuie (Electromyography : EMG) fig

watlan1stuindyaralvdudesainnisnadivenasiilad wina1n1vIUYIRLReY
¢ . o ¢ & '
guUn (Motor unit) m&ﬂmmsmuqmaamaaﬂazamaqmi (Motor neuron) N1UNSE LA

) v

Uza1y F90NaNN1SAYINY

[y

Aulsnisasaraiadyaralnidlniala (Electrocardiogram :
ECG/EKG) wazdgnisnmaindygalnilnaues (Electroencephalogram : EEG) wanesiiu

Wisaanzvunvesindlniwaranudvesdyaalnin fauansnenisen 2-1

M15197 2-1 auausssulninazanudsevauesdaalviinauile Wila uazauss [13]

wiavesda it Audeevaues (Hz)  ussaulwi (mv)

fyaallitihaves 0.02-100 0.001-0.100
Fouanadlniila 0.1-30 0.020-3.000
fanadiiingaile 2-10,000 0.003-5.000

v v

nsnvindyaraliinduilednludesddgunsaldmsuasiaiadyayralui

¥ & =& A o v la« ° U v = ¥ &
nanuile Fedldrulsznaudidey laun dannsadmsuduindyaralninduide wag
1asiidwmsunseswavaeedyuralviingnuide Inevadianinsadldlunisnsiadn
duanalninddessuvaduaowia Ao suanlsawuuidn (Needle electrode) dmsuld
wnadlulundrudorionsiatadygralwinaruiielnensaazdidnlnsanuuansuu
At (Surface electrode) Failunuudaluirdmsuinsvuiimmiauinainesnisnain

Ty radninananlledsuansusui 2-4



15

A: winasstEnRniu D: wiladiuuuuiaden
_-:‘;)/ — —
= ’
B: wlialaviznay E: suuiudagansnnuwnuiiien
o ——

C wﬁmz&unnﬁn%gu F: wuusindaeuanesngonu

[

JUT 2-4 dnwaizvesdianinsaudazetinildnsiatadyaralniind e [14]

2.4 lasevngussaniiey
lAssUgUsramiiiey (Artificial neural network : ANN) @B S8UUASAIUINNAT
LAgdLUIAMEEULUUNITIUYDITEVUANRINY Y [15] Falinsilousonussnineead
Uszan (neurons) waz 9aUsza1uUszaImM (synapses) autduiasevedi inausuiy
| = v (Y 1 a a o ! v J 1 :.’/
WuienuiulasUeUseamiisuinisiausiudusendnadnun (Node) lulsazdu

Aa

(Layen) wialdusylovdlunisaanziumanisalaindeyaiil delassaiavesddasaieuseam

|9

= Y S o & a4 o Y ‘:4' = a &
WeNUTENOUAIBYUINUIU 3 %umL‘U@NW@ﬂULLﬁWQ@QEUV} 2-5 Imamwamawmu

O Hduresduna (nput layen) iudusududwiviuddoyaiiiedwoluds Tudou
(Hidden layer) lnglutudunnlsznounlsluun (Node) 9911w A UL

a

Toyadumny (Input data)

(% [
] = 1 1 v a

O Fugeou (Hidden layen) LUudufiog sewing Turesdunn (nput layer) wasduvos
@inm (Output layer) Falulpssasnvedlassigdseamiionenadivugeu (Hidden
layen) launndn 19w Ineluguiiiinisusuaumgn (Weight) wasanluda (Bias) 34
< v o [ o v ¢ v a 1
Wumwdsamsuaiuinesyaeimne (Output data) 91nvayasuns (Input) W1
Hefdunseru (Activation function) i UseuianatieUsudwdst1enulv
aunsaAwIndeyal N Indeyadunalaeg1amunvauiodeioluditures

@Wine (Output layer) Inelsidunseiuinaisdseian wWu Binary step function,

Sigmoid function, Tanh function, linear function Wudu
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O Fuveeine (Output layer) L utudmsusIunadnsilaandugeou (Hidden

layer) uazwiastoyaiiadisandoya tneluun (Node) Tuduiliisnuiuminiudoya

1@1%ine (Output data)

Input layer Hidden layer Output layer

Activation
function

JUN 2-5 lassasvedlaseneussanniien

nsmUIkUUTIaeeAtinmansINYadeua (Dataset) IneldislassieUseam

= o & v a ° ) = Y] | a = &
W|E’Jl|§]’]Lﬂum@flus{]um@uﬁqﬂi‘UﬂqﬁLﬁﬂugsﬂaﬂigUUIﬂﬁﬁsUr]Eﬂjﬁgﬁ'ﬁﬂLV]'EJ@JSUQLL‘U\TLUU 3 EﬂLL‘UU

1) M3suwuuiliaeu (Supervised Learning) lasstieusvamiiieuaslasumsinasusmie
PoyadiarAdseaniineants dmnsuusuadmnuazaluda ielvirdsesnilaiinig

InafgefiuAndseaniifoinsuIniign

2) MIFLUTWUULETUAAY (Reinforcement Leaming) Nsiseuihuuiiay adreadeiuns
Seusiuuiigaou wisieiunsannisseuswuuiagldteyadniinayldnzuuy (Score) unu

ANEIDDN

3) nsseugwuulififasu (Unsupervised Learning) ilumsiseuiitousurunninuazen
ludagsaznavaussaindoyadunainiu lneldldldrdeeansiuaielunsingeu 38013

Seusuuuilagldnisdautangy Inefiansaunnusuuuuvestayadunn
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2.5 Support Vector Machine

< a

FUNOIAINABSUNTTU (Support Vector Machine : SYM) 1umafliagisanunsaunm

a P

Freuitaynitunisdwunngudeya lnsendendannisfenislidayadunaildilnaeudu

Y 9

nnwesluaey N Send nneessuns (Input vector) 1 nsdlveyadunaildinasu

Junnwesluay 2 36 wae3 48 awsadeulugunnmesdunalaswanaduiinnyaeglu

9 Y

FEU (x, y) Uag (x, y, 2) AUEIAY NUUdINmesduns (Input vector) lWlddmsum

duusvansvesaumsiieaiiudundsiennauvoya (Hyperplane) Nanansauuawenngavas

' '
= o =

nnmesdunneenilulsznneng 4 laagaasguin 2-6 Tunsaiiilu 2 §6 waz 3 6 lawes

WAL ABLEUASILATTZUNU ANUANGU [17]

X [] (b)

> BN
X1 X1

U7 2-6 lawlesmaunluldlduazlawesimauiinfian

ludeyaapenguiungulusdiuvussiequuudady (Linean) aunsaldmalinisuuy
Wadulunisadadunusenngudaya (Hyperplane) I usilunsdlideyaaeinguiungaily

suenneuuulaidadu (Non-Linear) Sndudesdinsldlsndunesiua (Kermel function)

'
YVaaa a

dmsuriuun (Map) Yoyadunalvilifiuunniu (Higher dimensional space) vilianunse
wisngudeyalagldinalinisuvuidadulunisadadunisenngudeyals lneiaasiug
andudvateusziny Wy Lshvau@anandu (Radial basis function : RBF) WaATuLgaidu

(Linear function) wagsridunuuy (Polynomial function) {usu
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2.6 NM13AIUANANUEINBIABNTZUANS IR TN SuBgLaTuUIsAUN YR Wad
MsmuRNAILSmBIeinTzLanssansavildlasnsUuiiuvdoanusefuiiane
Tuewmed egrdlsfmulumsujifreudreadanududenlunsliasasiiedsuiiuvi oan
wsaty fafulumsnuauernwawmeinsvuansedsioulfmadefioni Bnmuogadu
m3aInT1avesiad (Pulse width modulation: PWM) &emdnnnsvesisnsienisasng
Fynausiadaniug HIGH uag LOW aduduiimnudasi wifinisaiuquannunitees

Auatlugniuy HIGH Jaiienan AadleiAa (Duty cycle) AsanUssidudniiunineues

v 1 }%

AualuanIuy HIGH vasdge1anadran1unI19v0In1uLIa1viavia [18] 39a3190

' (%
cala d‘lL

AwININaunTs 2.1 Wnedyaaiadnialeda 25 50 uaz75 lWesidudwanifagun 2-7

(2.1)

Dutycycle(%) = (M] x100

Period

Dutycycle 25% ’_‘ _‘ _‘
| ) |
S Period %
Dutycycle 50% HIGH LOW
| |
| |
| |
Dutycycle 75% Pulse
yey width ]

(%

JUT 2-7 dyyauiadfafleda 25 50 uaz 75 wWosidud
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2.7 %8nn135 Force/position control

AausiaRnIURdagUuINITWAIIFULUUNSAIUANNTTINNUTDIT U UV LEUALT R

'
=3 [y &

Fegunuumsauauyusud suuuuni sdonisemuaulivusudanunsofiujdusius fu
danndeuld Tngldusedudad udonsuuuunisaIunuyueudfana113n Force/position
control yil¥ausanIuANNTIAG BuTivesusudssLsanteuendingeyild dauided
dtaueifnismiuauvugusdslgsUuuunisatuaulagly Force/position control Aae
ganeifiuusmaINma1eIULUL WY $1U3T8Y0e Alexander Winkler uag Jozef Suchy [19]
lauauedsnisauaNiuy Implicit Force Control 414398404 Salisbury wagang [20]
ULaU8ITNIIAIVANLUY Active compliant motion 1147889 Hogan wazAny [21]
ULEUDTINITAIVALLUY Impedance control 11433883 Volpe Wag Khosla [22] dieaue
A5N13AIVANLUY Explicit force control $1U338v04 Railbert wagAny [23] Yauaiznig

AIUALLLUU Hybrid force/position control

= a v

= ads o o v A | S aa
annilaigglimsihanldineniuauszuuviusudlunuideilde 35 External force
control Fatiauslay De Schutter and Van Brussel [24] lngndnn15vesizni1sainanine
N15USUAIAIT (Gain) Minunvandslddmiulssuianalussuunsniuauueudieyinli
1 & a 1 o = o a 1 PN . a ! U
FTUUNMIAIVANYUEURTANET e Shaz kiU Fan15UTuiUfeua1An (Gain) Awaneneiu
gadINarlTEUUINIInEUANBI AN 1Y N15USUAIAST (Gain) deeiiuluagyinli
SPUUIMIREUANDIWN wagnsUSuAIAl (Gain) inniuldagyilvissuuiinsnevausdagg
1] a I3 o Y a o . . ) 1 [l
7IA1573ULiAN15101383YM (Overshoot) wnvinlitiani1sdu (Oscillations) Ulugaaull
LE0YTURITTUUNITAIVANYUEUA TITUABUAIMSUITNITAIUANTEUUYUEUALUU External
force control wansdaeUionlaezwnsuAIzUN 2-8 Feuszneudie gudmsuauauszuy 2
au laun gunreuendmiumuauuswazguasludmsuaiunudunis lngnadnsilaain
guneuenfie AF MntuUasududune X, dmsugnaeluiteUssaiananiunuiueudly

LAABUNLUGIALUaNADINS
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i

\J

1 Position control > Robot >+ Environment

Force control

A

s Force sensor <&

U7 2-8 vdenlapzunsuiBn1smuANsTULUEUFLUY External force control [24]

4

2.8 SUUAIUANKUUAREIU-USWUS-aUYWUS
FEUUAIUALNLUUA AE IU-UT WuS-auWus (Proportional-integral-Derivative
Controller) 1Judgmsmunuszuuiuulounduiildiuegrsunsvaiaiiedsuainsd (Gain)

Tnungauluan1ignsldnuasedmsusindssaianalunisnIuAusE U ueud Wi N3

a o

ATUANAIIILTINITUYUTDINUNDINOT BNl wazdurdinIsdunveaiueus 1Judu

Y

Imsammiﬂ“i’ﬂm’mmimmmwuammu USWUS-UNUS LARIFIANNITAIAUNITA 2.2 2.3

q

ag2.4 [11]

U =U, 0 +U, ({t)+U, 1) (2.2)
D)= K, [y O~ YOI+ K, [1Yo () -yld e+, D0
U () =K,et) +K, j e(dr+k, O (2.0)

9l yge A9 A1 Process output M1ABIN1S
y(t) A9 A1 Process output 939

et)  AB ANUUANA9TENINNANABINISAUAITIMTOA1BUNAYEY PID control



B A1L1YINAYE PID control
= 1 dl . .
AB AIAIN Proportional gain
a ] = .

A® APV Integral gain

=} 1 dl . . .

AB A1AIN Derivative gain

AR 1ANGERLLeIAZ IR lUNTguFNaENa

21
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unii 3
521 08U75998

3.1 n1seenuuulAIasiarnen i andudeusuly 1 fa
Funuuasadiovnien mivand i eusuly 1 98 (One-DOF Human Robot
Interaction) QﬂaaﬂLLUULﬁaf\i’ﬂaaaamumﬁaimiaamLsﬂwauaquyweTmzﬁMa pudulia
wdeudilunuauwny 1 97 ﬁm%‘uLﬁusﬁ’agmﬁaﬁﬂﬂii’ﬂumiﬁmm WUUINADINANAAIERAS
dmfuussanansandud svosuyvdlunuannu 187 neguil 31 uansadesiier
menmtianauiensuly 188 Fsmsesnuuuiniosiiovinmenimitnndrandousuly

[

1 9f TuulAnnad

aunsadassnsfouvesuulubwILAY 1 TFNN1T0RNKIINTEINTBINYYE
- anunsaivteyaiiiendediunisldenu laud dyaralnihnduile vueuasiiemig

YOI TINNTLIIADANTU iwsmmazmmﬁwm ANV VUIATBLLTITUIINTIED

4 97 FUsENeUA1e 17T TIna1e 1IUNY waziiney
C ANNTOAMUALSIAIUNIUNISLARDUNVDIAUIU

'
a A

yngdansindoundmsuligldanusenusinszrisedudulinfounsmeaius,

1
pmid )}

InaAgeiugnenedeianan
- fFsdaisuilenldiusenuseduiiilosiuvie 4 41 wnndn 1 iy

gunsalfmunveuasEuEN1SAGeUNvaeuTUlLYgI 0 - 40 WwuRluns

1
2D

a A4 A o o o 1 & aa
E“LJ‘Vl 3-1 Lﬁﬁ@quawqﬂ’]ﬂﬂWW‘Uq‘U@lﬂanLu@LLGU‘LfLu 1um
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3.2 A1598NLUUNITNIIUVD9TEUUTIUNISIARBUN 1 AR

sEuUdmMSUNISeAaun 1 45 sanwuulaedndudsdddiasaaiornienintiin

[y

v & aa 1 e .:4' v ° o = = aa %]
ﬂa']ﬂJLu@LLsUUIU 1 Upna3U ‘U'Qﬂﬂsiu@us] LW@IWiZUUaW‘VﬁUﬂWsLﬂa@u‘W 1 N@]ﬁ']ll'ﬁﬂisﬁ\ﬁu

[

191 flaguit 3-2 IneeaziBenavesaunsainldlunissiesiu IAsil

One-DOF Human-Robot

Notebook .
Interaction

Myo armband
Power supply

f-:ll & o (% ! ! Y = IS o o W v dfl’ aa
E‘U‘Vl 3-2 punsaldmsunesiuAIesiiayinnen muntananuienulu 1 46

]

a) Wuwesnaindygralniindiuie (Myo armband) Wugunsalfigniauilag

¥
¥ =] ¥

Thalmic Labs @ nsvainldinensiaindgygrauliiinduiiionrounu Medical

[

Grade Stainless Steel EMG 91u1u 8 wHudmsunsaindygralniinauiioseu

v PN 1% QY o a v & o o A « I~ |
m@LLSUUVIa'JiJIﬁ“UQIGUWaﬂﬂqi 3 sUmgﬂa'uJLuallﬂ’ﬁsUU‘UﬂiaLﬂa@uvL%’J FUDITUNTAN

oy ralvidsnududulszan enananladygralddidenariduain

(% '
v = adad <~

axfounsindoulmassnduile fuiudditnniensiotadyaadnihdingi
138171 Electromyography (EMG) §m/13aqﬂﬂsais]’ﬁmmiamwi’mm?ﬁuﬂ fieateq
fun1suad oulwasae 9-Axis Motion Sensor Wuduiwasnsrasunisindeuln 9
wnu Usznausie Accelerometer 3 wnu dnsunsiataannusslunwnnuluvasd

A LSUN I Gyroscope 3 wnu @msunsIaingu Row Pitch uag Yaw luvagigld
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VUL WAz Magnetometer 3 unu d1sunsiainauduawInulnandaUsuen

1% '
a

feiianensiuresauldaunsal uenanligunsaldslivenlusesweinisadiloya
wuuldanedie Bluetooth Low Energy 8nviadsanunsausuaunnd auazsed old
wanzanuigaulddoust 7.5-13 T fuadnuasdienumuniies 045 4 dniin
Wdfies 93 nu annsonnwinaziadsldie Sagui 3-3 lumsmesesdlfiduives
avreTndaaalniinduide (Myo armband) Fududuwesasivinduyaiallii
néioriinddnlnsauuuasuniinn dusuniaiauazsiiudenadayaalin

U o

NANULLENADANITNAABY

Logo LED
Status LED

Flex adjustment band

Micro-USB port

v )
EMG Sensor

Micro USB  Bluetooth
Cable Adapter

0.45 inches
pod thickness

From 7.5 inches To 13.4 inches

[

;:;U‘ﬁ' 3-3 Wuwesasiaindaanaliiiinduile (Myo armband) [25]

b) unasaieln (Power supply) LﬁuqﬂﬂigﬁﬁﬁmﬁﬁﬁLLanwé’qmulﬂ/\Iﬁ'mﬂgﬂwaﬁq
Tuifudnguuuunis Wy wamdsulwiinssuaaduid sudundsanuludi
nszuanse wlamdanulniinssuansavdeudundauliinssuanseuaadu Hu
i dmfuienssdunarnssualiituises Ui 34 Tummeassilldundsdnglnds
wlasnliliinszuanseuaadu 220VAC wWaswdu Iinszuanszuwanss 12 VDC

dmsudnsussrulaznssualiniululasreulnaeesiayinasmuauLenes
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5U#l 3-6 umdssnelal 12 VDC [26]

& ey [ a s = 1
o) Uinda (Notebook) HUABLAIABSVUIANANITIAUITORAAINTNHIUIDLAAINALALEINTA

=) 1 ¥ 1

SunsedsdayaszninsgunsalBianvsedndld wu msdeansszninsfduasaiulinya n1s

Y

doansszninuundiuldnya WWudu dsguin 3-5 lunsveaeslldldayadudiunansuayn

LUsNTUAIUANNITYINGIU (User interface) dmiudauseanuseninessuudmsunisingoun

[y

Tu 1 fRnudlgauszuu

Y

5U# 3-5 Unda (Laptop) [27]

szuvdmsuMsAdeun 1 4@ dwansugun 3-6 dndnnisviinuerldesnuswen

¥

o 1 v 1Y) vy A a aAa v I3 = v o & a
ﬂiSV]'W]E)@I']lI‘\]‘USL‘ViLﬂaQUWIULLU’JLLﬂu 1 Nm@'ﬂﬂﬂ'ﬂqmlﬁﬁﬂﬂwqﬂaLﬂﬁﬁﬂ'ﬂqmlﬁ'}'ﬂ@@qﬁ@ﬂﬂqi

