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Abstract

Surface Electromyography (SEMG) signal analysis is a challenging task in neuroscience.
The signal is associated with an activity of muscles in human body, thus it becomes
an essential way to control the robotic arm for people with disabilities, Therefore, this
thesis has proposed a new method based on Singular Value Decompasition (SVD) and
SMO algorithm for classifying sEMG signals into six basic hand movements. For this
experiment, The features of sEMG signals from five subjects are extracted by vector to
matrix and-SVD feature extraction, divided into training and testing sets by two fold
cross-validation, and subsequently fed to five classifiers-including Decision Tree, K-
nearest Neighbor, Naive Bayes, Radial Basis Function Network, and Sequential Minimal
Optimization. The experimental results have shown that vector to matrix and SVD
feature extraction with SMO algorithm can achieve the best performance for the
classification of basic hand movements when compared to the other classification of

the above mentioned.

Keywords : Feature Extraction, Classification, Surface Electromyography, Singular Value

Decomposition, SMO algorithm.
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) 1 =l a el 1< 1) aa o oo ' ' =
"ZNQEI’]?LL’JQW?W@%JIW‘U‘UH (4] Lﬂumumamwmmmaq’(uumwwmmmmﬁz

¢ . = a - [ 1 w ;
93AUT¥NOU (Factor Analysis) Faidumalianldlunisdnnguuiosinamdnuagnil
AMUFUTUS N IMeny Gaatiugineuindduagyinmsuwenesiussnaurasumindiie

a « i1 = & o |
miLLemLumﬂ%amﬂuwa@m’um 3 LUNInYaeduni1sy (2.1)

— T
Amxn - Ummemannxn

187 Apxn A0 WYBAGAFDINSLENATDIAYTENDU TUIR M X N

= £ o

Umxm 78 8M3ndgfiuns (Unitary matrix) 4116 m x m

Smxn P WUNIAGIAES (Diagonal Matrix) ¥ m x n

a [9) = :
Vin Ao wmindaduilasu (Transpose Matrix) 9u1a n x n

° w o aw i a o 1w = o
dmiurnasrusznauinuleluanide fe AuvEng S Tegazinandoyaideaunvi

Tvdeyapgluzuuuunnings

At Mvualideyauming A Suuin 4 X 4 ¢dagun 2.6

U S—f5T 1

32, 8 [10\F2

11 | 1644”8

10, 0| 0| O

JUN 2.6 fregdeyawming A vum 4 X 4

4 o i I3 [y @ ada ¢ a o =
WiadwiumiA1sAUsENaUMETUROUTITINaTIIgRnaNl nTTumuauNITA (2.1)

- 1 - o/ o d
ldl wwEndlnd 3 wvindpauiu dagun 2.7
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Matrix of A Matrix of U Matrix of S Matrix of V
201 5 |15( 1 -0.15/0.81|0.41|-0.37| (8217 0 | 0 | © -0.44| 0.62| 0.40| 0.49
321 8 (10|72 -0.96{-0.23| 0.07 |-0.02 X 0 (2624 0 | © X -0.13{ 0.37{-0.90| 0.15
11116 7 | 8 ) -0.18/ 0.47-0.83| 0.18 0| o0 1190 © -0.16 0.50 0.09 |-0.84
1010 0| 0 -0.05} 0.23| 0,34 | 0.90 0| 0| 0 |549 -0.86(-0.47/-0.08|-0.12

JUN 2.7 MegamsugnesdusznauvestoyansiiBanaisuighnaulnady

2.6.2 NMFIATIEMTUTULUUATAIALUYY (Linear Discriminat Analysis : LDA)

mslasrsidadunuuianiuuu (51 Hutunevudtvilsidneglunuanmveins
AnsestesdUszneu (Factor Analysis) lwieafudagariuagineulnddu damsiiaszsiids
dunuuiarsiwuitannsaldlunissuunyseian Classification) l6Ende wiluunias
NA1ININSIAT AT A FULYURARSALLIR WY IudIuYDINIsand U UTR(Dimensionlity
Reduction) ’um%’agawhﬁ"'u Tunslmeidadunvuianstuuuiidunismuigiivesn