WAOUN ANAUNLIIAEUAY (Start point) lUEndUaR (End point) Fellddnaing (Limit

switch) @USUMUUAVDULIANITIARDUN f4 ANLUUINIE@DLNDUBINUNISTUVDIAUIU Lag

a a

frv1auasAusINsAaauN v I vIs lul fnalaeasatufiAn19lasa U1 AUeausad

1 J

A lgnsevimuandau luseninanisiefeunvesruduiinisnsiainadyaiusingg Mfgides

ALY}
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funsneasnasanisnaeud taud dyanaliiindnide femuarauinveuss wun
yoeussiuiiafe svozniwaramianised oufi vesdusu Tneldidugednsiatn
é’ngwmlﬂﬂmé’mﬁa (Myo armband) {uieesns13iause (Loadcell) lulwasniainuns
Ju (Force sensor resistor) uagiduwesnsainsaun1snyu (Encoder) muadu uazdinig

a A A 4:4' A v Y] Y A vy a
ﬂ'J‘Uﬂllﬂ'J']ilL‘Vill']%allsﬂﬂﬂﬂ'ﬁ@@ﬂLL?QUUU?@J@IU‘UNSL?W@@UV]@']N‘U‘UI@EJLLQQLm@umsﬁﬂﬁﬂlﬁﬂﬁ

v o
= a A £y

N a1l naUeees (Buzzer module) Wlanasiuvadksatuingend 4 97 Usenaunie 973

o
a

fianans huns warfiafes Saureannndt 1 G2y Snviadafliyalusunsureuszaruy (User
interface) ﬁwm%’uﬁ’muﬁaﬁ%’uiumsﬂ’uﬁﬂm&’ﬁy@wmﬁLﬁ'msﬁaalﬂé’alm‘gm%@ga N9
Usgsnamauiumunsiadouivesiudu u varldnu uazmsfmuavunemniines
Tunsneass 1HuA YuIAT8ILTIFIUNIUNNTIAG BUTVRIA LY ANASIv899AE9B 9IS
\ndeuil vuinvesiiogeilddmiunmsiunadnuuzisu snaunsteuriuesteyalunis

LLﬂaﬁagaﬁ%uﬁUﬁ’u (Overlapping Data Partitioning)

ig “—Visual position error—— Velocity guide Power supply

’

Squeeze

force sensor

{ Computer (monitoring, programing)

Limit switch
Push the object according

to the velocity guide i Microcontroller | ~—
(Arduino)
[y

- Buzzer

a < o o [y A A aa
gﬂ‘m 3-6 UADNLADLLASUNISYINIUVBITLUUAI NS UNTSLAROUN 1 T
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3.3 daulsenauvadaasaiiaritneninuivanatuionvuly 1 46

a)

b)

[y

salad (Linear rail) Wugunsaiindesflonafiidnuwaziiu 919817 Tudondmasui
Bushiudminansnsodeulundu 1§ wanunanudnuiesgiilen neluasdndy
anduduin Tuiedeuliianunsandeuiilunussliogsazainginig fagui 3-7
Tun1sneaedddssdladniie 30 Saduwns 811 1 wesdwiudugnlunisiedeudly

LUALAUNT

U7l 3-7 UfiAuazsalad 28]

a A

ANUNIUAINISI(Transmission Belt) agyinntiniitunisasnnenidsanniindalddadnd

wilslagnu gndevseisenitmaia (Pulley) daud 2 gniulu gnaevisewad(Pulley)

'
al

Mdugaideduindausenimyaadu (Drive Pulley) uazandevsenaid (Pulley) 7
Suusetufidesiuananatgmudanids (Transmission Belt) (o3 Yalana (Tail
Pulley) As3uit 3-8 lun1snasedddyaiavuin 8 dafumsdmsvdiniasainueines

P 44' Y
Walprdounauiulunisnaass

JUN 3-8 angmudsindanazyala [29]



d)
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waLmBsNITLansd 12 1aavi (12 VDC Motor) 1ugunsaldmsundasnasauluil

nszuanssbiiundsunadmiviuindoudagndu lnsusimesiivuianwan 6

v

fiadwns Ae3UN 3-9 lunisneaedlduamesauiiseu 300 rpm dmsuduiniiou
AU (Handle) hagmuuanIuAIUNIUAITIAR DUNVBIA NI Latlduaines
AULEITOU 150 rpm dmsuduindeugadnedenisindeuiiiieilugns1idinnusa

Tuntsnaans

U7 3-9 walmosnszuanss 12 Taawi [30)

\ulwasnsrainnse (Loadcel) Wugunsaididnnsedindiignlfifieuvasrveausei
nsvilududanalni msuddinee?) nmsulasinilildnsuvasalnense
mnusAnd udestuney fie n1sulasimenanans w5999 333ULARINNTS
Lﬂgsugﬂi’mmaqamwﬂ% LLazaLmuLm]LLUmmm'ﬁLU?{augUiNLﬁué’ﬁymﬂmh\lﬁw

(% ¢ o !

< 4 [ v N =

Wuweingiaiausarzysenaulunigalmunadfmddnise1aslusuiuuredieas
F9alau USad dyaulnnstgesndnazivuiaiisshinfadlhed aeuduiudesdl
1995 HX-711 dwsumsvenedyaranowdluldem dsgun 3-10 Tunsmaassiild

Ianaduuninusasaals 3 Alansuiensiadnausduiuiunuliia

U7 3-10 WulwesnT3193nuse (Loadcell) [31]
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'
a ¢ Y A o w v o

e) Afimadng (Limit switch) 1ugunsaldmsuldifiadidnszosnng ndnnsvinude

]
o

91fusINANIEUaNIINTEY Welisunihdudanseed fununsuusnn tngaindg

a

ziln-Un mudemzusausananieuaniinggyin aegui 3-11 Tunisneassildaie

dIngLieriruAALSUALLALAUAATYEENTATEUNYDIMUTY

SUT 3-11 &lnaind (Limit switch) (32]

f) Wuwesnsainseunismyu (Encoder) Wugunsallunisidsiaainsseznienis
MguiauﬁumuazLLUaQLﬁuiﬁﬁ’Lugﬂﬁuaaﬁagmwmlvxlﬁ“mé’qmﬂﬁgu%ﬁﬁﬁaﬁ?umLuJaa
nEULBMARIGY 19U SEEENaNNTINL, BsmMTARoUR, mndaseu Wusu i
U7 3-12 lunsnaaesi i uiresnsratnseunisnyuussLay Incremental
Encoder @5uns193nszaEA 1wy AUL5R1NdU wazauii9ng198anis

[ [

\AFOUNTIMANNIABIaIN MY UYRIRNWNA1IN I dyaasendwa D udyey o

q

€

[

- e Al o &
gnAduiadd i ey (Square wave) lagn1sviyu 1 seusgniiladyyin 720 g

[ Ag] QU

JUT 3-12 Wuwesn5193nsaunsnyu (Encoder) [33]
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g) #udu (Handle) iWudnudugunsinszuangnesnuuuliiidulasinmnzaudmsy

[y

Tuluvasiunaussanin asgun 3-13 lunisveasadaudugnldiiedvinsnaaes

Y Y

LY A < s

VBALNDDNILIINTEYIULaEABUTEATUTENIN L%UL‘U@i(G]i’JﬂiJ@LLNLLagL"'lIULGU’e)iG]i'J"U’QJJﬂ

] cil A
INUUUIUD

g‘d‘ﬁ 3-13 iudU (Handle)

h) dugesnsiainusedu (Force sensor resistor) 1 ugunsalfigniauiuiainian
Uszianilaulnaiuasuuunun (Polymer Thick Film) #dnn1591191uABIl adllseng
nszvhuHulduLssiulihinnaseudngaduazanas fegun 3-14 lummeaesilly

L%uma%maa]i’mLLiﬂﬁUEUmﬂﬂam Guuw,é’uﬂhuquéﬂa’m 0.5 17052 SINALARILLE

(% [
=

0.1 94 10 T728u dnsunsiainnsadutaie 4 17 Usznaunie 97% 11na1e Taung

wariinae

U7 3-14 Wuasns1aiansetu (Force sensor resistor) [34]
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) alwsvuiees (Buzzer module) L ugunsal i I M ald sevianii i 1UE su
doyaralihvieglusudyaandesdl 2 Ussian laun wuukeaiivl (Active Buzzer)
LﬂuﬁﬂwwﬁmﬁaqmﬁﬂLﬁmmmﬁ'a&jmﬂu am130a519 dyaadsadoulaviud
Woauaseusailiin wazwuumadul (Passive Buzzen) \udinwiinifossieii
wsauliliinszuanssuazdyauanudidiluFanansoasdyaadensiouls
slnslndanunsofidadesidanuuanatununnuiifideu fguil 3-15 Tunns

naaesildalnsriwesuuuniadiiodsdyyrandesdanowdor Ifoanussluil

9591 4 DUsenaumetld 93nane 97119 wariliney 11NN 1 9afu

'gﬂﬁ 3-15 alwavaas (Buzzer module) [35]

=

) @en (Cable) agvuthitlunisdsatemasainiuisluddninislaeniy son (Reel)

% a

Aaue 2 anuld senvuin 47 Tadwns 1w 2 63 fagun 3-16 Tunsveaeedly

Y

'
=

Wand miudimannuemasivedunfougno19dInNIsiAaoui

JUN 3-16 s9nuaziden
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lulasmeulnsaiass Arduino Mega 2560 tJululasnaulnsaiaes nszna AVR lu
sUUULUY Open-source FUloFlulasnsulnsaiassiues ATmega2560 vinanui
A 16 MHz Smiaeanusy wilay 256 KB wsy 8 KB Tusasuluii 7 81 12 Tad
LLiﬂﬁumaﬁswagjﬁ 5 12ad 1 Digital Input / Output 11nde 54 91 (1Ju PWM 16 14

[

¥1) 1 Analog Input 16 41 Serial UART 4 9 12C 1 90 Wwag SPI 1 A faguil 3-17 Tu

Y

nsneaesilldlulasreulnsaass Arduino Mega d1usulUsunIULioAIUANNIT

Mauvesseuulunsvnaes

gﬂﬁ 3-17 lulasmaulnsaaas Arduino Mega 2560 [36]

[

L298N Ldunsasyadusoinesdsanunsanmunuueinesldviaue 2 §1 Tngndnnisg
¥91UA 87995 H-Bridge TUNSTLALT 1WDLABS ALY 2T AN UAG 28805 NN
lulnsmeulysalaosifiemuauiirnisnisyureaunuieines wazauauauEves
NSVLULNUNBMBIAIEAUN TN VB 1uNad (PWM Pulse Width Modulation)
Fagui 3-18 lunsvaaesilldynduuewes L298N dwiuamuaufianisazaiiuis

s A 4' = Y a A =
VAINTINHULNUNDADILNDLAGDUVIIADNDINTIARDUN
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]- - 43mm -

gﬂ'ﬁ 3-18 1995TUNLHBS L298N [37]

m) IBT-2 (BTS7960) Wuyndunewnesianunsanunuuemesldiiies 1 62 Tagvdnnis
¥91UA 82995 HBridge TUnsTaad WBLABsAINT 2T FvuAR 8@ i nan
lulasreulnsalasifiomuauiianisnisvyuredunuLaLnes LagmuANALEIYe
NSVYUMNULBLABIAIEANUNTINVDFYIuVad (PWM Pulse Width Modulation)
wWuidfuyatuneimesL 298N udgaduuewmes IBT-2 anansaduldiinszuagsgnis
43 A wagdszuuUosiulann Over-Voltage, Under-Voltage, Over-Temperature
Turnisfigadunowes L298N Funseuageaniiios 2 A fa3ufl 3-19 Tumsnaaesilld
yadunelned IBT-2 dwmduauaufianiauazaudvesnsvyuunuioinesiiie

di al' Y a o v Y]
Lﬂa@u‘mﬁ!ﬂ@qﬁaﬂﬂ']iLﬂa@u‘V]@’]llf\]cU

43mm

n) U 3-19 2asduseines 1BT-2 [38]
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= < 4

3.4 MIdULIBUIULYRS
n1saeuLisulduges (Sensor calibration) A n1siU3euiisuaiiilaainiduiges
aainduaesgu telidlaiduresanaiafiszin luldnulimfuiuduesoiole

[

Taglunisveasaiinsasuiieuduas fail

= < 4 (%
3.4.1 MIHDUMIBULTULIYBTNTIIIAUSS
= Y = 4 v ° [ [

nMnAaeuinsldldureingiaiause (Loadeell) dmiunnaiausdlunisnaaes lny
\ Y = o & v ° a . . = & A v )
neunmsldnuidueidniudewinisaeuiieu (Calibration) Wulwesiieliauns0nsIaTn
wsdlgagnsgnaesluaninwindoudiianisldiuess Fadumesnsiatause (Loadcell) Aildlu
msveaestiiinisaeuiisudueilagldyalusunsuaeuiiioudnlud® HX711h ogrslsin
neuldnuduresnnainusdinsdndudedinisnsiaaeuanugnsiewarasuiisulngly
N130219UMTNA8 TN UIMTNAIN ENATINGIINNITADULTEUAIEYALUSUN SUAR UL 8 U
(Y va U O = o = < 3 4 Yo o
gnluldf Asludadinimaassaeuiisuduwesuasassgeunnugnaedlasldingduiu 5
Fu Fathihvdnash Lok 0.256 0.516 0.751 1.020 kaz1.335 Alan3u (ATOUARNY VBT
llunsmaaeman) 39ns197n1nAT 090U NATNINTFIUAIUYNA DI LABUHURILARS
TUABUNITNARDIAITUN 3-20 HaN1SWTEUTIBUTENINUSTLARINNIATIinNas i nilinyes
Toguandlunisnem 3-1 uazuanddugduuunsmidunsgun 3-21 Taefinslidudiin@uilayd

(%
174

uARUMnvasingRarimENlaInNMInTIainnuay

UM 3-20 WHUHITURBUNTAR UL UL UDSATIDTALS

€aN
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M13799 3-1 MsSeuiiguseiadmtnvesinguazminainnisnsain

Sample No. Actual mass (kg)  Measured mass (kg) SD
1 0.256 0.270 0.006
2 0.516 0.517 0.006
3 0.751 0.750 0.010
a4 1.020 1.017 0.006
5 1.335 1.323 0.006

Comparison between actual force and measured force

1.6
1.4
1.2

0.8
0.6
0.4
0.2

Actual mass (kg)

1 2 3 4 5

Sample No.

Actual mass (kg) Measured mass (kg)

JUN 3-21 maSeuiisunseiildannisasiaiauasinvtnvesing
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nANNdNRUSITHIussIndminvesinguazissainnsasainlaeld i duiges
n3333AK3¢ (Loadcell) Aduanslumsnef 3-1 F4a1UN50LaAIANUFUNUTTENTNTIIMN

ﬁ"jmﬁfﬂmaﬁmqu,azLLsamﬂmimni’miugﬂLmuaumimmé’uﬁuﬂé’é’aaumiﬁ 3.1
AF =1.021MF -0.016 (3.1)
el AF fio dwiintmg fvhedu Alandy
MF fio dwiinainnisamaialagldiduess Suhedu flansu

= < 4 (%
3.4.2 N19dUNEULYU bBINTIVNINTDUNIINYU

nsnaaesiinisldiduwesnsratnsaunisuyu (Encoder) wethdygiailaainnis
a9l oA U T28EN19 A1NULST WAy ANNLTY VBINISAARUTIvEY AudulunIs
\ v = fo & v ° a . . = ¢ A v
NAADY tAYNDUNITITINULT ULLBSTNTUABDINNSABULIEU (Calibration) L5 WLEaS LN B b
anansansinseunsuyulseggndeduanimwindeuiinnisldnuass Fddunisvaass
~ a = ° vy ) = a a v o A o =
finsaaesdeuiisuduwesingdmualisuiuindounaingasuaulugrneninuadaing
INYATUAUNITEE 10 20 WaY 30 LHURALUAT TILNUNILANITUADUNITNAADIADULTIBY
L HUYOINTIVIATOUNITRYURAAIAIFUN 3-22 9INUURTIVEBUAINYNA BIVBUT UG DS
ATIVINTRUNINYULAL T TU YT UL B UTEEEN1NLATOUN ATANUTELENIAINNITATIVIN
Inglfiduiweingiainsounisvyu iamsuTeuiieuwananmisnen 3-2 uazuandluzuuuy
n3LdURTgUN 3-23 IngAnslidudundunasAdufossoen1ane I uAf ounas Az

SLYLYNNAINAITATIVIANUAIAU

Distance
Monitoring

JUT 3-22 unudsdunauNsaoUE UUa SR 19 InToUN VYUY
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= = = i Ay ) « A a o o
AN 3-2 NSLUTYUNEUTEMINTZEENNNANUIULARBUNATINUTZYENIAINNITATIVIN

Sample No. Actual distance (cm) Measured distance (cm) SD
1 0 0.000 0.00
2 10 10.050 0.06
3 20 19.775 0.10
4 30 29.375 0.10

Comparison between actual distance and measured

distance
40
30
&
L
Y 20
(e
8
S 19
0
1 2 3 4
Sample No.
——Actual distance  ——Measured distance

JUN 3-23 maSeuiisussegniinldannnisasisinnas szegnanduduindeunase

NANUFUNUTTEMINITLYEN NN LT ULAADUNIIINUTLYLNI9AINATATIIA ALY
L HUYOINIIVTATOUNITNYY AuansluaIs9N 3-2 Feaunsauaniauduiussend g
SreENNANTUAR BUNATITUTEEEN199INNIATIVTRLUFULUUALNTANNFNTUS A A

AunsN 3.2
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AD =1.025MD -0.111 (3.2)
987 AD A9 STesnNAMUTURaDUNTI dutheidu wumung
MD A9 seznaannisesdalagldiduwes duviedu wuiuns

3.5 nMseanuuuyalusunsusaUssauiudly

Y Ly v =2

A a N s o W A o o %
szuvlunmisiedoun 1 daddsidudmsunistuiinadygyruiifeidaslugals
Fudeyauazn1simuavIanIiwesineites Asuiianuazainlunisldauieiinig

sonuuuduseuszauiulldlagldnmn (Graphical user interface : GUI) Fauanafagui 3-

(%
=]

24 Tpedlsngasiden fail

T LTS
Sy Cy e

N
=]

N
=

22

SUN 3-24 yalusunsusieUssanuriugldlagldnim

g (1) A NUNEMSULAAINI WA U LSS

A

[y

(2) A NundmsuuansnTndyaussniaannsasaialisuiisududygyu

wsanlaannIsuszunalagldwuuIananneantineans

1% '
I~ a o [ %

(3) Aim NUNAMTULARINTINAILABIALARDUTETINI N Y YIULTITAINA1IATIVIN

[V =

Wisuisuivdygraussilaannmsussanadaglduuuinaewmsndneans
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(4) Ao napstornudnsuleuteliddmiuiutoyaiiiertedunisnaaes
(5) Ain napsteANudmudouraveitegilddmiunismundnyuzay

(6) Ain ndestanNudmsudouiiuiunsdeuriuvestayalunsuisdndiutoyad
Hauriuiy

=3

(7) fiw Yu Start Record adntitasuduiindyaaiieitesunisnaass

=

(8) fim Yu Stop Record adnteauMstuiinduyaaiinestesiunisvaaes

=

(9) Aip TeAnumAAsERIUrNITTUTINd g aneIteslun IVIAaeY

4 o U U =2

(10) Ain naesteanudmiudoudelndgiudeyadmsuduiinusasenlddoyaiiie

Y

USZUUAIANUAIUNIUNISHARDUNVDINUIUN U VU ltau

(11) AB NABIVIANUANTUTDUAIAINUAUNIUNTAFDUNVBIAIUIU (MLl
HINFUNITUTEUIUAIANUATUNIUNISAADUNVDI AU ANALLARAILUNEDITDAINY
DRLUITR)

(12) Aa Yu Make database file adnieLsuduiindyaIunfeIvasdmsuldinenis

UELNUAIAMNATUNIUNNSIARBUNYBIANTU

(13) Aa Yu Classify K pdniieisanlgieandunisussanaunnusunIunisieaeud

VINUFU
(14) e Yu Exit pANRORNAINYALUTUNTUABUTEAU

(15) fio naestanNudmsulauteliddmivadielnagiudeyaiainluldluns

UszU10ULLSY

(16) fie navatenIudmiudesutelnddmiuSunliteyamneitedunimaassiie

Guitnludsludgudeya
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(17) M@ U Train and Test of dataset in training file AdNLeLSIRNADULALNAGDY
wuudnaemsadineansiaesonldvoyavintidveyadwelndseulilunass

Fomud (16)

(18) @® Yu Train and Test from dataset in database file AfnLN BT URNABULAE
nagoukUUINasInIAdamanilnesunldloyadnlidgiudeyadvelnaseylily

NABTBAUN (15)

(19) Ao Yu Take dataset of training file to database file AN 8103 a31N
Inddayanveldsyylilundesteninui (16) nuinihiulwdgiudeyadevelndsy

9

lunaesdoninud (15)

(20) f® ‘L'ju Train and Test from dataset in training file and database file adinLiN®
SulnasuLaznadeuLuUItaeIeAdinaansiagsenlidoyanlnddeyadiwe
Inldsgylilunaesdonun (16) wavlwdgudoyadsWalrdssylilunasstaninud

(15)
(21) D ‘L!SJ Create new database file from dataset in training file ﬂﬁmﬁaﬁﬁaga
Mnlnadeyanvelidszylilundestoninud (16) weasslnagudeyalmizadolng

seulilundestaninui (22)
(22) fie napatenudmsuleutelnagutoyal

(23) Aip NABITEAIUAINTUT UL B INANAaNSTUNITUTEUIULSILUUALLIANDTS
(Real- time) Fufudoyausilaainnisnsinialseuiisuiudygiausailaain

15052l TU L UUINADINANNANEAT AL ANAINUAAIALAA DU

(24) Am Y Start real-time test ARALNBITUNAADULUUTIABINNAMAAIAATAY

LI81959

(25) Aa Yul Stop real-time test AGNLIBIUNITNAADUKUUIIABINNAMIAAIER TR

LI81959
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3.6 MyUszananadaya

Poyanlasuanszuvdmsunisindoun 1 45 agldiveiaudanesiulunisussunn

o

1Y & o & = v a v Y v a i
LLINNATULUD LLW@EJ'NIiﬂGnlILu@\‘m']ﬂsﬂ@yja'ﬂlﬂﬂausﬂqﬂuﬂjqu ygpulaziuasuluasmallan

[
=3

28195771517 Jerainmuianatnvestoyad uls dvdunisinieudeya (Data
preprocessing) 34 8aAANUAANAIAVDIT oY ARINE1 NoutTeyaluldiiawmun
WUUINABINNARANEASANNSUUTEUIULTINAIULED 1A8NINTINVDITUNDUNSUTLUIANE

ToyauanIRIFUN 3-25

Dataset —| Segmentation —» Feature extraction > AI\_IZ?JrrT;Er% » Estimation ——» Output
Preprocessing Learning Prediction

I
v

JUN 3-25 Tunaunisuszananatoya

9 A v A Yo ° ) 2 cs' aa I3
yataya (Data set) Ao Yeyanilasuainszuudmsunmsiafeui 1 i Jeaunsaiu
Toyalanininansa 100 yadeyaseiuil Inegadeya 1 gauszneusie dyaralniinduile
8 Anannsesaiameduweinatadyaulniinauile (Myo armband) svegniauay

ANISEINTAGEUTANTUIINNIIRTIvInMeduweinTIaTRseuNITILY (Encoder) 4S9

v
=Y

Juihile 4 17 MnnsaTiamedueasnsiaiansetu (Force sensor resistor) k34aI0N1T
A5997AR 8T UEBINIIATALSe (Loadcell) wagA1AIINATUNIUAITIAR DUTI VB IA LT
(Frictional force)

£ ) o

nsuUsdindoya (Segmentation) Ae N1simuARIRULarILIUYATRYadINTUNT

v
AnLendnwziAY (Feature extraction) lagduiuyadeya (Sample size) fnnzauazyi
Tansamusanesfulunsiususdddegedivszansam doafulunuidedsed nns
yanpulosdu (Pilot study) leniaasudiuaugadoya (Sample size) fvanyaudeisns
NAABIAANAADIYN (Trial and error experiment) defiansananuszavsnnuesdaneiiud
WawlaeUszfiunndrmuianainiad ofidsaas (Root mean square error : RMSE) &4
UBNTIAIINARIALAA DUTENINILIININNNIATITIALAZLIIINNTYIIUY Tauauyndeya

(Sample size) wansineru Twn 50 100 150 waz 200 NANITNAABILARITINITIT 3-3 way



a2

wanlugUsuunsmidunsguR 3-26 nefinsindudtutusasdunsiavenisrinuianain
Wdenadan (Root mean square error : RMSE) U9 UUTNa0IMNALAA1@ASANmU LAY
WlassrwUszamnvuLuuunsdounau (Feedforward back-propagation neural network

. BPNN) wag33dnnedmianinesunedu (Support Vector Machine : SVM) @ dldiaasiua

Hangu (Kernel function) Ae wSwRgatuTaiandu (Radial basis function : RBF)

AN5199 3-3 ANSINTADIVBIAINUARIALPADUNAIADURAYVDILUUIIADINNANANANERST

U989 tewA 50 100 150 wag 200

: Sample size = 50 Sample size = 100 Sample size = 150 Sample size = 200
Algorithms
Train80%  Test20%  Train80%  Test20% = Train80%  Test20%  Train80%  Test20%
RMSE_ANN (N) 0.196 0.440 0.088 0.213 0.064 0.130 0.047 0.126
RMSE_SVM (N) 0.202 0.336 0.092 0.173 0.063 0.125 0.048 0.121
RMSE of both algorithms at various sample sizes
0.5
=@ ANN e SVM
0.4
= 03
£
Ll
=
a 0.2
0.1
0
50 100 150 200
Sample size

JUT 3-26 NTVLEULEASANTINTIEDIVBIAHNARIAARDUMNAIHBAIRAEVBIUUUTIABINS

AfnAaRsIvundeene Tawn 50 100 150 wag 200
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NNUANIINARBIRILAAILUFUN 3-26 MNRANTANAAIINTIARIYRIANUAIALAT DY

o 1 o

Mdsaeuadsvesyateyanldlunisinasy (In sample) Favsuantannuudugilunisving

Tagaevinalagldyadeyal nasuaziuiiwuudiaemendaransd aimulaeldds

ad o [

1A59918U5 @M NS ULALITTNNDTALINLA DT LT UTRHNANTVINWIBNT AL LU N AL AR I

aglsimumniiansanisisnfigesvesnunainiadoumdsasadevesyadeyadldly

v

N15nAdaU (Out sample) Feusuanisauudugilunisviunetayaevinalagldyataya

Y

NAFDUILLAUIILUUTIaDIM AN AA1an ST siaulasldislaseeUszanmieuiniiy
WU UGN LNV U LS IUBE NI LUV IABIN AR ANENS TINA UL ALITTNNDIALINLADS Wil
YuNIuIuYAteya (Sample size) 50 100 vaugduIuyAdoya (Sample size) 150 200

wWUUINADIMNALRAIARS NN AgTESNsIaRIiANkI U T UNSIWaLSIlnALAsa Y

(%
v v =

Aatiudsaguliinuuuinasmneadineansnnmunlae3sn1svassiiuunliuwivgunntwile

' '
@ ' =

Mg mugateya (Sample size) liNAUIUNTEYIADIATY NiaATIWIUYATBYA 150 Wag 200

= [ 1 o Y a [ 1 1 < Y o v . é{
Felvinnuuduglndifssiu usegrslsinmumnlddruiuygadaya (Sample size) 1MnUULIAN

v [

< = N | Y a P
IUﬂqi‘UigN?aNaﬂ'ﬂg@JWﬂeﬂUWUH muamﬂumawm 3-4 aamaiwLﬂmm’ma’mﬂuﬂ’ﬁﬂ’izmm

[
=

wsanauiie aslulunuidedazidenlddnuiuyataya (Sample size) fio 150 Yyadoyasie

Y

MIAa 1 Yanaanyae Snvisssuudviumsiedoun 1 IR anunsaiudeyalanianinmsy

I a a =

100 gadeyanodundl Fseravilszuulszinausinduilofinnuardiiesninanussly

nsfutayantesninduiIuateya (Sample size) dmsuAuin 1 yaamdnyue aaiuly

v
= Yao 1

Adellagldismsuusdiunuuiieudeya (Overlapping segmentation) lagiieuyndeya
Wesiiay 1 gadayadenismuin 1 ganudnuae wWeiinaauiilunisussuianaiili

SEUUUTEINAULSINAULTHea 50 lrulanIua1939 (Real-time)
M1597 3-4 A luNsAWIN 1 ANy I1uIuYRteya 50 100 150 wag 200

Sample size Process time (second)

50 0.5
100 1.0
150 1.5

200 2.0
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N1SARLENAMNANYULLAY (Feature extraction) A9 NTEUIUNITAALYNG NYMUL

<

nzivesoya (Feature) Faazdondulsnaiausaianiliwaziandudiay eewn

[y

Tuuddelfidygradnindutledudiuniwesyntoya (Dataset) Fellmnududounasd
anuElaNIZAIMaYla 1Y YUINYDULIIRUEIEA IUnveIRTIiuRdluna iy
13 Y} A v a6 < 2 v o & A
1381 VUIRTRIRIRUsENBUd I laAINNTHUaSBTeg19InLEY LTudY Asuiioan
ANududauLarTLunanuazanzivesdyalnindulieddinisuseyndldisnsn
LENAENWLLAY (Feature extraction) NafilifednYLIANILAITEITBYA FMINUILIAR
ndlugduvuiinmesnagldinines vesdnuazianiy (Feature vector) 3 4uangA
dnwazlamgnmuaninnteyaius Meglusuvedinmes mMsmuinmeadinmansiie
[ (% | = 1 v & | 1% ' a 6
Manwzlangiwingg dnateguuy Tnganunsauveentaidu 3 nau loun n1siasey
VULAULIAT (Time domain) N1571AT1¥RUULAUAIIUE (Frequency domain) Wagns
ATIBRVUNILNULIAILAEAUA (Time-Frequency representation) F9891U3T8LNOAN W
= = a wva U [ ¥ ;" 1 aa [ £
WisuisunisussidiunaandfianisdivesdyaalninduilenisisnsAntendnuue

1Y

wWuE19e Ineiarsanlagldinue 3 99 el
a) NATUNTIAUULUEN

N9UITBV9 A. Phinyomark wazag [39-41] lalaenisnsnisained1sdg 2 7
wlglun1susediu A Euclidean Distance waw Standard Deviation Ingtunyssiiiulugy
YadnsdIuTEnIeTaUTsiusdes §whunldlunisusadiudsnmsfane ndnvassunes
FUNIULLNLLIATLAYUUBNLUAMNAT LY 15 ¥in F9Usenaufie Integral EMG (IEMG),
Mean Absolute Value (MAV), Modified Mean Absolute Value 1 (MAV 1), Modified Mean
Absolute Value 2 (MAV2), Mean Absolute Value Slope (MAVS), Simple Square Integral
(SSI), Variance (VAR), Root Mean square (RMS), Wavelet length (WL), Zero crossing (ZO),
Slope sign change (SSC), Willison amplitude (WAMP), Auto-regressive (AR) coefficients,
Median Frequency (MDF), Mean Frequency (MNF) LﬁaqmﬂL’;aﬂumsﬁflmmﬁqqmﬂsuaq

INTInEa N LA UTRIF Y MLUUTILAUNALazALd Larn s A lTann1slun11)

ANPILVIUYDIANBEZ AUV ULAUNAILAZANDVINAION1TARLE NS N BIZLAUTDIR Y160
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[

mgslunguillilagniiansanlunudded nansnwdnduiuauuiug1vesisn1sAawen

ANYULLAUTOIF Y YIUUULNULILAZUURNUAINDAILTTUIAU LAAIRINITNTN 3-5

AT 3-5 DUAUAIULUUEIVDITONITAALE NANHUZLAUVDIFYYIUUULAUNIA AT UULNY

&
AU

WNTINANYAULIAUTDIRYYIN  DUAUAINLIUEN

Wavelet length (WL) 1
Root Mean square (RMS) 2
Willison amplitude (WAMP) 3

b) NATUMTIANUPINUADE Y QYIUTUNIU

91N9U3T8V83 A. Phinyomark wazany [39,42] loUsuUsa3nsinanuazianuues
ﬁiyapmlﬁ'ﬁ\‘iﬂ?mﬁﬁaﬁﬁ A® Modified Mean Frequency (MMNF) Lag Modified Median
Frequency (MMDF) wagiU3euifiaudu 15 33dnadusindafiuandn 1 35 Ao Histosram of
EMG (HIST) Wudw‘i‘ﬁﬁﬂ%’uﬂgqﬁumﬂmﬂﬁmamimGiaé’zyjzymiumuléﬁﬂdﬁ%mi@mﬁgq 16

A8 dmsuITnsAuNUIT 35015 Willison Amplitude wazisnis HIST Tinanunadyeyie

U ‘:‘I 1
sumuluseaunuInela
O NITUNTINSNINTWALLIATIUNITAIUIN

MNUITHVOS A. Phinyomark wazaug [43, 44] lanaassmaniarlun1sAiuiu

YOIIBNIANLENANBEZLAUTRIFYILAaZTS Tnanmuaauudygralniinduiioain

1 '
= 1 U =

nilsrosdnan FellvunnvesdiuIuteya 256 VLA HANITNARBINUINITATAAKEN
SNUULLAUTYDITYYIULUY Integrated EMG TabaantunisAuindasiign laewaailunis

AMUNIAIYDIIDNIIANLUNANYULLAUTDIF YY1 ALANIAIAITINN 3-6
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AT 3-6 MTIATTUNITATUIUUDIIDNITANLINA NBEULLAUTDIF YU A ULLNUIALAY

YULAUAIIUD

ATNARLENANYULLAU LattuNTAWIN uii)

LIntegrated EMG (IEMG) 8.1061 x 107
2.Mean Absolute Value (MAV) 8.2789 x 107
3.Modified Mean Absolute Value 1 (MAV1) 8.3020 x 107
4.Modified Mean Absolute Value 2 (MAV2) 8.4786 x 107

5.Mean Absolute Value Slope (MAVS)

10.0950 x 10°

6.Simple Square Integral (SSI) 8.1829 x 107
7.Variance (VAR) 8.2405 x 107
8.Root Mean Square (RMS) 9.1045 x 107
9.Waveform length (WL) 8.2213 x 107
10.Zero crossing (ZQ) 9.8495 x 107
11.Slope Sign Change (SSC) 9.3196 x 107
12.Willison amplitude (WAMP) 9.3157 x 107
13.Auto-regressive (AR) coefficients 57.419 x 107
14.Median Frequency (MDF) 45.196 x 10

15.Mean Frequency (MNF)

20.7430 x 10

16.Histograrn of EMG (HIST)

31.6030 x 10~

TunisusgsliunismsAnnenaneuziauvesdygiulagldinue 3 Toaiin1sm

(%
o Y
o

LY v a v o

nslduegludagdu fedsneada uazdslddignuun 5

BNIAALENENBAZLAUVDIFY Y IUNININNITUTZIEUITNIAALYNANYULLAUTDY

Aa
feyeuidl

uAIN1IUTUUTaISsARUeN

[ '
Ly v a1

anvaiuvesdyyanlegfuliliauaudfuicsznsnaitu eg1alshaudlidodninidn

[ =

LifidsnsAauendnvasiauvesdygravialafiazldnaifigalus 3 Uszidiu aeduds

Yad [ (% !

Judusesudeninluissgndldlimuzaniuanu Tunuidelaldisnsdnuendnuuzie

voed gy rulwiinauiile Ao A15INYIAILRA BUDINIEIED (Root mean square) hay

L4

ALafgveIANdNyTal (Mean absolute value) B3iiansautiiownnIsnsAnLendnyugLAY



ar

vesdyaaeisianududoulunmsinauaridnatlunsiuades wazgnununldy
ognaunsvanglunisuszgndldtudyanalnihnduie Tnegaslumssuinlagld Bnnsd
wendnvaziuvesdyuralii1nd il e Ao Root mean square (RMS) wa e Mean
absolute value (MAV) wanafaaunisi 3.3 uae3.4 auadunasld33nsdnuendnuazinu

YOIFEY AU MNeIvee fie ALade (Average) Aawandluguil 3-27

d) Root Mean Square (RMS) tJun1smiA1s1nvesaad snnasassvosdaygyiadludi

naukilalenadns 1 feature vector

1 N
RMS = /WZX (3.3)

lag?l  RMS  Ae ArsinuesAadumasaestesdgygrauliiinauiile

X, Ao Adyaaliihnduienveyadidui n
n Ao dnuveIloya
N Ao YWINVBITYA

e) Mean Absolute Value (MAV) t§un1suiead svesaduy salvosd ol
nanuilenseenasonidueg1aduidu Integral of absolute value (IAV) lanadns 1

feature vector
1 N
MAV = NZ| X, | (3.4)

log?l MAV  fe AladevesrduyIaives ”ﬁuwfymlv\lﬂmé’mﬁa
X, Ao dyarailwihndudenifeyadiud n

n g d1AurDITRYaA

N AB IUIAVDIVBYA
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Distance of Velocity of Object
Push force Squeeze
EMG signals the object the object resistance
(N) force (N)
(m) (m/s) (N)
I l A4 A4 A 4 Y A
Average of Average of Average of Average of
RMS of EMG MAV of EMG Average of
. squeeze distance of velocity of Object
signals signals Push force
force the object the object resistance
8 Features 8 Features 1 Feature 4 Features 1 Feature 1 Feature 1 Feature

Y

Record data in
database file

UM 3-27 Fn1sAnlenanuaiziani s ey

N15138U3Y038aN8371U (Learning algorithms) A8 FURDUNSWAUILU US89
Al AAIANTA8N1TRNa@OU (Train) 8ana3yiu tasldinmesvosanwuzianie (Feature
vecton) fildanyateyadmsulinasy (Training dataset) fiiuAssAnnendnuuziane
(Feature extraction) Inglunilsyadoyaszutsesniduassdrufedoyadunn (nput data)

dwsuldifiodudune (Input) vesdane3iiu uasdeyadvune (target data) dmsuldiiie

'
= [y

Judmune (Target) voedanesiiu Wedanesiiuianisisouimeyndoyasuuuuiiugie)
dane3iinaziinnisusuamisiwesineitesaunseisanuisailuldidunuudiaemig
AdlnA1ans (Model) it 0v1u1e (Predict) Yoy atenving (Output data) 3nTayadumnm

(Input data) lvsle sald Ineduneunsiiousvesdanesiiunansisgun 3-28

4 Learning Phase
Feature
extraction Train
\] [ 1
Training dataset P Feature vector »  Algorithm g Model

JUTN 3-28 JunaUNNSITEUIVRITAN TN
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N3YIUEYeIane3Tia (Estimation) fia N1siuuuTaemeAtiaa1ans (Model) 9
H1UNITHRINIINTUABUNITLS U §ANe3TY (Learning algorithms) wnldievitunevaya

v

101%iwn (Output data) Tnglninesvesdnumziamy (Feature vector) fildantadeya
dmiunaany (Test dataset) T aUsznouday Foyadumne (nput data) dmiuldiiierdy
dune (Input) vasdanasfiulunisvituiedeyateving (Output data) wasdeyaidvuie
(Target data) dwifuldiflevssifiuanugndosastayaioing Output) Inedunauns

g veIdaneIiuwanIRegUN 3-29

/ Prediction Phase
Feature
extraction Test
\] [ 1
Test dataset —— Feature vector ——» Model ——»  Prediction

JUT 3-29 Tunaunnsviuevesdanesiiy

3.7 N1598NLUUDANDINIUAI875 ANN wag SVM
b2 tﬂgj 3 2 dy o & v YV v a < o U
nsuszanaussnauienndyaralidnarudednduneslddanesiudmsu
WAILILU U1 NANAFAIEAT A8 DaNaSTUN Y ABIa1UN50MSIFDUANUFUNUS N Ul

a o a A Y 3 a o dy Ya 1 = [ LY
NuUATBTTnaransla aeadulunuidedaglditlaseuieUssamAsuuuuinsdoundu

Y s

SHNWNDSMLINLADS UBTU

a

(Feedforward back-propagation neural network : BPNN) a7

(Support Vector Machine : SVM) @195 U AIUILUUTI180IN A AAIE@NT 1A8T R UD

a e

Janesiiunsaes Ae duszavzanlunisnsivaeuanuduiusvestoyandudou awsaldla
a v A a ~ ° Y] Ay a o & \
afuyadeyanidanudanain wazinisurluldundymlunuidod@inamanioegis

wnsviany agslsAnuIsdnnesanmasuuruilvelmusauuinnInISlaseneUssaniiey

a | o

luisewwasmsiinlgymnsdaniiany naaanwusnldnsduunnediuluiuyadeya

q

LY

(Overfitting) NupYNIMAZTIIADIIS T nlwTosvosn1sldiarlunsinasuuiunas

NI51TLHB 5NN EIVDINUDANDINULANMUTULDUYINABDANTVIIAINULLNLD
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81AT99UTEAMMITBULUUL NI §DUNGU (Feedforward back-propagation neural
network : BPNN) 1fulasstneuszaniieudidosiinsasu (Supervised Leaming) dawilslu
HadvdAniidsnaseuszansnmlumaiunevesdanesfiuuenandeyalunsiinaouifud,
msfmuanisfiwesTunisinaeuilinsaufazaiuisafinuszadnianlunisiunels