14 al 1 o L a A |l 1 o CJ
vosteyanireientsiun lasteyalmiluligiyeslndanuisafmniuldanaunisy (2.2)

Z=WTx (2.2)
- - o |
Taed  Z flo Teyanninosivy
X Ao UauaNMasLAY

Y

= 3

- ¢ \ o
W fe wvinguaslainuliniaes (eigenvector) M58y

AleInuwag (eigenvalue) arnunlutioy

-l a ° v | .
1NauN159 (2.2) Luning W Aruaalaainnisuiatlelnuianines (eigenvector) Lay

Aleinuuag (eigenvalue) 310 S8, Tnedl S, wildanaunisd (2.3)

Sp =

i

K
Si (2.3)
=1

a ¢ o v o <
wvisng S; anusamualenseaunisi (2.4)




L

Ni
- T
S5i = Z(xt - my) (x; — m;) (2.4)
t=1
P a ° 7 ] oAl
lagfl N, fe Swaudeyaianunuesngui i

= v I3

x;  f Yeyannimeiiag t
=4 U = 1Al .
m; e AeRuIRINguT i

° v -l
war Sy Analdainaunsh (2.5)

K
Sg-= ) Nim; = m) iy =m)” 25)
i=1
lagn N, fie Susudeyariananyengud i
K Ag Iunuveangudvung
< 1 =i Y
m; A8 ALABYYRINGUT

=) 1 AJ v
m B FNLEAESINTDIVDLG

Al o 1 o= (3 _1 1% ¥ o 2 a L3
WeAuA1venunIng 5,18, uarliarwiumlanuannesuarloinuiigainuming

fanann ntutlanurneesiesneiulagiseaniuailainuwanitauinlumanlenu

Aa 1w = v a ¢ ° o aa ) o o cala
wighillddes gsazlauming W dwiunisaniiivesloyaszvinnisdalainuiininesid
1 o v a ¢ o aa v A v
Aleinuwigidersenatnumsndg W viseidenlainunnmeimudmiuifivesdeyaiienis

LA2YIINITAR FOVNULINLARS LA WA BN INUNTND W 91n7I96IUTI

2.7 n358U3URLATAY (Machine Learning)

¢ 2 aw

a o = ] = a o g v
naseuivennsonduarvmivesaulygiuseivg Gaiiinguszasdlunisyil

od 9

- Y = a s = & 3/ ¢ o gy o
nsesdnsnananiesruunenfiuneiinuainsalunisiiou; visulinseniliiaies

v d o Vo “ o v P v = % <
ansasuiiveviinisdndulavievuienanndeyandeululild lnen1sseuivesnies
Wuannsaudaldilu 3 Ussian fe nsifeuuuuiifaou (Supervised Learning) n1si3eus

wuulifigfaau (Unsupervised Learning) Wavn1si3auiuuuiasunigs (Reinforcement

Learning) dwmfuludiutiazndnfinaniznisiseuiuvuiifaou (Supervised Learning) 3adl

13 £
u o

- W a &
AMULNYIYRITUNUATe TN



1

%) o . . & < [ 4 <
NsLSBuLUUIEaeu (Supervised Learning) fia N1saaulAIeIdnsnananiaiAias
a - vy v o o a v L. ) 2 i -l
poufiunes Inansteunselideyaiilédmiuiieud (Training Data) Aulrdeetiy q Tngexd]

v LY - | i i !
nsUouteyanadwsidimung (Target) lumuieaeulviaiosiinteyatueglunguesls lne

RV
=]

= - | & = y v oA o= o v [y v o Y
dewnsesliiudunounsiSeuiuds efstunsunsveasy gaeufarldteyadlinieonls
9 o . v < = o a v v & w o o
dwiunaaey (Testing Data) wdeulviuinies FulainIaslinadnsnduaanuinasin
v gl ua'.’c o =l o v ea g W a o oa 1
HaaNS NN su s uiunadnsiamaviaie danaussdniamlunisisousaes