WUy AauUluWITeRTnsArUAAINISIENS lUNSHNaaulASIU gUs T AN MIAENRINAIS

UFuA19e38n1maaesiinn1smaaegn (Trial and error experiment) Algyatayaiiaeniuy

v A

Ingldr1anedatieefignainsdiuusiu (Independent Variable)aaasauus lauwn Aanusiumu
mMsndeudiai 2 Tadunareudanmsedeuiinad 0.1 wasAedund lnefarsanainaisan
fignavesmnurainadeuidaeads (Root mean square error : RMSE) Feusvenmy
wiuglunsyhuneussuuveeilay fsuulnusvostudeuunniesiulugiessning 15-20
Tnun @1nn1snaaend ssdunuind efuuasiuiulnusvestugeuuInnin 20 Tnus
wuuasamatiatansiauwiuglunsyustswuveenladlnaldesiuiin) 31nans
neassnuindlefvusldsiuulnunvestugeu 20 Tnun wuUIaeIRGRMERSE TR
Tneislassnsusramidioslinanisvhuefiuiugunniiaelutunounisaseuuuusiass
nendnmanslaoilaauaatned oulut une A1 NAoULALNAROULUUS 18NS
AdAFNEnS 0.038 waz 0.063 TFumua Ry fuandlunsad 3-7
Mnduiihmsmeaswhuisuswuueenlaudifsidunisuda (transfer function)
wANM19A W belA linear function (Identity), logistic sigmoid function (Logis), hyperbolic
tan function (Tanh) wag rectified linear unit function (Relu) W esaniendunisulas
Pranudlgognaunsrarudniunisuseunua (Regression) MNKANITNAGBINUINATIVNY
Usganmidiouildfladdunsuvaady linear function Tnanisyhuneussfiusiugunniianly
Fumoun1sadeuULUUsaemndiamanslaeinnuaanedsuludunounisinaeunas
VAADULUUSIADIVNIAGInAIEn3 0.038 waz 0.063 AUAIRU Fakanslun1s9fi 3-8 Aounda
yhmsneassiueussuvueesiladiisane3iunisiFousunndnaiu (solver) léun quasi
Newton methods (lbfgs) , stochastic gradient descent (sgd) @ g stochastic gradient-
based optimizer (adam) function wuinlasstneuszamiisuildsanedfiunisidous Uy

quasi-Newton methods (lbfgs) Tinan1sviunewsaiulug1uInigaludunaunisnaaay

WUUIIaBINIAtinF1ans lnalinnuAaned auludunouNSHNEDULAE AR ULUUINEDY
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NAMAAIARNS 0.038 Az 0.063 DIFUAIUAINU AILaAIlUn1S197 3-9 AetduluauiTead

sUsUlEnimesdnsulnasulasIineUssaMeuLaAAIRIAISI97 3-10
A157197 3-7 WSsuguALLugn LSV eRIN UL AUALANA 9T Y

RMSE

number of nodes
Train80% Test20%

15 0.041 0.068
16 0.039 0.069
17 0.041 0.065
18 0.038 0.066
19 0.039 0.065
20 0.038 0.063

a ~ ~ ) o a ¢ o W
191990 3-8 L‘UiEJ'UWlEJ‘U@'J’]@JLLZ‘JUEJ'{LUﬂ’]5VIWU']EJV]‘WQﬂGUUﬂ']iLLUaQLLG\ﬂ@WQﬂu

RMSE
Train80% Test20%

Transfer function

identity 0.038 0.063
logis 0.039 0.065
tanh 0.035 0.069
relu 0.034 0.07

M15799 3-9 Wiguieuauusiuglunmsvinunendanesiunsseusiandiaiu

RMSE
Train80% Test20%

Solver

adam 0.07 0.072
(bfgs 0.038 0.063
sed 0.09 0.071
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AN5197 3-10 WrsawmasdamsuusulslunisinasulaseneUssa ey

Number of inputs 23
Number of epochs 1000
Number of hidden layers 1
Nodes hidden layer 20
Transfer function of hidden layer 1 Linear (Identify)
Transfer function of output layer Linear (Identify)
Solver Quasi-Newton methods (lbfgs)

nnsUTuAmdwesdmsuldlunisilinasudanesiulassigyssanifisuse
I8N1INARRIRANITNARBIYN (Trial and error experiment) virlausivualdlasedig
Usvamiisulunisveaes Felitudeu 1 7u lnsdduiulvunvestuduns Tugou wastu
6 % U o ¥ 6 o . = .
e lawa 23 20 wag 1 audau tagldfandunisuuag (transfer function) fie linear

function uaylddanesiiunsieus fie Quasi-Newton methods (lbfgs) Aauanaguin 3-30

20 nodes in the
hidden layer

Transfer function is
linear function O
Solver algorithms is
quasi-Newton methods 1 node in the
output layer

23 nodes in
the input layer

JUN 3-30 lassasnslassdngdssamiiiedlunisnaaes

lunsneasslinisunigdwnesanmasiusdu (Support Vector Machine : SVM) 311
TdieNauIwuUIIanenfineansdmsuUssaassnandidenauusanlatibaswuumniy

11A1939A@MS VLS UL UUSEANS AT UNISYINUN8 A ULUUINED IN AR @RS AN MU A8

WlasselszaminsuLuuunIgaunau (Feedforward back-propagation neural network
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: BPNN) Tnenilslunisfiimesdifgaeidsdnnesannnesuustunsilsnduine siua (Kernel

< [y J

function) Fudumsfimesdmsuimualdifiewd oy nsinszidgmi i udadu
Fafuluauideiasivunldfleidunediua 3 Hesduiiefnaounarnaaousanesfiuuuy
pavllay lawn siAeatudanendy (Radial basis function : RBF) Wan¥uiBaidy (Linear
function) flafdumsuns (Polynomial function) waziflasainlunismaaosyszanuusuy
muna'ﬁﬁﬂﬁi”]L‘T;JuéfaaﬁwﬁaﬁqL’Jaﬂumiﬂizmamaﬁaaﬂaﬁﬂﬁ?ul,ﬁaam%u’umauiumsﬂizmama
Safimstmusldilaidumosiuaiios 1 faiduiiel naoulasnadeusanasiuluunILLIaT

254 A9 LSLRealuTaiaidu (Radial basis function : RBF) &aduiaasiuailandunldiuisdw

wasannmesudulunisuitymliegrdiuazunsvany dauansdugui 3-31

Kernel function for
support vector machine

Offline Online
algorithms algorithms
I
[ [ | |
Radial basis . . Polynomail Radial basis
. Linear function . .
function function function

JUN 3-31 lassaiaidnmesannmesuuriulunisnaaes

a

TuuAdEInsUTUAIMNITIHRBT O WY 1A T 99EMTUNITHAIUILUUTI88IN
ANAAIARSAIEITTNNDTALINMBTUNBTUMEBTTNINARBIRANITNAGBIYN (Trial and error
experiment) MggatayaifeItuduivdeyaiiaudiuniunsedeudiag 2 daduuay

I3 d' d' d' 1 a =1 a 1 d' d'
AMULSINISHAADUNAIA 0.1 LIATADIUIT LASNAIITUIAINAITINAFBIVDIAINUARTIALAR DU
Aa3a0Lade (Root mean square error : RMSE) §9U3U0nAULN U TUNTINUNELSILUY
aavllad Inglunisnmassdinisusunisniiwes C Tuksaziaasiuailandulanananu lawn 10
100 500 kag 1000 Fan1513Lm83U19AUUIUBNDINTITAINUATUIAYDIVDULA UL UILENNGY
o | A a ¢ a v ° A o H
Toya WuINMTEwes C A1 500 Winanisviweusawuveenladndanuudugiludunay
n1snaaauNInfan tnelinnuaaiaaisulun1sviustsslulunsun1sNaauLas NAaay
Tngldilsidunasiualuilsidudadun 0.035 waz 0.054 G iluilsddunuiud 0.04

waz 0.059 dadu nazidulsifualudanandud 0.036 waz 0.059 TaFunINaIfU AaLandly
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M5197 3-11 waziilosnnisdnmefannnefuneduiliflaiduaofiuaduilsidunsyuad
W51ieed degree dmduimunldsanlumsussinana dniussinsmaassidunsimes
degree wananaty Taun 2 3 wag 4 nuIfinsiwes degree Sauvfu 2 35dnnedn
nnmesuusiuiiliilsidunesiuaduiladdunyualinansviuneusauvoesilaidsinn
wiuglutuneunismagevanniian lnedauaaiaedeulunisiuesussduduneuns

Hnaoulaznaaday 0.04 haz 0.059 TIFUAINAIAU FILEAIIUANTIN 3-12 datiuluauideil

Insusulannsiwmasdmsulnaa Ul ST NnasALINIADS WUYTUALANILLANTIN 3-13

a = d 1 o o a a s ! [ %
$135191 3-11 L‘UiEJ‘ULV]EI“UWJ'HJLLlIu‘EIﬂuﬂ’]’iVl’m’]EJV]W’]’i']lILG]E]i C LeNANNUY

Kernel C=10 C =100 C =500 C = 1000
function Train 80%  Test 20%  Train 80%  Test 20%  Train 80%  Test 20%  Train 80%  Test 20%
Linear 0.039 0.059 0.036 0.057 0.035 0.054 0.034 0.054
Polynomial 0.362 0.214 0.087 0.058 0.040 0.059 0.038 0.061

RBF 0.170 0.100 0.040 0.059 0.036 0.059 0.035 0.057

a Ql r-:l ! o o a a s ! [
A1397 3-12 WSHUTEUANULLUGTUNSYINUNEINSHLRDS Degree LWONANNNY

Degree = 2 Degree = 3 Degree = 4

Kernel function
Train 80% Test 20% Train 80% Test 20% Train 80% Test 20%

Polynomial 0.040 0.059 0.073 0.063 0.260 0.146

AN5197 3-13 WIs1IwmasdamsuUsUlslun1sHNae A ST nwasAINMBSWIYTU

Parameters Amount / Type

C 500

Degree 2
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3.8 AuvusRnfugurasns1aIndyalnianduiie

duanalniindrulledunnazieurvesianssunsiviiveanduiile Taawinain

' [
[ v v v

Ty amdsnssuumuaunsadeulmvesysd fatu wanalrindanideaunsald
yureusiinseyilnendruid e ogaelsAniunisiag ey svenifuigeinsaadn
Fuanalaliingrandeiminzanazyildnsyiuneusddssansamanni wi ssanaan
Fauvowuadayanaliinduiiedonsuniuazaaeivonduide SnsAnwiie

MTIVEOU LUU UITBURS Chris Jensen et al. loosunefiennuunnaineesvundya e

v '
U 13 1A 1 [y

AnRadianinsaludunusiuana9AuUUTAna 3Ll trapezius YuzEALIULAZIOLUY [45]

v
a (X <

fad Ul Fud A9la T n15ANWIUIT 9N BRMSIVABUAILNUIAAH 9 LT ULTDSNSIDTA

s (%

ol A mnvaulagiarsauussudisuii oldonduri i nf L1 uleesn 973

Ne

[

foyalinnauilelneilststady 3 Yenifinansenusedyaalninduie Al

¥
] 1

a) Anuuanaesdyaauliinadeseninsdygraliinanuieniinainnis

= Y] 1% & A a Y] 1 ) ] v

ponusshstazdygralniinauileiinannseenusindnogednlauzaINa i
ANUNTOVUNBLTIRY/MAN A Dg 1L N BT Y

b) vimsvesLIULAnANAudNaiIAAnANLAnaTRsd g T nd e T 9919

'
] )

dwalitinanuianainlunisaaiadyaralninndudolnoinugussney/udn
Aaludunlsind adugesnsiainnisianslusiumisinisiudsunimisveauauy
danansenusiedyaaliihndulietesian

(%
a A =

o wsaduifeduavilmAnanuianssvesdgyyialwiinduiiledsorvdinaliiie

AMNEaNaInlun1nsIvTad Y Wi N AU ol 8V UNBLTIA /WA N Al

o I

FuaRndfuefnsaTaasindslusLrusinseanLssTuThilodnansenuse

Fouanadlwinnanuiietlaeian

g q

= a =

ndadens 3 Feseiinsnaasuiionsisdeulnefiansaninnafugednsiatn
é’zgﬁgwmiw%ﬂé’mLﬁyaﬁ'ﬂé’mﬁa 2 §ruane Ao NduLi edau Forearm muscle uas
Biceps/Triceps muscles tiasanifnanionaosdinslasunlannnuaresnusiiovie
DONLTINAN Imwﬁumwaﬁmmm%qLsﬁuma%uawﬁwmﬁmgﬂL%uLszja%LLamé’agUﬁ 3-32
dmsunmsnaassdinisinusldusanseviresudulufieniafiyndnad 10 Sadu Faduuss

gegaillunisnaaswmanlunsdiianuiiuasussdiununisiedouiigsdge sauddinig
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v ' '
a A 1 4 % )

Mvualdnasiuveussivirdesoruivasngeaniisensulalunismaasamdandseuiu

1 926U (0.8-1.2 176U) 199970 Avan1TannansznuINuTITutiafonad gyl

(4
a

ndnuile masnaudnisAimuAgaEusy (Start point) wazqaduan (End point) dsldiiiaidy

9 q
(4

sunislunisiedeunvesnudulunisveass dawansluguin 3-33 lnggaduanildlunis

NAGRITUBYIUTLELUIUVBILINNTNAGDS

Ch.8

(©

EMG electrode

Ch.4

JUT 3-32 fumilafiasaduees (a) Forearm muscle (b) Biceps/Triceps muscles (c)

[y

funissdauvesdumesnatndyaaulniinauile

JUN 3-33 dundsrnudulunismaass
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3.8.1 asdsvayyalwiindailanldainniseanussluiianisnuansieiu

=

IneflTunaunIsnnasifornnaeteantksinsdl 10 dadunseyimenudulufianie

' '
ra

nanuaylieanussden uTueg e

o

WUBIUAY (Start point) Tnefnsduiindgeyialnin
nasLlenaann1sneassdnsuldineAuIuIINToIAIRas a0 (RMS) F3UIUoNsTuIn
vosdyaadliiiindunile Inenan1TVnaeaRIIELHUNTWIAIgUT 3-34 Tngiunugiluyis

o

Al AWen wazddu Ysvenieraduniasans (RMS) vasdgygraliiinaiuiteadiuiu

8 YosdynnINERINLIIANT 10 diRunseiinenudulufianisis nanuaglisenusese

ANUIU HNUARU

(a) (b)

0.2 0.2
0.15 » 0.15
>
L
G
0.1 S o1
=
[a s
0.05 - 0.05 -
0 - 0o
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
No. No.
B RMS of EMG (Pull) B RMS of EMG (Pull)
RMS of EMG (Relax) RMS of EMG (Relax)
B RMS of EMG (Push) B RMS of EMG (Push)

JUN 3-34 vwndyaraliiinduiiensiainainsumis (a).Forearm muscle

(b).Biceps/Triceps muscles

HANIVABDILAAIAIIINUDIALRAENA @D (RMS) vasdryeradluiiinduiilonin 8
YosdeQ 1NN TnINNa1LLedIU Forearm muscle Way Biceps/Triceps muscles Wun
vuadyaralnindruiledainnisnainnienisoanussluianienuanaeiuilbualdudg

LANA1ITUE19TALAU 1aelUNITNAADIIMINNAITUIDE19TOUADUIL AULNALAIIVUIAVDY
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1%
v A

dygraliidindruidedensiainy arunusnduilodau Forearm muscle agLAnns

[ d'

wWasuwlasdlesaniianussiuanansiulutesdiui 12 3 7 uaz 8 luruzNvuinves

A

Fuaralniinduiledsmsiaiandmuvusnanuiiodiu Biceps/Triceps muscles agtinns
A d‘ a lﬂl U U 1 U A U 5 a =
Wasuuwvaslasainiianiaussnuanananulugesdygian 3 4 dag 5 Astunniiansuida
Yadvlusowmansenunadyaraliiinduile s infian 1 ussniana1i LIS onfnmg

< s v o 1% & Ao 1
Wuwesasaindyaalninauiiefsunus Forearm muscle

3.8.2 asdvdudyyIulWindulianldainviinisvasuuiiuane1eny

lnpdidunoun1snaassfonnaaseanusandl 10 Tadunseirenuduluiianiea

warnansiemuTuagsuvdslumumiasuiu (Start point) wagsumisaugn (End point)

Tnsdinsvuindanulndinduianasnnisnaassdmsuldiiomulus nvasAadenas

a4 (RMS) gausuaniisvwinvasdyiadniiinguile Inanan1svnaeuwanamownugiinig
195 UN 3-35 LA LHUA T 9A UL ULALE WAIUIUBNDIA LA 8n18 9889 (RMS) 189

Y Y

Ty raddniinguilediuau 8 Yesdyaavaidisiunmmeasteenusinanl 10 dadiunsy

reauIUNMLTULSUA (Start point) kasuvisduan (End point) AuaAu

(a) (b)

0.2 0.2

0.15 0.15
(O] (G
> =
Ll Ll
5 01 % 0.1
) w)
= =
o oC

0.05 0.05 -

0 0 -

1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
No. No.