- '
\wsaasaly

2.7.1 tunaudtuuudlnnesdlng (C4.5)

o v =

fuliinaulatunsisnvaridulasaiauuiulingui Sunsusznouluseinua

(Node) Bwusiazlnumaziinnianune (Attribute) Aunnsingenly nade nussinuieluun

(34U (Root Node) azifiudiuvesduuvgauazilifisstvuniies. luwnzisesiulivions

(Branch) wedlnun vziluduiiansanudnungioluunsmuun tagasiluualy (Leaf
| a

Node) w3aluungaving (Terminal Node) \udauiagarsgavasiulifaguls lneasldidu

druresnsszumaa (Class) Bsiminedsmadnsaldannsiunesuandugui 2.8

X2
N |
- |
@ | 6
|
O p @7 &
| @
30 e T i R e i i 1 ________________
SN ®
& g | ®
| o~
=20
f S Xi

FUN 2.8 ununmLanstoyadsa
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Yes 7 _
[ X, < 30 ] 45)
N G5
Yes ~. No z
: O ' AAAAA Leaf node
Cl Cz L PP R POt o e et S

JUN 2.9 LLN'uﬂ’IWLLﬁmﬂﬂﬁdﬁ‘i’laﬂﬁluﬂﬂﬁﬂﬁ]ﬁ]’]ﬂ‘UEJ:JﬁI‘Lﬁ‘UVI 2.8

= vow aa 14 ' 2l "W
U7 2.8 anduldiateyaves x; AlAMRInAImSewiniU 20 auilunana G,
o ' | o ' v o a [y a 4 ow <
vl uivn x; danidend 20 asdewiimsfiansandeyaues x, Win dadoyanes x, 9
= ! = oW O g < [ = v a1 w ! @
UANINNNTOYIINY 30 UunNIsluAatd C, 1BuNU 'lummzmlmﬁla X MAUATUBENIN 30 UU
woaglunguuas €, Fhaunsadeulieglusiuvulaswasediulinndulalandlugui 2.9 Tng
W o o o [ S, 1 v v W -
flnunnndugudnuay x, Addeulvdednleandt 20 Ingdteulugnaesiozludalnued
' 2 Y ' 1Y w a o 1 5 o |
a1ty usideulvbigniesazludinunanegnisvin wasavdmunguilllisos 9 aundi

wilvuAgAve

penalsimu Tul 1993 Ross Quinlan lalausistuneuisdlnwesdlidaduiunou

ad o ' aal al el o v a e av v
NN UINITATUABUIT LBANT (ID3) 91 Ross Quinlan tataualilut 1986 laufidanle

D

YauTunnantedns Ae 28fin1siAunNsAUIAIEMTIEIWLAY (Gain ratio) dwsuldlunis
Andulafenaudnvuziduluwun FeaaiiudufeAaisaunareanisuuuen (Split

information) YasRmanvaEuAagiAluaun (2.6)

SplitlnfoA(D)=—Z| D x 10g, (2] (2.6)
i |D] B}
j=1
Tneil
|D| Ao IMuveveya D
o 14 o I 4 1 o/ d P
| Dj Gh) IUIUVIVBYANAIVINATITUUIATIYAIAUANYUEN [ VDI

ARANYILY A
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v Ao Snurssidullldvimunlunaudnuae A

lngAansaunavaanisuvsenilazgnitlumsainuansaunaudiavlardnsdiu
[¥] P s w i aa = n‘j [ = ] [
nu aaluannisil (2.7) Fegesdununilawnnigauu Assgnidenldlumsuiinudnyae

vpenuldnndule

Gain(A)
Splitinfo,(D)

(2.7)