B RMS of EMG (Start) i RMS of EMG (End) W RMS of EMG (Start) | RMS of EMG (End)
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(c) (d)
0.2 0.2
0.15 0.15
) )
=z =z
5 01 % 0.1
98] 8]
: :
0.05 - 0.05
0 0
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
No. No.
B RMS of EMG (Start) [l RMS of EMG (End) l RMS of EMG (Start) [l RMS of EMG (End)

JUN 3-35 aundyaadliliindaiieainnseenusafa (a, b) wagkdn (c, d) 33953930910

W (a, c).Forearm muscle (b, d).Biceps/Triceps muscles

NANTTAABLARIANTINTBIRLaA N tEes (RMS) vesduaallinndaniionn 8
%09 ”@Jmnmﬁmnﬁmmmé’mLﬁamu Forearm muscle Wag Biceps/Triceps muscles Wua"
sundgaailnihnd e uiansasaiadieriimeuiivanssfunzoonuseiiouay
uinduduiuunltufiunnesiuegnetaau fafufsaunsoaguldivimeuiiunneei
ﬁwTﬁLﬁﬂﬁmmmiw%ma”mLffaiugmmuﬁmﬂ@mﬁu Tnelun1snnassiimnfiansansgis
iEJ‘UﬂEJ‘Uf\]zE‘?ﬂLﬂﬁllﬁﬁl’muﬂ@%@ﬁﬁ@@’]iﬂﬁ/@ﬂ’]ﬂﬁ’mLﬁ@%ﬂﬁi’&ﬁﬁ@ﬁﬁ%mﬁﬂ n§1uilodu
Forearm muscle 3z1AAN151U4 8ukUas91nn150UE suvm1suau 08n119u1nv e
é’zy}zymlﬂﬁmﬁﬂmﬁa%am’m’i’mﬁ@?%mﬂq naiodau Biceps/Triceps muscles Faumn

(-7

Asantstadelutesansenunedygralviinduissannisiasullas e svinnisuau

[y

=2 A a & s L 1% & Ao 1
‘Nﬂ’)ﬁl@@ﬂm@mflL‘EI“IJL‘ZJE)?GITJ"U'WIE‘%UiUWm‘lWﬂ'ma'mLL!EW]W'WLLWLN Forearm muscle

T o
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3.8.3 asavsaudyaalninduiiefildanussduiifofiuandeiy

Tneiltuneunsnnaesfednaassoonussduiionsiilurng 0.8-1.2 Sasfu uarlieanussiu
flodadnuduegisfisuniaduan (End point) Tnsdinstufindyaaluiindudenasans
naaesdniuldif oruinnvesAad sitdaaes (RMS) deusuandsrunnvesdayaradlui
ndaiile Tnenansvanosuanafouugduiafagud 3-36 Tnsflunugiuvisduasuasaibu Us
vendernadsmdans (RMS) vesdyaalnindandesiuu 8 YoIFeY UL U13IUNS

71989999Nks 0ULaAIRUsEIN 1 Tadunszyinsenudu wazlleanuseduile auaisu

(a) (b)
0.2 0.2
0.15 0.15
G)
= =
[WE] [WE]
% 0.1 5 01
98] 98]
= g
0.05 0.05
0 - 0 -
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
No. No.
Bl RMS of EMG (Non Squeeze) B RMS of EMG (Non Squeeze)
B RMS of EMG (with Squeeze) B RMS of EMG (with Squeeze)

JUN 3-36 vwndyaraliihnduieanmsesnussiuihiiswaslioenussduiiiieds

#399INAINAIUS (a).Forearm muscle (b).Biceps/Triceps muscles

NANTTNARBIRARIATTINTRIANRAEMEIEDS (RMS) 84 ”@mqmlﬂﬁnnﬁwmﬁamﬂ 8
%494 ”fg@ﬂmﬁm33a5QQWﬂﬂ5wuLﬁaei'm Forearm muscle Wag Biceps/Triceps muscles Wu11
YU ”zy,agmiWﬂmé’mLﬁa?ﬁuﬁmmamwi’mé’wLLiaﬁuﬁaﬁaﬁLmﬂ@hqﬁuﬁmaﬁﬂﬁmmﬂﬁum
Fuanalihndunieunnsnafuetetaau ﬁQ5u§ﬂawmﬁiaa§ﬂlﬁdW%uﬂmJ'eNLLiqﬁuﬁ’sﬁaﬁ
meemﬁuﬁﬂﬁﬁmé’@@yﬂmmﬁmé’mLﬁasl,ugmwuﬁumsmﬁu Tnglunisnaasiinin

N1sanegsTeuAsUIzdunaladnvuinvesdygraliilindulodawmsiaiadisdunus
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NANULBEIY Forearm muscle agsnan15Ua8uwUaI91nN15UAasULUAIUBIUIALTIUUN?
fotpsninvunvesdgaraliiinauiednsiaiafisunisnanuiiiodiu Biceps/Triceps

muscles s uninnasadatadeluls essmansenunedgyaralniinduiidesannnnsg

v
a A = A

N = a ¥ s v o 1 & A
LﬂaEJULLUQQTBQSUU']WLWQ‘U‘UTJ'JN@QQﬂﬁsLaaﬂm@I@QL%um@i@]i'ﬂﬂ?@ﬁﬁquml‘%lﬁqﬂa']llLu@'i/l

ALY Forearm muscle

3.9 M3nuuNIIIARBUvasfudy
mMsmuguMTadeufivessudulivdnnismuauszuUYuBUALUY Force/position

control fIYdaNo3INULIILUY External force control ?fﬂﬁmiﬂizqﬂmﬂﬁfﬁ%miﬂ%mmﬁ

lnginuauLuudnaIu (Proportional control) %aﬁﬂﬁﬁ’@wmmﬁwmLﬁué’mﬁauﬁ’u

[ a

dyudanalaefidnsvanailuiimualiiAnanuwnnadausadeuluguuuuaunis

A q

1AR9aUNIsA 3.5 wag 3.6

U) =K, [F-F,] (3.5)
U =Ket) (3.6
Tnefi F Ao 45991nN130529%A Tuihedu dadu

For 7D 45991999 Jvmendu dadu

e®) Ao AVINAAIAAREUIENININIIINNIATIVTANATUIIE195
ut) Ae ﬂ'%mﬁwma\‘i Proportional control

Ko fio AnAsil Proportional gain

t Ao nandeilewwaziiatlunmsdudiegne Tnieidu Jud

a

TuauidediinisusuaAAsnansuis

(Y [y ]

IIUANLUUEARAIU (Proportional control)
lngld Finaan Proportional gain #1 85 (K,=85) 31n35N1MAaaiRanAasign (Trial and error
experiment) 4 a1150WUAIANBUNAYDIRIAIUANLUUARAINIINUTINIBUBNANTEII

Juaneminpresimuauwuudndiufeaiuriinisindaunvessnuduiiseanisla
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' ' ' ¥
A . A d ] a

Wotnaiad ouiuunuila g asdusenuniun1sied sunnssusudsaniutausly

q

a

AAN1RNTINUTIUAUAANIINITAR DUN TIWSHASANIURUIEDMNTY 2 UTELAN Ao wsaasn

yuadie (Static friction) AawsedunIUNIsARBUNlUaN1IEInglasuLsInssyvuenTng

q

[

agflsntuilansenseyisieingiennnniusadeaniuainyilningsuniounaginliiie
P = a ~ A = ¢ . . L. = = v
WIIANUNIUNITHARBUNDNUTLLANNTIAD wSWFean1uaall (Kinetic friction) F99zdvunntios
| = a Y] ~ = a
nivungEavessudeanuainauefandugui 3-37 Fnmsmusadoaniuaailuvne
ANUTULNITARUTNLUUABLIBINNUIA1SIADUTNTANUTUL DU AIUUNITNAADINDANAUA
LSIATUNIUNITAA DU MU U TIZUS LU UIALTWFI AN UADHVDI ANUI UL VUALVINVUA

uwsadganiuaativesuiusauandlusuin 3-38

00

Motion ! No motion Motion

JUN 3-37 uinveduswnumumsiafsuivaglasuusinseyianeuen [46]

Fy (N)
'Y
1 ]
| i
| H
| i
Fimay Fy
1
! mg Fexcerted
1 > —
! Fr
: PPPP77P07 77777777
Motion No motion s Motion

sU# 3-38 TUslWdusaidenyuvesnuduildlunismaass [46]
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seuulumsiedeudl 1 ddeenuuulaednisinueliszuvanisaniuauaIy
Frumunsindeuiivesiuduls nslunismaaswmdndnisimualdussiuniunisindoud
Igua 2 3 4 waz 5 J2u LHenuuIaLsIEIUIIUMSAAsUTiRIN 2 T azvhlnannis
LﬂﬁauLLanmaqé’mmﬁmIWﬁﬂﬂﬁwmLﬁaﬁaamﬂ wagynuInnaa 5 9asu azvinlrldaiunsa

sanusanszhdenudulipdounsemiuiigealunisveaswmantalosaindudednie

o '
[ )

Guma;dﬂsai AU BAIUANAIINAIUNIUNISLAR BUT AINA1 YalUsunsudmSuauny
mmﬁamimgwummLmas‘ﬁaﬁmiﬁmummmﬁé’m%’wszmawaﬁmﬁw FIAAINAINGE
TUNIT ANASTILSIAUNIUAISIAZDUN (Resistive gain) 1A8NLAAEAIUDIATAITILIIATUNIY

A a ~ v = a 9 ) ' o <t A -:4'
N15LARBUNALIVUINAIUAUNIUNITLATOUTNVRINUTULANGNIU FIN1TAIUANAITLATEUT

v ) A a aa v I ) a

vowuduluszutlunisindeud 1 dfaunsouansmisudentaezunsudeuwanslugun 3-39
WA BAIUANAIILAIUNIUNITAG BUT VDA 11T UT TN TAae Ll aed U anTId0Y
AN USTENINAILAIUNIUNTLAROUNVDIA U TULAZAIASTILTIATUNIUNSIAR D UN LA Y

o

lngnisnaaestimualdAiaeiusasinuniunisindoun laun 1 1.5 2 2.5 wag 3 Seiliiin
YUIAANUAIUMUNISIAG U ATOUARUE MU rUalElunTaaeIanluYITENING 2 A

5 §6u 1nedunoun1snnaeIuanIiagun 3-40

Xref
Frop=0 er AX re Robot F
—> Kp controller >
F (Kres)
Loadcell

= < .:4' = ) a = a
E’LJ‘VI 3-39 Uﬁ@ﬂiﬂﬁ]%LLﬂ'ﬁJﬂ’]'ﬁﬂ’JUﬂﬂJﬂ']‘ﬁLﬂaE]UVIGUaﬂG]']JJ?]UIUS%UUﬂ']iLﬂﬁ@UV] 14

=)
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Friction
Monitonng at
any motor
power mfio

’ .\_>

o -
c:t\'elccit_v > 0\::-
R

= Y v o & ] v A a i a
Eﬂ‘ﬂ 3-40 LNURNINITNARDINTIVFADUAINNANNUTTEMINLTIRIUNIUNTLAADUNLLAL ATAIN

LSIPTUNIUNITARDUN

Sudulngl maasteanusanseyironudvlukuIinug 1 AAauUnsenuduisy
LAADUN ANUUIUIAVBIBTINYIIAANUTULSULARDUT VL LARIULADLANING FINANITNAAD

WARRINNST 3-14 uaziandluguiuunsmidunagun 3-41

= v o ¢ ] v .:4' PN ! .:4' v A a
B9 3-14 ANUAUNUDITENRINIIANUNIUNILATDUNLLAL ATAINLLIIRTUNIUNITLAFDUN

1.0 5.470 0.533
1.5 3.890 0.476
2.0 2.940 0.268
25 2.250 0.236

3.0 1.845 0.340
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Friction = 0.1864K_2 - 2.0076K__ + 7.251
R? = 0.9983

Friction (N)

1 1.5 2 2.5 3

Resistive gain (K )

JUT 3-41 AUAURUETENI LS IUNIUNTARBUTILAEAIAITILS I UNIUNISIATOUT

ANANMUFUNUTTEUINIBTIAIUNIUNITHAA DUT AL ATAIT L TIFIUNIUNITLARBUN A
wanalun13199 3-14 ansouanslugUluuaIN1IANNAUTUSTEN ISR IUNIUNITIAT DU

LarAATIL IR IUNIUAISIAROUTIR NN T 3.7
Friction = 0.1864K > —2.0076K . +7.251 (3.7)
Tnefi  Frictionfe usadumunisiadeuiivessudu fuhodu sy
Kee o Aasfiusednumunsindoud

AIUAINAUNITN 3.7 FEUNTONIANAITANAITILSIAUNIUNITIAGBUN A MU MR
1EluN1IMARBINEAIUANAIAUAIUUNITARBUNYDIAINTU LN 2 3 4 UaT 5 AR

Tupns797t 3-15



= ] = v = P v A = a o
FAITNN 3-15 AIAINILLSIATUNIUNITEATDUNNAIIUATUNIUNITAFDUN 2 3 4 LLay 5 UIRU

2.700 2
1.945 3
1.459 4
1.125 5
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U 4

ATNITNAADILATHANITNAADY
TuunfiagesuredaniseanwuunisnnasdiiansiaaeutadeniinaneUseansnnwed

LUUIADINIAMAAIAAS I UNISUTLUIULSINA UL DAL US 8 ULA g ULUUIIEDINIY

ada o s I

AlAAaR ST lagIslasegUsraniieuuas s dnnesannesuurBumeyndaya
losuanszutlunisidioun 1 dflagn1sesnuuudunaun1snaaasyseunausinaiuiied

[

NUATLDYARIL

4.1 M3PDNKUUNARBIEMS UYL S INdyalWindaile

ﬂ?i%ﬂﬁ@ﬂﬂizmﬁmuiﬂﬂ’gqmLﬁ@‘\]%LLﬂQ@@ﬂLﬂu 2 E‘ULL‘U“U Taun wuueenlatduagiuy

v
[

a a = = 1% & ¢ o
M3L38193¢ FelunwidedazinimeassUszanuusinatuiewuusenladdiuiu 2 n1s
NAABY LATNITNARDIUTTINULIINALBLUUAINNIA1TIT NI 1 Msnaaes Feluwday
mMsveaasdimatvualdnnudumMunIsndeunveinudy 2 3 4 way 5 T LazAus,

o Y I a A | v o =
N5LAGOUNAINAY 0.1 0.15 wag 0.2 lWASHOTWIT L1899 INYIVBIANUAUNTUNITARBUT
YOINTURATANSINTAFBUTIA LT Ut uaR savi L s smeaesnIuANnIs
ganusenseyidemuiuliafeunlaegliuss@ninmaantana1iundieiu Feheaniaily

[
v

TunauUNITMAaBITINTNaAAIRANa AtuNIsAuTaYAIINANA s ALl MYy UeY

& v

W13IMImMAae lagudaznsnaaeiisgazdenuas IngUsyainsail

ey

4.1.1 NN59Aa99Us T ULSINANLE B UUeaN Al lne UA s uwUaIANLAIUNIUNNS

(% s A

AR BUN VBN IUTUT TN UTEAIAN 0MTIVADUANUFUNUTTEVTANUATUNIUNTLAT DU
LazUTEANSNINANUMLIUE VI UUTIABINNANAAIAATLUNTYIIUIELST LagnAaewinnIg
¥ dy o‘d‘ % v d' d' 1 %] ¥ 1
PNAADIUTELNAULTINAUHBLUUD N A UNTE AUAMUATUNIUNISIARDUNLANANTY ToA 2 3
4 waz 5 926U Inaldausrlunised auneuduesd 0.1 Wassoiulf wazuseiiy
U5zANSAINVBILUUINIABINAEAAIERSTINUlae 19351 ATIU8UT 2@ VNS ULUUBNS
SUNAUBALISTNNOSHLINLA DS LT UIUTURDUNSEN@DULAENAZUANDS TIuLUUD BN lay

TaeldAnsnNaesvosmuAaInAdaundsdodady (Root mean square error : RMSE) &9

UIUDNDIAININAANIALAADUTENITIUTININATTATIVIALALUTIANNAITIIUIY wazAde Ul
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1173574 (Standard deviation : SD) FIUIUBNAINITNTEINLAIVDIAINUAIALATDUTENIN
KIIIINNITATIDTALALLTIINNNTVINUNEY
4.1.2 M5naaadUseaasinatuidawuuealatlaeld suniasausilunis

v

indeufivesuiuilingusrasdifiensaaeummduiusseninannuiilumsadoudis
FuUarUsEaNSA YR UUTIaImMANAAIEAS lUN1SYINUNBLTS LAgEnaAawiIN1Tnaaes
Uszanausendnaieuvueenlladfisssumuidilunsindeuii grusuunnsneiu toud 0.1
0.15 uag 0.2 WRTADIWIT Mszfuussiumumaadeuiidsiramiunaiandoutesiian
NI 4.1.1 wasUsuiiulszansanveanuusiaemndamanidainulagliis
TnseUsramiflsnnuuunsdoundunazisdnnesmnnnesuuriuluduneunsiindeuuas
naaoulnelda1siniidesvesninunainad surdsaesads (Root mean square error :
RMSE) #9U4U8NT9A1UARIALAR DUSEWINLTIINNTATIVTARAZLIIINNITYIWY waza
Lﬁmwummgm (Standard deviation : SD) @stsuaniianisnszatefivesaunaInAdou
FENINLIRINNITATIVIALALLIRINAITVIIUNY

4.1.3 nneansUszanausndionuuauataidasiasunUaseudun

(% s A

n1siAdeunvesn v ingussasdliianivaeulssansamlunisviuneusaiiseauaiy

ATUNIUNITAROUNAING  LaZUIBUTBUAILLLUE U TTIUNBLIIVOILUUTIADIN IS

| o a U s s

ANAFAARSAN U195 LATIUNEUTLAMASULUULNI SDUNTULAZ I ST WNDSALINLADS Wl

a v 4

YU 1AYENARDIINITNARBIUTLAUUTINANLTBLUUMUNATIITNTEAUAIINATUNIUNNS
ADUTALANANNAY TonA 2 3 4 waz 5 9 leeldanusilunisindauienuduasi 0.1 wns
AU FelvidnanunanAGoutaNgnaINN1sVeaesdl 4.1.2 uasUssliuuseansnnues
WUUINBDINNAIAANEAS LT UNDUNISHNFDULASNAFDUDANDINULUUAIUIANDSbaelTAN

P A o w a ~ P
FINVNFDIVBIAIUARIALARDUN1A9EDILRRY (Root mean square error : RMSE) &9U3UBNa
AUABINLAG BUTENINIITIINNITATIVTALALLITININNITYIIUNEY wazALTEAUUNINTFIY
(Standard deviation : SD) #4UUBNHINISNTLNYHIVDIAIUAAIAAADUTEWINWIIINNATT

MIVIABALHIIVINNITYINUY
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4.2 M308NUULTUABUNTTNAGDS
luideindnistuneunmesssdnsuifivdoyannditrimmneaaesfindaie

Trruazdszinanadeyaiiioszanausindmieuvueenlatuazuuunuiaiais oy

Busuangiinsiunsveasignduund i 10 au Usznaudie fidsamnisvaasgunind

WNAYIY 4 AU 9185EWI1e 23-28 T Jumidnsendng 65-84 Alansu wazlin3iun1sveaes

1% '
o o/

HUANALNANIS 6 AU 818TENINe 21-33 U Fdmiln 43-62 AlanTu FeurazAUaonLIIHEN

' (%
¥ QJA‘LYJ = a

suduliedeuiniemusInnlndlAsnusIegnsBinsedsuiiludgedugn (End
point) 3NWUAWIUTUNGUNITIFATUAY (Start point) T1UIU 1 50U LNBYIUIEAIY
ATUNIUNITLAR DUTN VIR INTY Bl VULVIINITNAADIAINAMNFUNUS T2WI1UTINA BT
v N N Y ) a A Ay & e{' I a a o

ATUNIUAITLAROUNVDIANUT UV U NLATDUTIAI8AINLEIAIT 0.1 lATADIUIT Aauaasly

AN5199 4-1
AN 4-1 ANUAUNUSTEAINLTILALETIATUNIUNTLARDUNVBIAIUIU

Friction (N) Force (N)

3.24

4.18

2
3
4 5.49
5 6.79

' '
a t 4 L= ¥ =

Susuduiinygadeyaiingitesludilndgudeyadmiulnasunaznaaaudanasiy

Y

TnanswansnuduliipdsuiisieanuisinsilndlAsinusivesgasgadanisindsuiilud

(%

< £%

9dUgA (End point) 31U 5 AT Feludunaunisiseuiuazinuigvesdanesnudnlunes
THnnesvesdnuuzianiy (Feature vector) NlAanyadeyadeddiufeyndoyad iy

Anaeudanaifiy (Training dataset) uazyateyadmiunaaeudanaifiu (Test dataset) &

luaudelazlondnnisniisle (Pareto principle) lun1suusdnuiugatayadmsuinasy

[
I o

wagnaaeudanesiy lnenannisiliinisialuleluawide [47] Weuwdsdwiugadeyadmsu
Anaou 80 Wasidus uazyadoyadmsunaasy 20 Wesiudvestoyaranun fauuly

NuITeiiazulsgadeyarmiediuiu 80 wWesiudvesduiugadeyavisunlulndgiuteoya
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dmsulnasudane3fiuuuvesvladuazgadoyadiuiu 20 Wesiudvesdiuiugadeya
samelulildgiudeyadmiunaaeusaneifiunuueenlal dslunilndeyaazdsenoude
fogadunm (nput data) WWun dyanalnihndmie swesnsuasanuiivoninedeud
Fadu ussduiafle Aanufuniunisindeuiivesiudy wasdeyaidving (Target data)
Aouss wagldarsiniiaesvesninuaained eurndsaetads (Root mean square error ;
RMSE) sgninetayate1ving (Output data) uazteyaid vung (Target data) dmsuuseiiiu
UszAnSnmuasiuuinasmeadamans dmiunisiseuiLasnsvinunevessdanasiuiuy
ANA1934 (Real-time) agldnnimesueadnuaizianie (Feature vector) Aldarnduauyn
foyaraualulwdgrudoyaifiolinaeusaneifiuuuuesulal Tasdoyaduwn (nput data)
Usznouse dyanalliindnile ssesmasasemuiivesnsindeuiisnudu wsaduihie
uazANALAUYUNSIAAUTIvesfudy Joyailiviane (Target data) Aousa 1da9niasa

dunisingeulidniunmaassazesnusnan AuduliniadeuniareauiansiilnglAss

1%
a

< Y a = PN [ . o & A [y a
ANALSIvRIRINBINsIAdounUSgeduan (End point) 31U3U 3 ATATeNAdeUSaNeIY
& YR o ! D A 9 v v o v v °
wuvesuladlagsuriyadeyalni s vaurldnuieldiduyateyadmsudeuliiuuinges
nandamansiiieviiuiedeyaleing (Output data) 3nUuUszITuUTEENT AN
wuuaesmataaansiagldAsnfiaesueinnuaaandouinasd@ediaig (Root mean
square error : RMSE) sgn319tayaianving (Output data) wazdeyaidmung (Target data)
WuRgIuNInaaeudanesiukuueenlal Fuluneunisnaasuiesurgateyadmuly
W el nasulagnageudanaInu auveeladuazuuvesuladaiuisauansa e

vfenlaezunsudsgun 4-1
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Push the object one round to predict
the object resistance

v

Start pushing the object 5 rounds and
record the dataset in a database file

r ______________________ _|L ______________________ =
v I v
Training SVM and ANN models |: Training SVM and ANN
with 80 percent of dataset in the I models with all data in the
database file H database file
I
v l} y

Offline testing for SVM and ANN models | Start pushing the object 3 rounds and testing

| : e
with20 percent of dataset in the database file |: the SVM and ANN models with real-time

I dataset
I
v :| v
Plot the comparison graph between actual |: Record a result file i.e. actual force,
force and predict force; RMSE is used to I predict force and error; RMSE is used to
evaluate the performance of each model H evaluate the performance of each model
I
I
Offline algorithms I Online algorithms

JUN 4-1 FumeumsiuAyadeyadmsuldiietinaeunasnaaeudanesiunauuvesilal

wazkuuaaulall

4.3 n1snaaasuszunausinatuonuuaanlailaeasunlasndnuf I uniuni1ssaaun
YDIAUIU
Turvatiaznanifanan1sneassainnisnaassussunamsinatuawuuasnlatlne

WABULUAIAMUAIUNIUNITAG BUN VORI UT TR UTEasA LN 8nTI9a0UANUTURUS

sEriANAIUMIUMTAGaunLazUsEANS A nlunsYIIuIeuse 1ngEnaaeintn1TMAaes

I % L

Uszanausinanuiianuuaanlalinseaumnua I unIunIsAaaunLangneiy onn 2 3 4 uay
5 26U Taeldmnusrlunisiedsuf e udumedl 0.1 Wnseedu1d wazuseilulseansaw
YILUUINBDINNAMAFIEASTIN AU AL TEIS IATIU8UTLAMAULUUBNS S UNAULAZID
) ¢ & =~ & P ) A e v ~
Frwasannmosuusduludunaunisinasutaznadausanasiukuusanlallagldansing
=~ o w a ~ P
ADNVDIAIIUAAIALAR D UNIANEDILRAY (Root mean square error : RMSE) &4UdUDN0IAIYU

ARIALARBUITLUINLIIINAITATIVIALATLTIININANTVINUI8AEASIUAITIN 4-2 Laglans
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Tustuvuunugiiuiadananddugun 4-2 Tnownugiinie #ky Ale7 @1 wasdindesdaus

(v

UONAIA5INT 80989AUABIALAR BURSIADIABUBI LUURIABINIAEIAANERS TR
Tne33TAs99UsEaMiisnuuuLns aunduazisdnne sanmasuusdudddinesiua
Wandu (Kernel function) tawn tsipeatu@ailandy (Radial basis function : RBF) Handuigis
#u (Linear function) flsAdumsuns (Polynomial function) madisty Tudiuvesandeauy
17551 (Standard deviation : SD) F4UsUaNEIN1INTEANLFIVRIANUARIALAA DUTENINS

LI9INNITATIVIALALLTIINATVINUNY mﬂﬂﬁﬁwmimam 10 AUZULERIAINITISN 4-3

AN 4-2 ANSINTNADIVBIAINUARIALARDUNAIADURAENTLAUAIUATUNIUNITLARDUT

WANAIAY toA 2 3 4 wag 5 ey

friction = 2 N friction = 3 N friction = 4 N friction = 5 N
Classifier
Train80% Test20% | Train80%  Test20% Train80% Test20% | Train80%  Test20%
ANN 0.053 0.087 0.058 0.112 0.108 0.360 0.272 0.345
RBF 0.056 0.087 0.061 0.121 0.135 0.273 0.175 0.200
Linear 0.050 0.078 0.053 0.113 0.122 0.329 0.129 0.328
Polynomial 0.099 0.117 0.076 0.141 0.148 0.275 0.164 0.215

M58 4-3 ARTBAVULINTFIUNTZAUAUAIUNIUNITIAFOUNRANANTY talA 2 3 4 uag

5 473AU
friction = 2 N friction = 3 N friction = 4 N friction = 5 N
Classifier
Train80% Test20% | Train80%  Test20% Train80% Test20% | Train80%  Test20%
ANN 0.012 0.037 0.007 0.065 0.032 0.188 0.319 0.163
RBF 0.012 0.019 0.008 0.060 0.029 0.078 0.085 0.011
Linear 0.010 0.026 0.010 0.054 0.038 0.135 0.050 0.154

Polynomial 0.020 0.041 0.008 0.065 0.030 0.079 0.071 0.065



73

RMSE values carried out by ANN and SVM algorithms at

various frictional forces
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SUN 4-2 bEUNTLYILENIA1ISINNED9UDIAINUAAIAAADUNEIADURANTEAUAITUATUNIU

Y Y

ANSLAADUNWANAIIAU kA 2 3 4 wag 5 WIFU IUTURBUNSNAdRUdanasukuUaawlay

INNANITNAABIUAITIN 4-2 AITINTIEBIUDIANUAAINLAZBUNAIADLRAY (Root
mean square error : RMSE) A5gAUAINUAIUNIUNITIAR DU D9 Huuilduyiuiensels

WUUEIUINNINNTEAUAMUANUNIUNSARDUNUIN @DAAABINUIEDI9aND ST I UTURDUNS

a

RnaeunaznaaeudanasiuwuveelaudaunsadunaladanullionandlusUuuuwnun i

U

I v 4

Lwiqé’agﬂﬁ 4-2 T fiseiunsIfumunsedeudl 2 uas 3 99y wuudasmeadamans
Faiaunlnesanesiuaosanunsavinneussldegauduglnddestulneiinnurainaieu
ogluv29 0.05-0.15 Ty uazfiszduussiumumsedeud 4 uaz 5 Tafunuudiasimig
mﬁmmam%mmmﬁ’]maLLNVLGTLL:&,JuETWﬁaaaﬂmﬁmmmmm?iauasﬂmm 0.20-0.35 @5u

IS

Jearusaasulandsedninmlunisviungvesdanaiiududfnnanniuiuseaunsg
FununsAdeud Snvdmuiuuuassmeadamansinamunlngistwnesannmadu
gTudsldinosiuaileidu (Kernel function) 1wsiisaliudaieridu (Radial basis function :
RBF) Tfauusiugannnindsdnnesanmesuuuiudldinediuatladdu (Kerel function)

Duilsidudady (Linear function) wazilsidunyuu (Polynomial function)
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4.4 MsneassUlszunasenatanuuaanlallagasunlasnnusalunisindouiiveg
47 Y]
AUV
TuAdafiagnanienanIsnaanIaInN1sneaslseaLsInauiawuuasanlalae
WasuwlaseudilumsiadeuiiveaduduiingUszasAiiionsiaaeunnuduiussening
A5 TUNN5LARDUN AU UKALUTLANS AINVDILUUINADIN AR ANEAS LUNITVINUIU LT
InggnaaearinisvaaesUszanausindauilonuveenlauiissivanuiilunisnioun dy
JULANANGTY LA 0.1 0.15 wag 0.2 WATHDIWIT NTTAUBIIHIUNIUNISAFBUN 2 TIRAUTa
TiAAuAaIRLAAEUTBENEAIINNITNAGEIN 4.3 9NTUUUTEIIUUEEVENMYBILUUT1A0Y
NAMAAIENSTINAUULAe T 5IATIU18UTEANMAYULUULNS S DUNA ULASASTTNNDS
¢ a & ) A e & v a
LINLABSLUTTUIUTUNBUNSHNADURAL AR UD aNasNukuUaaNlallneldr1s N Ndaasvag
AIUARIALAR BUNIAIAB9LRA & (Root mean square error : RMSE) 4 4U3UDNAIA21Y

ARIALARBUTLIINLTIIINNNTATIVIALAZLTININATTIUIY ALEASIUAII1N 4-4 Lagland

TusUuuuurugiiuisdaansluzun 4-3 lnsunugiuis @ty §der &in wasdiniodasus

'
a

UONT9AISINT d0989AILARIALAG DURNAIADIRA H VOILUUIIA0IVATINAERS T
Tn33TA5998UsEami suuuuLns Soundunarissnnes anmasuusiuiddinesiua
Wandu (Kerel function) lawn tsipeatu@ailandy (Radial basis function : RBF) Handudis
L1 (Linear function) wagflefdunnu (Polynomial function) muanau Tudiuvedan
\Jeaiunanasgu (Standard deviation : SD) #atsuanienisnseanefivesnnuAaIalAAoy
FEMINUTININNITATIVIAUALUIRINNITYIIUE INU13IUNITNAGD 10 Audanansly

MNS9N 4-5
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4.4.1 n1svnaasUszanasnatutiianuuaanlatfiszauninusqlunisiad aui
A1UAUBANAI9NY LAKA 0.1 0.15 waz 0.2 WASABIWN tnaldainuduniunisg

WaaUNAI 2 HIAu

a A U

A1599 4-4 ANSINNEDIVDIANUAAIAARDUNIAIADNRAENTEAUANLEINISARDUNVDIAY

FULANANNAU TAwA 0.1 0.15 WAz 0.2 LWATHDIUIT NTLAUAINUATUNIUNITLAZ DUT AT

2 9AU
velocity = 0.1 m/s velocity = 0.15 m/s velocity = 0.2 m/s
Classifier
Train80% Test20% Train80% Test20% Train80% Test20%
ANN 0.089 0.106 0.099 0.274 0.055 0.148
RBF 0.100 0.087 0.131 0.237 0.114 0.146
Linear 0.094 0.099 0.107 0.259 0.055 0.127
Polynomial 0.125 0.099 0.359 0.412 0.454 0.409

M15197 4-5 ANJBAUUNINTFIUNTEAUANLISINTIAABUNVBIR T ULANAISAY Taun 0.1

0.15 wag 0.2 WASADIUY NTLAUANUAIUNIUNISHARDUNAIN 2 TFU

velocity = 0.1 m/s velocity = 0.15 m/s velocity = 0.2 m/s
Classifier
Train80% Test20% Train80% Test20% Train80% Test20%
ANN 0.037 0.046 0.027 0.107 0.008 0.052
RBF 0.052 0.025 0.041 0.129 0.039 0.071
Linear 0.052 0.020 0.040 0.129 0.013 0.043

Polynomial 0.039 0.032 0.053 0.124 0.080 0.105
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RMSE values carried out by ANN and SVM algorithms at
constant frictional force of 2 newtons under various

object velocities
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RMSE (N)

Velocity (m/s)

W ANN SVM_RBF SVM_linear SVM_Polynomial

al

SUN

Y

) [

4-3 wugfiuviauansrsnideswasnunaandeufatEetaienssAuaugInig
WAFRUNTBIANTULANA1TY takA 0.1 0.15 kA 0.2 lATAIWT NTEAUANNAIUNIUNIS

= s A a o J Y o= ¢
waaufawi 2 dnuluduneunisnegeusanasyiuiuveanlail

PNNANIINARDILUNITIIN 4-4 ANTINNEDIVBIANAAIALATBUASIEDURAE (Root

mean square error : RMSE) azdanalaa17isgauanusinisind oeufiveasiudu 0.1 0.15

WAL 0.2 WASHDIUNT LUUINBDININAMAAIENSTINAIULAYDANDSNUNIADIAIUITOVINUE

'
=

usslasfianunaiaindeusglugae 0.08-0.11 0.23-0.42 ua0.13-0.41 Sy auddy @

[ A

wanlugULUULRUTUsAT U 4-3 dndumniSegadiduanuusugilunisinungusanseay

Y

< o = £% LY ! PN [y v = PN d' a o Y1 a
AULIINTTLATDUNVBINNHAUANNEE] NTEAUAINUATUNIUNTLARDUNAIN 2 UINY %Zlﬂ’ﬂﬂ/l

LY <

SEAUAINULSINITLARDUNVDIAINIUN 0.1 WIATHDAUNT MANANISVIIUNELTILU UE1UINNIN
SEHUANULSINITARDUNVDIPIUTU 0.2 LUATHDIWT 1a0.15 WATADIUNT MINSIAU A9ty
v s

lunsnaassldsdeliaunsaasuiniuduiussenitadsednsamlunisiuiensves

FanasiuwazszauaMUluNTIAFauNveIRA LT



7

=~ v va A a P Y ] a ~ Ay a
9PTN15NAa N ALRLIALTYTLAUANMUAIUNIUNITARDUNAST oA 3 4 way 5 17

Y] I d" % o o ] ) 9.14' % I3
AU wAklosntedninvesgunsallunisnaassinlulianunsavinismaaeslaniseiuaanusa

A a P v A \a ~ a ) P = a A W v &
A1FAABUNVDIAINTUN 0.2 LUATHDIUNVULNTLAULTIATUNIUNITAABUN 5 TIAU A9t
39NININARDIMNTEAUAINAUNIUNITATOUN 3 Wag 4 Tfuvihtulaevaaewiinis
NeapalsEnwsInauilanuusanlatnsesunnuslunisiedeunenuduwansaiy lawn
0.1 0.15 wag 0.2 LUATHDIUN NTTAULTIAUNIUNTLAFOUN 3 BaLd TR INNUUUTTLIY
U5LANSNINVBILUUINADINALAAIEASTINAU AT IS LATIVIEUS LA M SULUULNS
foundukazisdnmasannmasiurtuludunaunisinasutasnaaaudanasiukuuaawlay
IneldansnfigesvosnnuaainAdun1add@ssads (Root mean square error : RMSE) &9
UIUBNDINANUARINLAR DUTENINILTIDINAITHTIVIALALBTIDINAITHIUIBALANITLU H1F519T)
4-6 Uazm13199 4-8 uazuanslusUuuuwnunduenuansluguin 4-4 uazsun 4-5 Nseeiu
ANUAUNIUNISIAGOUN 3 Wazd 938U muaRy Ineununiiuis Sk SWen @ uavd
WA 9L UIUBNTIAISINAEDIUBIAINUARINLARA BUNAIFDIVBILUUINADINAMAFAIENS 7
Y] aa ' a | v o ad o ¢ s PR 1 &
WU AgISLATIU18 UL AN YU WUULNT SoUNTULAZITTNNOSAINLADS WUITUT LT LA S
waiandu (Kermnel function) tawn 1sipeaudanandu (Radial basis function : RBF) #andi
e (Linear function) kagflaidunyuny (Polynomial function) auandu ludiuvesen
UeauuiInggIu (Standard deviation : SD) F3UaUBNEN1INTEAILAIVIAUARIAATOUY

38‘1/1’?;’1\‘]LLiﬂﬁ]’]ﬂﬂ’]i@i'ﬂﬁ]'ﬁlﬂLL@SLLix‘I"\]’]ﬂﬂ’WﬁWU’]Uﬁ]ﬂﬂﬁiL%Wf'ﬂ@Jﬂ?i%@@@ﬁ 10 AU Fewanalu

ANS199 4-7 WaLANSI9N 4-9
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4.4.2 n1snnaasUszanasnatutiianuuaanlatdfiszauninusqlunisiad aud
A1UAUBANAI9NY LAKA 0.1 0.15 waz 0.2 WASABIWN tnaldainuduniunisg

WaaUNAI 3 HIAu

a A %

A5 4-6 ANTINNEDIVDIANUAAIAARDUNIAIAD AR NTEAUAIMULSINISARDUNVDIAY

FULANANNAU TAwA 0.1 0.15 WAz 0.2 LWATHDIUIT NTLAUAINUATUNIUNITLAZ DUT AT

3 AU
velocity = 0.1 m/s velocity = 0.15 m/s velocity = 0.2 m/s
Classifier
Train80% Test20% & Train80%  Test20% @ Train80%  Test20%
ANN 0.058 0.112 0.071 0.187 0.074 0.389
RBF 0.061 0.121 0.139 0.204 0.270 0.392
Linear 0.053 0.128 0.072 0.181 0.102 0.404
Polynomial 0.076 0.141 0.299 0.350 0.443 0.432

d' 1 ~ d' [y < 2 d' k4 [y 1 9] (% 1
BTN 4-7 ANUVYILUVUNIRIZIUNIZAUAIMULIINTILAR DUV VBIATHIVLANFAINNUY VL@LLﬂ 0.1

[y

0.15 1az 0.2 WASADIUIT NTLAUAMUAIUNIUNITIAFDUNAIT 3 TIAU

velocity = 0.1 m/s velocity = 0.15 m/s velocity = 0.2 m/s

Classifier
Train80%  Test20% | Train80%  Test20% @ Train80%  Test20%
ANN 0.007 0.065 0.008 0.063 0.019 0.304
RBF 0.008 0.060 0.036 0.100 0.032 0.134
Linear 0.010 0.050 0.012 0.067 0.033 0.305

Polynomial 0.008 0.065 0.071 0.128 0.079 0.170
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RMSE values carried out by ANN and SVM algorithms at
constant frictional force of 3 newtons under various

object velocities

1
0.8
Z 06
L
%2}
= 04
0.2
, W =
0.1 0.15 0.2
Velocity (m/s)
Il ANN SVM_RBF SVM _linear SVM_Polynomial
U7 -0 unupfiwianiinsniiaesvesanuaanndouidsae uadeisefuaasIns

LAADUNVDINUTULANANGTY IAWA 0.1 0.15 wag 0.2 LASADIUNT NTLAUANUAIUNIUNIT

= s A a o & Y o= ¢
waaufaw 3 danuluduneunisnegeusanasyiuiuveanlail

PMNNANIINARDILUNITIIN 4-6 ANTINNEDIVBIANAAIALATBUASIFDUAAE (Root

mean square error : RMSE) azdanalaa1fisgauanusinisind oufiveasiudu 0.1 0.15

[%
Y]

KAz0.2 WATHDIUN LUUINADINAMAAIANSTINAULAYDANDS AU IADIAINTANIUNEY

Y [y

usslasfinnunaiatad euaglutag 0.1-0.15 0.18-0.35 uay 0.38-0.43 dadu pudIfy B9

LARIRIFUR 4-4 WinSesaAumuwluglun1siueusInseAuAmSINISAG DUNVEY

'
1 I

AUAUANSY DAUAUNIUNISIAAUTIAW 3 Tadu wulfissAuaSINISAdoUTIvEIAL

o A

Juil 0.1 wesseIunulugunnnifsziuAuEINTAdeUTIvaIi Uiy 0.15 wasnedud
La20.2 WNSHDIWT aua1su detiuluntsneaestianunsaasulainuseaninmlunisiiuie

Yos9ane3nudulfaanniuiuszauausInsndeunivesinudu
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4.4.3 n1snnaasUszanasnatdtiianuuaanlatifiszauninusqlunisiad aud
A1UAUBANAI9NY LAKA 0.1 0.15 waz 0.2 WASABIWN tnaldainuduniunisg

WaaUNAI 4 Haau

a A %

A1599 4-8 ANTINNEDIVDIANUAAIAARDUNIAIAD AR NTEAUAIMULEINISARDUNVDIAY

FULANANNAU TAwA 0.1 0.15 WAz 0.2 LWATHDIUIT NTLAUAINUATUNIUNITLAZ DUT AT

4 J1Au
velocity = 0.1 m/s velocity = 0.15 m/s velocity = 0.2 m/s
Classifier
Train80% Test20% = Train80% Test20% Train80% Test20%
ANN 0.108 0.360 0.120 0.355 0.032 0.477
RBF 0.135 0.273 0.310 0.579 0.313 0.653
Linear 0.122 0.329 0.140 0.363 0.126 0.822
Polynomial 0.148 0.275 0.411 0.636 0.350 0.549

d' 1 ~ d' [y < 2 d' k4 [y 1 9] (% 1
#1919 4-9 ANUVYILUVUNIRIZIUNIZAUAIMULIINTILAR DUV VBIATHIVLANFAINNUY VL@LLﬂ 0.1

[y

0.15 1az 0.2 WIASADIUIT NTLAUAMUAIUNIUNITIARDUNAIT 4 TIRU

velocity = 0.1 m/s velocity = 0.15 m/s velocity = 0.2 m/s

Classifier
Train80%  Test20% | Train80%  Test20% Train80%  Test20%
ANN 0.032 0.188 0.049 0.193 0.005 0.522
RBF 0.029 0.078 0.040 0.336 0.170 0.425
Linear 0.038 0.135 0.059 0.272 0.080 0.962