GainRatio(D) =

2.7.2 Yunaudsuuulutagnede (Naive bayes)

5 aal (3 ! | [ ] aaanvL!/ a = ' [

YUADUITUUIUEDEN119ULUUIURDUIGN waﬂmwawqwgmmm%Lﬂu'[uma?
o v v & V) | [ a e "
Tuunteyalaglifugiuuirinudanarsvesansninsziluuuuiiiouly (Conditional

Probability) faeains# (2.8)

P(ANB)
P(B)

P(A[B) = (2.8)

Tnen
P(A|B) e maudtsstluveavanisel A lnaflingnised B tinTuneu
P(AnB) e avutanluveunanisal Auaz wmnised B Mfiedusiuiu

= I n‘ “a r:(,
P(B) AD mmm%tﬂummqmmﬁ B ARy

satuludnuagRganuansaliay P(B|A) laseaunisn (2.9)

P(ANB)
P(BlA) = ——— (2.9)
(Bl4) 0
NENNTT (2.8) waraunis (2.9) ianunsadeuaunisvdladuaunisi (2.10)
P(A|B) x P(B
P(B|A) = (4]B) x P(E) (2.10)

P(4)

layaunisi (2.10) Avei3undn nauijveaiud (Bayes Theorem) Tsanunsatunusegnaldlu

L

° v = i 4 o v a |
ﬂ']'i'ﬁ]'lLLUﬂﬂ'iﬁLﬂWlﬂ IWEJVTF]TWNU']'ﬂa‘ﬁL‘ﬂum@QﬂajﬂLﬁJ@ﬂ’]ﬂumﬂmaﬂ‘b‘mﬁﬁ]ﬁuﬂ'ﬂmqﬂvﬂqqﬂ
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1 @ 5 d o s ! 5
unrnduvesnadnvasiuliodmuanatala 4 guivaiuuissduvesnaiatunsie

! a e nl
mmm%lﬁu‘umﬂmanwmsmammsw (2.11)

P(attribute|class) x P(class)

(2.11)
P(attribute)

P(class|arrtribute) =

P
Tned

P(class|arrtribute)  fo auuivgidulunisiinaana(Class) wlefivun

AMANYME(Attribute)
P(class) Ao muunasdulunisiianana
P(attribute) Ao A lulunsiingudnua

) ) e v (aM @ =l >
widwivlunsdinAnudnasdudiliaunseduaaudld (Continues number)

v o

AEADIANUIUMUAUNTUTSUIUAIIURIALNTTN (2.12)

1(arrtr£butei—,uij)2
2

P(arrtribute|class) = ——e¢ 2 oI\ (2.12)

/21Oy

2.7.3 ﬁumau%ﬁ'uvmﬁauﬁm’lné’qm k 67 (k-Nearest neighbour : k-NN)

Tt 1991 Aha wag Kibler Iolauatunauisnissnuuniasldualmnainunansnaeiy

vesdayaineyinissrynand Getumewisuvuiioudwindan k 73 Tutuneuusniuavdy

o ' 1 i I = & o o o o = o v
n1simueal k @9 & luAS RN ldausey dedivuaiauiunalinin Jadifires

'
oAl

° o o a4, Y | < 9 P v a o al v
wunasluaiduian) Tuneusiesnsndunsmdoyaifieutu nsavidendeyaSeul

¥ 15 i

e = v | a o o aao
ﬂUlﬂé’ﬂwauawmmmiisuﬂmamnﬁqmm K A BaZMINITUIIUIUAATANUITUIUNIN

YU Y

a o o Y v a & aa P o v R =
gaodmnlunaansganie Taganansnwsutuneulsuuuieutulngan k dalddsgy
10