Polynomial 0.030 0.079 0.065 0.321 0.182 0.390
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RMSE values carried out by ANN and SVM algorithms at
constant frictional force of 4 newtons under various

object velocities

1
08
£ 06
2 04
= 0.
£ I

0

0.1 0.15 0.2

Velocity (m/s)
B ANN SVM_RBF SVM_linear SVM_Polynomial
gﬂﬁ 4-5 LLmuQﬁLwiﬂLLamﬁﬁﬁﬂﬁaawaﬂmmmmLﬂﬁlauﬁﬂé’maaLaﬁaﬁssﬁUﬂaﬂuL%mi

LAADUNVDINUTULANANIY IAWA 0.1 0.15 wag 0.2 LASADIUNT NTLAUANUAIUNIUNIT

‘:1' S A a o & Y o= ¢
waauNaw 4 danuluduneunisnegeusanasyiuiuveanlail

INNANISNAABILUAITIN 4-8 ANSINTNIEBIVDIANUARIALAZBUNRIABDNRAY (Root
mean square error : RMSE) F4UU0NTIAUARNALAG UL UNTTIUIELTIUDILUUINEDINY
a 6'¢ gj U a < 6 U Yo Ql' %
AMAAIENS LUTURBUNISHNFDULALNAABUDaNasTuwUUaanlal azdunalainiseau
AMULEINSAADUNVBIANUTU 0.1 0.15 Waz0.2 LWATHIUIT WUUINADINNAMAANENSD
Waulagdanesnusaesanunsavingusilagiinnnuaaianiouagluyie 0.27-0.36 0.35-
0.63 khay 0.48-1.02 4G UAUAIAU %ummiugmwuLLmuQﬁLLmﬁqgﬂﬁ 4-5 AU URIA

a o o 1 o o d' [ @ d' c{' ¥ [ 1 c{'

138981AUAIL LU UE TUNI TV UIBLTIN T2AUAIULSINITAR DUN VDI ANUTUAEE) A3
FIUNIUNITPRIUNAIN 4 T7dU 92l 2AUANIEINITARDUNVDIAINAUN 0.1 LIATHD
U EAN TV U LTI UGILINNINNTEAUANLSINITIAR DUNVDIANUTU 0.15 LUATHD

AU 1aL0.2 WIASHIUIT AUAIAULYULABINUNISTNAABINTEAUAINUATUNIUNISTLAR DUN

' o/
) a U LYY

A 3 Tadu daulunismeasstianusaagulainuszdnsamlunsviunevesdanesiudu

UfnaunduiusziuAUEINSAAsUNTDIANAY
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1INN19MAA0 4.1 4.4.2 uay 4.43 Uszuimusind1ud ouvveewlading
WasuuUatuiuniunsad eufivead miuuag nsnnaosUseanansandnu suuy
sonlalngiAsuutasannilumaiedouiivessudulinanveassieanansaasulain
UizﬁwﬁmwiumsﬁwmaLstaaé’aﬂ@%ﬁuLﬂuﬂ,ﬁmﬂwﬂﬁuﬁuﬁammé’mmumimﬁauﬁ

(%
LY v 1

wazausansiedeuiivesdiudu Snvedmuinlunismeassdl 4.4.1 uaz 4.4.2 wuUEeS
mendinmanifinauilagdsdnnesannnesuueduicdinesiuaileidy (Kerel function)
Dusiisarudaileidy (Radial basis function : RBF) Suuiliudiliauusiuglunisyiune
LsannnINIsE e sSanwesuLYTUT Y nesiuaiiendu (Kernel function) 1Hu Hleriduds
WU (Linear function) wagilsidunyuny (Polynomial function) ag14lsfin1a nsmaaesd

sa o

4.4.3 LUUINRDINAMAAIANS AN U LABAITTNNDS ALINLA DS LUBTUT I LT LA uaN N TU
(Kernel function) WulstRgaudaiandu (Radial basis function : RBF) dianuusuegnlunis
ﬁmwmamﬂﬁqmﬁszﬁummﬁamﬁmﬁauﬁmaaé’mfﬁ’u 0.1 WATAAUNT wasug iy
YY) a [y < A a v [y 1 a a = = = [y
DUAU 2 NILAUAIMULSINITAABUNVDINILTU 0.15 kag 0.2 WAsHeIu? WawSeuisuiu
° a A v ad o ¢ ¢ AN oy & Y
WUUINBBINNAIAANEAS NN AU LA ST NN S AN DS LUITUT LT A SILaflentu (Kemel
function) 10w Hedduiiady (Linear function) wazilaridunyuiy (Polynomial function)
T ol LA NaN 15V U8 WSIN T A UL U ILA ST NANTENUINNTLAUAIULSINTLAR DUT
I v v a ' = v & a
Y2Inuduteefgaluni1smaaeralUfen1snnaeUssanalsInNa 1L UUAINIa1ASIlnY
a b a a v ) v < ~ A 9 ) A A
WA sUWUAIANNAIUNIUNISLAR DUNVDIAINI VAL TTAINULSINSLAR DUNVBIA NI UAIT 71
SRV 0.1 LATHDIUT Waztiln11nTun1TMAaDIU T ULTILUUANNLIADS I3 T ud 94
mdadaarlunisuszananadoyaniduiioanduneaulunisussaianadidnisivualy
HaNduLAasiuaiied 1 HaNTU O NABULALNAABUDANDSTIULUUAILLIANTI AB LSLREA
wWailandu (Radial basis function : RBF) #alvidianuuduglunisinuneusannianiiie
Wisusuiuileandugadu (Linear function) waglengunnuiu (Polynomial function) 8n
U U aa v

S o s s o o s s a 9 [N a
1/]QENLUUL?;]QELuaﬁﬂﬂ%umisﬁﬂﬂﬁﬁ W@ﬁmnﬂl,maiLLNSUSUUSLUﬂ'lﬁLLﬂﬁfUUW'IVLG]E]EJ'NWLLﬁgﬁ

REGRE
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4.5 N15NNAIUTTUIUKTINA1NL BLUUAINLIA1D3A8LUR 8UUaIAIUAIUNIUNIS
o a ¥ o
WAADUNVDININIU
T TatiagnaNiaNaN1SNAa9INNISNAABIUTEUIULSINANUL LB RUUAILLIAIDT
TneaguwladnuAIUNIUNSIAABUNVYRIMNI VTR UsTasAiiansadauUssansnanlu

9

NSYINUNELITTEAUANUAIUNIUAITIAZOUNANSY  waztiUTaufisuauusiugrlunisvinune

o

LRIV UTaeendinmanifinaulagldislaswisUssamifisunuuwnsdounduuas
Fdwnoimanmoiuusiu lnefnaaesinimmnasssznansndiudouuununaiadd
SEAUAUAEIUNIUATSIAA ouTiuanaary Tun 2 3 4 waz 5 99 Taeldanusaluns
\ApuTfuTUAsT 0.1 lasAedud deliranuaainindoutesiignainnismaassd 4.4
LavUseidiulsEans nmeesuuusiasmadndiansluduneunisi naeunasnagoy
SanosTunuumunaasadesldaisnfideswosaunainedeuridsdesads (Root mean
square error : RMSE) fauanslunnsnadi 4-10 LLazLLama“LugtlLLUULmuqﬁl,maﬁauamlugﬂﬁ 4-
6 TngUHUNIUY AGunardidenaslivenismsnfigewesnurannds Ui daosaas
YOIV BRI IAdnAEns TivaulnedslaseeUsyamiiisuwuuunsdoundunas iz dw
wosamnmasuurdudldinesiuaiiaidu (kemel function) Ae 1swiisaudailsidu (Radial
basis function : RBF) Tudiuvesrnfeauninnsgiu (Standard deviation : SD) Bstsuandia
11915291869909AUAAINLAG OUTTNIIINTIIINATTATIVTARAZUIIIINAITYIUIB N

AL9IUNTNARB 10 AUBAAlUAITIaN 4-11

= i - a o w a A Y v A =i
H13199 4-10 ASINNFBIVBIAINUARIALAT DUNIAIADURA N TEAUAITUATUNIUNITLARDUN

wene1ady oA 2 3 4 waz 5 92U ngldanusilunisiadaunsuiduasi 0.1 wasaaIuv

Algorithms friction = 2 N friction =3 N  friction =4 N friction =5 N
RMSE_ANN (N) 0.113 0.148 0.298 0.423
RMSE_SVM_RBF (N) 0.124 0.175 0.316 0.539

M13199 4-11 ANTERUULIATTIUNTEAUANNATUNIUNITATOUNRANAAAY TALA 2 3 4 uaz

a LY} % 3 d' d'SJ (v d' I a a
5 76U elauSUN1SPARUNAINIUAIT 0.1 LUASADIUIN

Algorithms friction =2 N friction =3 N  friction =4 N friction =5 N

SD_ANN (N) 0.070 0.108 0.311 0.245

SD_SVM RBF (N) 0.078 0.129 0.194 0.333
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RMSE values of real-time force estimation carried out by
SVM using kernel function of radial basis function and ANN

algorithms under various frictional forces

1
=
w 0.5
: B
o
0 [ | .

2 3 q 5

Frictional force (N)

B ANN [ SVM

Ul 4-6 wupfiwiauanarniiaesvesanuaannfeuidsaesadefisefuaudiumy
nsiedouRiuanseiu leun 2 3 4 wag 5 Sadu ludumeunsageUSaNesTIuLUUAIMINAN
79

31NHAN15NAaBIlUAITIT 4-10 A151NTI dD9VDIAILABIALAA DU A LaAY
(Root mean square error : RMSE) S?W'waﬂﬁﬂmwmamLﬂad'ausluﬂ”ﬁﬁﬁmml,iaéuaq
Luusasmnsndinransluduneunisindeunas nagousanesfiuuuusenlay sxdaunnls
TTisERuAINEIUNILNISAAEUT 2 3 4 uay 5 TR uuUTEemAdnaEnsTuTauIlay
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a < s L
M3 N-1 NYALLDYAVDILTULIDINTIVIALTY (Loadcell)

Model YZC-131

Material Aluminium

Maximum Operating

Voltage: 10 VDC

Operating Voltage
Recommended: 5

vDC
Dimensions in mm (LxWxH) 75 x 12.7 x 12.7
Weighing Range 0~3 kg
7‘ Rated Output 1.0+ 0.1mV/V
¥ @ Non Linear Output + 0.03% F.S
Ve Hysteresis 0.03% F.S
Repeatability 0.03% F.S
(5 minutes) 0.05%
Creep
F.S
Cable Length 18 cm
Zero Balance +01mVv/V
Input Impedance 1066 + 10% Q
Output Impedance 1000 + 10% Q
Operating Temperature
-21° ~ 40° C
Range
Weight (gm) 27
Protection IP65

Insulation Resistance 2000 MQ
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A N-2 S1UALLBUATDINDLABSNTTUANTS 12 1aay]

971

Name DC Geared Motor
Rated Voltage DC 12v
Output Speed 150, 300 RPM
Shaft Diameter 6mm
Gearbox Part Diameter 37mm
Motor Part Diameter 34.5mm
Total Length (Approx.) 80mm

Material Metal, Electronic
Color Silver Tone
Weight 196¢
M99 N-3 'i’]ﬁlﬁ%LaEJWlJ’eN’Nf\]i‘fJJUQJaLGIE)% L298N
Driver Model L298N 2A

Double H Bridge

Driver Chip
L298N
Motor Supply Voltage
46V
(Maximum)
Motor Supply Current
2A
(Maximum)
Logical Voltage 5v
Driver Voltage 5-35v
Driver Current 2A
Logical Current 0-36mA
Maximum Power (W) 25W
Length (mm) 44 mm
Width (mm) 44 mm
Height (mm) 28 mm
Weight (Kg) 25 gm




A5 N-0 S18ALLBYAVDIINTTUNBLADS IBT-2
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Input voltage (V) 6 - 27
Maximum current (A) 43
Input level (V) 33-5
Duty cycle 0 - 100%

Path resistance

16 mQ at 25°C.

Low quiescent current 7 pA at 25°C
Operating Frequency (kHz) 25

Dimensions (mm) 50 x 50 x 43
Weight (gm) 67

A5 N-5 Teazidunveslulasaeulnsalass Arduino Mega 2560

Model Type Arduino MEGA 2560
Microcontroller Chip ATmega2560
Operating Voltage 5V
Input Voltage
7V to 12V
(Recommended)
Input Voltage (limit) 6V-20V
Analog 1/0 Pins 16

54 (of which 15

Digital 1/0 Pins provide PWM
output)
Clock Speed 16 MHz
256 KB of which 8
Flash Memory KB used by
bootloader
SRAM 8 KB
EEPROM 4 KB
DC Current for 3.3V Pin 50 mA
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DC Current per I/0 Pin

40 mA
Dimensions in mm (LxWxH) 102x54x14
Weight (gm) 34
M13N N-6 T1aLBEAYRIYALE GT2
7 Material Aluminium
- Inner Diameter (ID) (mm) 6
4 T L Outer Diameter (OD)(mm) 16
. ~ o No. of teeth 20
\J Weight (gm) 6
AT N-7 Swazdunvesalnetewes (Buzzer module)
Operating Voltage DC 3.3~55V
Wire Length(mm) 200
Length (mm) 33
Width (mm) 14
Height (mm) 12
Weight (gm) 6
M54 N-8 gazldunveadugesnTIainusedu (Force sensor resistor)
Shape Circular
Sensing Area diameter
(o) 14
Min Pressure 100 gm
Max Pressure 10 Kg
Diameter (mm) 18
Length (mm) 60

Weight (gm)
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Model

HGR30R1000H

Material

Stainless Steel

Bearing Material

Stainless Steel

Dimensions in mm (LxWxH)

1000 x 28 x 26

Weight (gm)

4470

M54 N-10 Teazidunveduesasiaindaaulninauile (Myo armband)

Arm size (in)

Expandable
between 7.5 - 13
forearm

circumference

Weight (gm)

93

Thickness (in)

0.45

Sensors

Medical Grade
Stainless Steel EMG
sensors, Highly
sensitive nine-axis
IMU containing
three axis
gyroscope, three
axis accelerometer,

three-axis

magnetometer

LEDs

Dual Indicator LEDs

Processor

ARM Cortex M4

Processor

Haptic Feedback

Short, Medium,

Long Vibrations
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Muscle Force Estimation with Surface Electromyography In Upper Limb Stroke Rehabllitation

s audeva’, Vedund wsuud, mens vaaelnes war widy vgnednTuu
amdeinanssuaions augdmnssimand uiverdvasuatuadund 15 a.mgounded swelvg o.aan 90110
“#vie: Index_nat@hotmallcom, 074-287035

unAnge

nsvsesnuussvonddonywdiudsddylunisinsduinamanduargunsaldasyinuaimiade dafu
jsmnevsiumenuiifoRwundanedfuiiusdvinmlunsusesnaussannduidonysdurunstdeuwoinsaeina
wsvusnlanmgunuiieussynilifuusuidrstunisiuraussonn Taglduilasedreuseamiiton (ANN) 1nlélunas
Suunfyanalvindide Eme) seandwdouvunyusinnetalavidaudadousy Myo Alvosindymin & dosuae
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Abstract

Human muscle force estimation Is crucial In biomachanics studias and assistiva rehabllitation devices fialds.
The aim of this paper s therefore to develop an efficient algorithm to astimate force axerted by human muscles
in tha robotic assisted rehabilitation Instead of using multi-axis force/torque sensor. Artificial naural natworks
(ANN) approach was successfully implemented to classify the electromyography (EMG) signals of human's hand
musclas obtained through a Myo™ armband with 8 channals of EMG electrodas with the sampling rate of 200 Hz.
Each alectrode provides information regarding muscles contraction parformad during the execution of the
movemant. The artificial naural networks (ANN) approach was trained by EMG signals and measurad forces which
were adopted by the ATI Gamma multi-axis force/torque sensor. A set of experiments was caried out in which
an object attached by the multi-axis force/torque sensor is located on a rectilinear bar. A human participant was
required to push and pull the object in various constant applied forces of 2, 4, 6, 8, 10 N along with
simultaneous capturing and monitoring of the forearm EMG signals. Twenty healthy participants were randomly
racruited in this study and subsequently ANN was utllized to predict the individual muscle forcas. By using root
mean square error (RMSE) to validate the proposed madel, experimental results illustrated that the performance
of the propased method can be acceptable for prediction the human applied force in upper-limb stroke
rahabilitation.

Keywords: Muscle force estimation, MYO armband, Electromyography signal, Artificial neural network
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Abstract: Electromyography is a method in the field of electrodiagnostic medicine for monitoring and

assessing the electrical activity generated by skeletal muscles themselves. As reviewed, the study of human force
estimation based on Electromyographical signals is such a crucial challenge, since it is further complicated by the
dynamic nature of the human subject. Consequently, this paper aims to develop an effective algorithm to roughly
approximate the human hand applied force during executing rectilinear-motion-machine interaction, in which a
test influence variable, namely friction force against the object movement, was additionally exerted. This
mathematical algorithm will be further implemented in a newly designed rehabulitation robot using EMG muscle
force estimation instead of applymng a costly multi-axis force/torque sensor. Artificial neural networks and
Support vector machine approaches were successfully applied to distinctly classify the electromyography signals
of human’s hand muscles detected by eight-channel EMG electrodes. After the set of tests was carried out, root
mean square error was individually utilized to evaluate the quantitative performance of each technique. The
experimental results illustrated that both approaches were considered acceptable for EMG-based force estimation
for dynamic muscle contractions by indicating that the human applied force was validly estimated based on the
EMG signals. Additionally, it can be implied that the more the resistant force applied against the object movement,

the lower the force model estimated performance.

Keywords: Electromyography, Muscle force estimation, Artificial neural networks, Support vector machine,

Human-robot interaction
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Introduction

Robots are being used more frequently in everyday life tasks (e.g., service robots, robots for clinical applications
or industrial robots). Robots have been typically programmed by operators to execute a sequence of predefined
functions; however. the new generation of smart robots have been designed to further increase flexibility and to
share their workspaces with humans in aiming for complex task improvement. The chief requirement of human-
robot interaction (HRI) is to facilitate robots to be able to physically interact and work naturally with humans in a
safe and reliable manner. Secondly, the robots themselves should be able to decide their task priority or action

levels that can allow them to interact with humans in a timely and speedy manner [1-3].

Stroke is a primary cause of death and the leading cause of permanent disability in adults. There are many stroke
survivors, who live with a variety of levels of disability and always need rehabilitation activities on a daily basis.
Based on the study of HRI, our research group then promoted an upper-limb rehabilitation robot to provide the
improvement of physical functions of stroke patient’s muscles. The robot can function like therapists, who actively
help patients with exercise-based upper limb rehabilitation with two functions consisting of active and passive
therapy. However, a multi-axis force/torque sensor is expensive; subsequently, to overcome the limitation, EMG-
muscle force estimation for HRI in the robot-assisted rehabilitation task has been carried out and detailed

throughout the paper.

The electromyography is often used as input signals for robot control, such as, in the application of robots for
rehabilitation or HRI, which requires the assessment of muscle force from human movements. Therefore, finding
an algorithm approach to mathematically determine the force caused by muscle under dynamic muscle
contractions 14 a challenge study, Most of the robot-assisted rehabilitation equipment often uses muscle force to
stimulate the movement of the device for treatment of patient users. However, as reviewed, the methods for
measuring the individual human muscle force almost require costly multi-axis force sensors [4]. Then to overcome
this problem, force estimation using EMG signals 15 one of the best solutions and significantly leads to cost
efficiency. The EMG signals reflect the electrical activity of skeletal muscles and contain information about the
structure and function of muscles which particularly make different parts of the body move [5]. Therefore, EMG
can be used to predict human muscle force in HRI with strong probability, However, due to the complexity of the
electromyography investigation in human muscles, various techniques of detecting the EMG characteristics have

been introduced in different ways to an effective EMG measuring system [6].
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Linear or nonlinear relationships between EMG and muscle force under the isometric muscle contractions were
discovered, in which the joint angle and muscle length do not change during contractions, such as contracting.
standing, pushing the wall, etc. Research [7-9] conducted the studies which are the significant steps of muscle
force estimation relating to the development of intuitive human- assistive robot interface using EMG, prediction
of handgrip forces based on forearm muscle EMG signals, or study of effects of muscle length and tension on
rapid isometric contractions using frequency response. Nevertheless, the relationship between the
electromyography and muscle force is more complex due to muscle properties. such as the different length of
muscles, the speed of muscle flexion and extension or the measuring locations to place EMG sensors[10-12].
However, as extensive review, there are few studies relating to the estimation of human muscle force dunng
dynamically performing human-robot interactive tasks due to the complicated muscular skeleton system. and there
is no research paper in consideration of the relationship of the EMG — based force estimation for dynamic muscle
contractions in a HRI object manipulating task and variable frictions applied against the object movement This
requires kinetics and muscle dynamics data precisely measured by a set of accurate EMG sensors in order to adopt

a good way for a muscle force forecasting under dynamic contractions.

The aim of this paper is, therefore, to develop an efficient alzornithm to estimate force exerted by human muscles
under dynamic muscle contractions from the EMG signals using an artificial neural network (ANN) and support
vector machine (SVM). Both techniques were appropriately executed to exammne the complex relationship
between muscle force applied to the HRI system and the EMG signals in less complicated. As reviewed. the
advantages of both algorithms are high performance and can be productively used with error-prone data sets: the
SVM scheme also has more advantages in terms of less over-fitting problems. However, both methods still have
some disadvantages in the use of time for long training and the parameters used for training are complex [13-16].
Subsequently, this study additionally explains how to achieve 2 suitable number of the sample size of training data

in HRI. The details are organized in the following sections.

System Design of One-DOF Human-Robot Interaction

Conceptual Design and Test Procedure of One-DOF Human-Machine Interaction

In order to achieve the above objective, the HRI experiment has been conducted to mimic the object manipulating
in a one-dimensional axis. A set of one-DOF rectilinear motion machme mteraction was mitially designed and
mainly employed in the study of muscle force estimation of the human arm using surface EMG sensors as depicted
in Figure 1. A set of ten human samples were randomly selected to undertake the experiments and first asked to
naturally move the object placed on the lnear rail in a constrained horizontal path zlong with various frictions
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against the movement applied. The external friction has been exerted to the object movement, and it can be vanied
from 2-5 N with 1 N resolution. Since there is a significant difference among the lengths of human upper limbs,
then the test rig allows the object to be horizontally moved up to around 40 cm. The research [17] reported that
the average length of the right arm ends of the males 1s approximately in the range of 20 to 30.5 cm and women's
arm lengths are in the range between 19 and 31 em [17].

Figure 1: One-DOF rectilinear motion test rig

The schematic block diagram of the test 15 shown in Figure 2. A one-dimensional force sensor measures the human
force applied. A set of grasping force sensors was mounted on the handle in order to detect an individual finger
pressing force because the higher the amplitude in grasping force, the inferior the effectiveness of the real-time
EMG recording system. The grasping force allowed in the test is between 0.8-1.2 N, and this range of squeezing
force was delivered by preliminary tests. If each of the human finger force is higher or lower than the threshold, a
buzzer module will be activated to alert the human subject. The speed of object manipulating was strictly setto 2

constant velocity of 0.1 m/s along with a velocity guide for the human movement measuring by an encoder.

In addition, the HRI experiments also require a linear rail used as a base for the object horizontal movement, two
limit switches utilized to limit the object's movement, and a MYOAmband with 8-channel EMG sensors to
measure the EMG signals around the human forearm in real-time. Finally, a set of relevant data is used to calculate
the set of features shown in Figure 3, consisting of human arm EMG signals, human force applied to the object,
grasping force, frictional force, and object displacement and its corresponding velocity were simultaneously
captured and monitored under the system control unit. The recorded information (1. in samples and out samples)
way further used respectively in training and testing the proposed ANN and SVM algonithms. This can be
explained using a flowchart diagram illustrated in Figure 4
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According to the experimental procedure, the group of ten participants were randomly selected to perform the HRI
tests and mitially required to become familiar with the test ng before executing the real tests with 4-5 repetitions.
Each human is asked to sit down in comfortable positions in front of the test ng and perform all assigned tasks to
the best of their capacity. Only one hand is allowed to grasp the handle with appropriate squeeze force, and twisting
or bending the device is not allowed. An individual subject has to push the object towards the endpomt with a
constant velocity of 0.1 m/s in the constrained path, according to the movement reference pomt. To ensure effective
data collecting, they have to execute 5 repetition sets of each vanable frictional force magnitude applied agamst
the movement. The relevant information was recorded in real-time and divided into two groups made up of an
in-sample group (80% of data for online and offline algorithm-training developments) and out-sample group (20%
of the data for evaluating the estimated algorithms). Contrastingly. the online feature traminz was used ail
measured information. The final step involves the evaluation of ANN and SVM methods in terms of accuracy of
the human muscle force estimation using Root Mean Square Error (RMSE) by comparing between the predictive

and measured force values based on both on-line and off-line training techniques.

Human muscle force estimation base on ANN and SVM approaches

As mentioned previously, the artificial neural network and support vector machine techniques were used in the
prediction of human muscle force. ANN 1s 2 mathematical model that mimics biological neural networks, which
consists of multiple layers connected together in the model. Each layer has a processing unit whuch 1s called a
neuron. Layer types are as follows: the mput layer which is a layer for importing the initial data into the system
for further processing by subsequent layers of artificial, the hidden layer is a layer for leaming of artificial neurons
by taking in a set of weighted inputs and produce an cutput through an activation function and, finally the output
layer is a layer for produces given outputs [18]. Backpropagation algonthms are 2 method that 13 widely used m
the training of neural networks (ANNs) effectively according to the gradient descent approach that takes advantage
of chain rules. Mam features of backpropagation are its iterative, recursive and efficient method for calculating its

weights updates to improve the network umtil it is able to perform the task that has been trained.

The leaming algorithm is made up of (1) starting randomly setting the mitial network parameters (weights w;; and
biases by), (2) taking a sample set of input data and then passmg them through the designed network to obtain the
prediction, (3) comparing these predictions obtained with the target values and calculating the loss fimction
between both of them, (4) performing backpropagation to disseminate this loss to each and every one of the

parameters that construct the neural network model. (5) executing this disseminated information to update the
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model parameters of the ANN using gradient descent in a manner to reduce total loss for the better ANN model,
(6) continuing iterating the previous steps until a good model has been successfully adopted [19].

Support Vector Machine (SVM) is a supervised learning algonithm that is widely used for classification or
regression challenges. The purpose of the SVM algorithm 1s to find the hyperplane in the N-dimensional space
(V - number of features) that clearly separates the data pomnt. By separating two classes of data points, there are
many possible hyperplanes which can be suitably selected as depicted in Figure 5. The objective of the algorithm
1 to find the plane with the maximum margin to efficiently distinguish both classes.

Figure 5: (a) Possible hyperplanes. (b) Optimal hyperplane.

In SVM, it is easy to have a linear hyper-plane between these two classes, but another burning question which
arises i3, should we need to add this feature manually to have a hyper-plane. SVM has a new technique called the
kernel trick. These are functions to transform a low dimensional mput space to be a higher-dimensional space.
This method is most useful in non-linear separation problems, and engages with complex data transformations, by
seeking out the process to significantly separate the data based on the labels or outputs defined.

Pilot Study of the HRI Object manipulating tasks

The pilot study is a small experiment in which the test results and statistical analysis are collected before the
appropriate large-scale experiment 1s conducted. The pilot study in this research consists of two experiments, with
the objective to determine the appropriate location for the installation of a sensor to measure the forearm EMG
signals and the appropriate sample size to calculate the features. These can be expressed as follows:

1) Amplitudes of EMG signals are regulated relying on many influent factors, and one of the important
parameters that makes the difference is the locations of the EMG sensor nstallation. There are several studies
relating electrode sensor locations, such as the research of Chris Jensen et al. [20]. It described the difference in
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the EMG amplitude when mstalling electrodes in different positions on the trapezius muscle bundle while
stretching arms and bending arms. Therefore, in this experiment, the objective is to determine the appropriate
location for the installation of the MYO 8-channel electrode ammband by considering the two significant positions
of the upper-limb ie. the forearm muscles and BicepsTriceps muscles due to both muscle bundles have mamly
changed while performing pulling/pushing the object. It displays in Figure 6, and by considering the EMG
electrode locations, two preliminary tests have been undertaken and explamed below.

@

EMG electrode

Figure 6: The position of the sensor mstallation () Forearm muscle (b) BicepsTriceps muscles
(¢} MYO armband channels position [21].

Preliminary I determines the relations of the different human upper-limb postures preciously nfluencing though
the EMG muscle signals recorded from the human forearm and Biceps/Triceps muscles when the human subject
performs pulling and pushing the non-moving object placed on the linear rail of the test ng. The human was
initially asked to apply the constant interactive force at10 N throughout the tests. By realizing the vanous am's
postures based on the elbow flexion and extension, each subject has to be asked to undertake the HRI tests at the
start point toward end point respectively. Additionally, to evaluate the distinct EMG signals m each scenario,

RMSE was then employed.

The experimental results showed that RMSE values of the 8-channel EMG electrode signals from both foream
and Biceps/Triceps muscles had distinct EMG profiles in different ways. After careful analysis with regard to the
results, the RMSE differences captured at the Biceps/Triceps muscles, while pushing and pulling the static object.
were slightly represented superior to those of the forearm location as Hllustrated in Figure 7. As reviewed, it can
be claimed that the lower the changes in the EMG magnitudes of several upper-limb postures, the more the
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qualitative performance of the EMG-based force prediction [22]. This is because the study of the relation between

the applied forces directly affecting the muscle EMG measurement, without attention paid to human arm postures,

has been primarily investigated. Therefore, the EMG MYO armband was suggested to be specifically mnstalled at

the human forearm.
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Figure 7: RMS values of the EMG signals when pulling/pushing the object at the start and end pomnts. (a).

pushing the object with measuring at the forearm muscles (b). pushing the object with measuring at the

Biceps/Triceps muscles (c). pulling the object with measuring at the forearm muscles (d). pulling the object with

measuring at the Biceps Triceps muscles
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Preitminary II analyses the effects of hand squeeze force exerted to the handle and the muscle EMG signal
regulation can be captured from the human forearm and Biceps/Tniceps positions agaimn, while the object is fixed

at the endpoint.

Each participant was required to execute the tests by firstly grasp the object with a constant squeeze force of
roughly 0.8-1.2 N and loosely grasp the handle. The experimental outcomes reported that there were significant
differences while applying the grasping force and without squeeze force in both conditions of mounting the EMG
electrodes at the forearm and Triceps/Biceps locations. This can be clearly seen in Figure 8.
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Figure 8: RMS values of the EMG signals when squeezing objects at end point. (2). EMGs measured at the

forearm muscles (b). EMGs measured at the Biceps Triceps muscles

Therefore, the recommendations camed out from the pilot study suggest that the MYO electrode sensors should
be mounted around the forearm muscles. It is a crucial aspect to strictly bind the human grasping force as
recommended (approximately 0.8-1.2 N). This completely used throughout the substantive main HRI object
manipulating tests in order to adopt an effective human muscle EMG magnitudes.

2) Inthe full-scale experimental design, the number of samplesize for calculating the features of the force
prediction algorithms should be sufficient to give effectively sigmficant results. Theoretically, it would be as more
as possible, since a higher number of data samples utilized in the feature classification are likely to give a more
precise prediction of the date; however, it will take much longer to complete the training process. Therefore, this
experiment aimed to determine the sample size which 15 appropriate for determimning the features of the muscle
force data mn training and testing the ANN and SVM algonthms. By comparing the predictive accuracy at the
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sample sizes of 50, 100, 150 and 200, again RMSE between the estimated human force and measured force was
used to present the mvestigation of the relationship of the number of samples affecting the model prediction

accuracy. The experimental results are shown in Table 1 and graphed m Figure ¢

Table 1: The RMSE values of both algorithms at the sample sizes of 50, 100, 150, and 200

Algm Smpb size = 100 Sﬂpk size =200
Tram80% Test20% Tramn80% Test20%

RMSE _ANN 0.196 0.440 0.088 0.213 0.064 0.130 0.047 0.126

RMSE SVM = 0202 0336 0.092 0.173 0.063 0125 0.048 0.121

RMSE of both algonithms at various sample sizes

05

- e ANN =il SVM

Z 03
302

0.1
50 100 130 200
Sample size
Figure 9 The RMSE line graphs of both algorithms at the sample sizes of 50, 100, 150 and 200.
It can be clearly seen that the ANN and SVM algonthms are more accurate when the sample sizes mcrease, until
the RMSE values of the sample sizes were assigned at 150 and 200 samples which remain rather similar However,
as reviewed, too high sample size could cause the feature extraction process to be slightly delayed. It can be noted
that this system has a sampling rate of 100Hz, so the process time of one feature set in each sample size is shown
in Table 2. Therefore, as shown in the table, it can be summarized that the most effective point of the test is the
samples selection 150, and this is because it offers less processing time than that of the 200 samples_Furthermore
as the system has a relatively small sampling rate, the overlapping segmentation technique was used to calculate
the features by sliding one data per a feature set to increase the efficiency of the system to work continuously m

real time.

Table 2: the process time of one feature set at the sample size of 50, 100, 150, and 200.




Journal of Mechanical Engineering Research and Developments (JMERD)

Experimental results

ANN and SVM model specifications

Feedforward back-propagation neural network (BPNN) was used in this research to estimate the human exerted
forces while interacting with the HRI rectilinear object moving tasks using the muscle EMG signals based on the
off-line and on-line algorithm trammgs. The BPNN approach requires supervised leaming, where the accuracy
of a predictive model respects to the training data and the numbers of relative parameters. The following table
summarizes the BPNN model configuration. These were strategically achieved and optimized based on a set of
trial and error experiments in the range of hidden layer nodes from 15 to 20 by taking benchmarks of the predictive
accuracy measurement and processing time.

Table 3: Parameters to be employed in the neural network training

Number of inputs 23
Number of epochs 1000
Number of hidden layers 1
_Nodes hidden layer 20
Transfer function of hidden layer 1 Linear (Identify)
Transfer function of output laver Linear (Identify)

The SVM techmque was subsequently implemented for the dynamic muscle force estimation using both off-line
and on-line trainings in order to deliver the comparison of the ANN/SVM forecasting performance. The SVM
kernel function was mitially defined and made up of radial basis functional, linear, and polynomial models for
both off-line data training and algorithm testing. However, the on-line algorithm teaching only engaged with the
specifically radial basis function model as a result of processing time reduction to be concerned.

Human muscle force estimation results based on ANN and SVM approaches

A set of ten human samples were required to participate with the rectilinear-motion-machine interaction by
manipulating the object on the linear rail in the constrained path along with vanous frictions (2-5 N) exerted The
experimental results are categorized into two main sections, i.e. off-lme and on-lme traming sections. Durning
performing the tasks, the hand grasping force and the object speed were strictly monitored. By evaluating the
qualitative performance of the ANN and SVM techmiques in terms of accuracy of the human muscle force
estimation, Table 4 shows the comparison computed from RMSE values of the ANN and SVM approaches under
the frictional forces of 2,3,4 and 3 N, and their corresponding standard deviation were camed out m Table 5.
These can be plotted in Figure 10. The blue bar charts indicate the RMSE of the force estimation based on ANN,
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where the orange, gray and yellow bars show RMSE of the force estimation using the radial basis function-based
SVM, linear function-based SVM and polynomial function-based SVM respectively.

By considening the tendency of the algorithm's accuracy, it is clearly seen that the less fnctional force levels
applied to the test rig offered more accurate estimation carmied out by both ANN and SVM. The ANN outcomes
under the applied resistance of 2 and 3 N were simular to results calculated using the SVM scheme with the range
0f0.05-0.15 N. Contrastingly, at frictions of 4 and 5 N, the SVM algorithm was slightly shown more accurate
than the ANN in all scenarios, in which the ranges of the RMSE values based on SVM and ANN were
approximately 0.2-0.33 N and 0.34-0.36 N. After being carefully analysed, the quantitative measurement of the
performance of both methods can be considered acceptable for the EMG-based force estimation; however, the
SVM with the radial basis function kernel optimizely provided the lowest RMSE magnitudes m the conditions of
4 and 5 frctional forcas applied.

Table 4: RMSE values of the ANN and SVM approaches using the offline training under the vanous movement

frictional forces
friction =2 N friction = 4 N

- Tram§0% _Test20% Traing0% _Test20%

ANN 0053 0087 0058 0112 0108 0360 02712 0345

RBF 0056 0087 0061 0421 0135 0273 0475 0200

Lunear 0050 0078 0053 013 012 0329 0129 03

Polynomial 0.099 0.117 0.076 0.141 0.148 0.275 0.164 0215

Table 5: Standard deviation of the ANN and SVM approaches using the offline traming under the various
movement frictional force

ANN 0.012 0.037 0.007 0.065 0.032 0.188 0319 0.163
RBF 0.012 0.019 0.008 0.060 0.029 0.078 0.085 0.011
Linear 0.010 0.026 0.010 0.054 0.038 0.135 0.050 0.154

Polynomial 0.020 0.041 0.008 0.065 0.030 0.079 0.071 0.065
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RMSE of both algorithms at various frictional forces
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Figure 10: The relationship between the RMSE magnitudes of the force model estimation using ANN and SVM

to the frictional forces exerted against the object movement

According to the on-line algorithm training. the same procedure and human participants of the rectilinear object
manipulating tasks were again undertaken to provide evaluating of the performance of the ANN and SVM in
human force prediction. As the results delivered in the previous substantive tests. in which radial basis kemel-
based SVM was reported the most superior performance while having offline training. these tests then allowed
only the comparison of the ANN and radial basis function-based SVM strategies. Table 3 illustrates the RMSE
values of the ANN and SVM approaches under the several constrained resistances which can be roughly explammed
in Figure 11. The blue and orange bar charts show the RMSE values by comparing between the predictive and
measured force amplituded based on the ANN and SVM using the radial basis fimction kemel respectively. The
results of the on-lining technique show that the qualitative performance of the force prediction technigues is
inversely proportional to the magnitude of frictional force applied to the system. Careful observation revealed
that the performance of the ANN and SVM with on-line algorithm training are accepted for the human muscle
force prediction in the physical HRI test. Additionally, again_ after careful analysis with regard to the results. the
force prediction based on both schemes contrastingly presented the RMSE values of the ANN is slightly less than
those of the SVM method indicating higher capability in dealing with the force estimation of the human muscle
in the HRI tasks.

Table 5: RMSE values of the ANN and SVM approaches using the online trainmg under the various movement

frictional forces

RMSE ANN (N) 0.113 0.148 0298 0.423
RMSE_SVM RBF(N) 0124 0.175 | 0316 0539
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Figure 11: The relationship between the RMSE magnitudes of the real-time force estimation using ANN and
SVM to the frictional forces exerted against the object movement

Conclusion

This paper examines the use of ANN and SVM for optimizely estimating the human muscle forces based on the
human forearm EMG signals during dynamic muscle contractions. The on-line and off-line traiming algonthms
of the ANN and SVM techniques were strategically achieved by dealing with data individually captured from a
set of random participants. The qualitative performance of the force prediction based on both methods was
assessed using on the root mean square error (RMSE) between the estimated and measured forces during on-line
and off-line tramnings. The pilot study was conducted to convey the substantive tests. The main results were
reported that the quantitative measurement of the performance of ANN and SVM can be considered acceptable
for the forces prediction based on the human muscle EMG signals. Additionally, it can be claimed that ANN and
SVM have higher capability to estimate the dynamic mathematical model of the EMG based force estimation,
and this is in agreement with the parallel test outcomes examined by the researchers [23-25]. After careful
analysis, the offline training of the proposed approaches provided similar acceptability for the effective force
approximation. Contrastingly, the artificial neural network method was slightly supenor to the support vector
machine in the online traming model. Hence, this study 1s 20 advantageous to be further used in a newly designed
rehabilitation robot based on the EMG muscle force estimation using the MYO armband instead of a costly multi-
axis force/torque sensor in the detection system of human applied force. However, the contnibutions of m this
paper still have a limitation in estimating the force of only one dimensional movement. Even so, this idea is still
possible to develop further in order to predict the muscle force in more dimensions, and it can be considered as

future work.
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