N =) =
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(4

unaudsinautulnagn k A7

° v 4 o a v v o v
fualien k fie Suauaundnieutiu uas z \udeyafisesnismiraid
AuIMATYEEN1eSEINeteya vesteya z Aunndeyaluyndeyatindeu

a v e Yo v = o W
\dentoyalnaeunfiAsseznidlndiuteya z sniga 31w k i

AN oele

AINMmAaavesteya z lnemdnuiuvesteyaluldazaatd nngudeyaiiientn

@ aal o v

k ¢ Afldwauteyauniign udidessyraavesdeya z iWumanaiu

JU# 2.10 Tumewisieutnulngan & s

of ' o n’ﬁ aa o 2 v g o 4
A29819 MITuNUszianduneuisuuuieutulndgn k /1 lneivuael & = 5

A
A
®
® A A
A A
@ @ A @
PN

=] o v a o 1)
E'LIW | LLNuﬂ’]WLLﬁmm‘ﬁzqﬂmﬂ lu@ﬂqwumalﬁﬂqﬁﬁ’lsﬁﬂLW@uUWUL{]U 5

TunssryrarsuesiuneuiBiieutiulndae k fasegud 2.11 favualidinisnszane
fhusstieya fie AatAALIMATLLATAANAINANF NN LagimuaRasnTniieut ATy
5 Fmstegrmsidendeyaiidszasmelndiutoyaiifasmsssynanainnilgaanindusi k
Tuitil k fidwiniu 5 fefutoyaszgnidonun 5 M uazintusginmsmaanadiidnaumn
fignludnudeyafignidenudsluiidasiinaaamindoney 3 S wasiinarasnauog 2

o v O v ' . = & v
T sauteyalrdazgnisyintunaaaumviey [Wuay

dufunsmsveziaasteyaty lnnsmanundisadetulasmsinssesmg
sywinegn 2 9ty Geannsodnadldvansds Wy n15insreznIeLUUgAia (Euclidean
Distance) N13insrsEnIaiuyNImIatiuda (Mahalanobis Distance) n13inszuEnnauuula
%14 (Cosine Distance) N157A58¥EN1UUULTULYN (Chebychev Distance) Lagn15in

srugmanuvadeuuu (Spearman Distance) [Wudy
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2.7.4 Taserauszaivusifeaiudanendu (Radial basis Function Neural

Network : RBF)

Tud 1988 Broomhead way Lowe laiauelasevigussamifisuisifeaiudanandu
(Radial basis function neural network : RBF) %at.ﬁu%umau ﬁﬁu 1ulATIEF19U13N
TnswgyssamiiieuiideuwuulasstngUssamlusanouywd Taslassdiedszamiioy
iisaudailaddutug anAnduiiteldlunisudlallyminisuszanailugas (nterpolation

nlldna v

Problem) fudoyaffiifas Jeyatndinsgnannumefiaidudiminasdmivdoyadsesn

) v fu a v . o Y =
srgnAnummeiidudady Fanmsssanuatianansafualaniuannisi (2.13)

N
FG) = ) wi- ol =) 213
i=1
o 1Q) Ao waarandu
Wi fie Andnmin (Weight)

Il Ao uouUUVLAEA (Euclidean Norm)

x; €R™ fim yarudng1a (Centers) veusieaudailaridy

setaranudailsituildlulasiedssanmitems foaidain sy leud

1) Inverse Multiquadrics

1
o(r) = R OE (2.14)

o c>0uasr =0

2) Gaussion Functions

2

o(r) = exp(-5— 15

o o>0uasr=>0

nYeynin1suszuualug (Interpolation problem) t1a@1usnuLsiAgaluda

Aartuuldlunisadralassinelszamiiousifeaudaianduls Inglaseunedsyanmiiiond
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szyhmsuundeyaainuigideyatndrludniglaudnuaziioduwundssianuulingl

U

]

@ a o

ey = ) v s A4 o ¢ w
AANYAY (Feature Space) Tunsdlfiteyalinisnszanesivestoyam Wnhlaiduideiadl
wnsoudeyaavilviiinanuianaingunsietoyannatatuegluilsidudesallifietu
vilideyausuuiuuasziinnafanaiaindu Uil 2.12 uanilaseaiavedlassiieyssam

Wisnisiheaiudanandu (Radial Basis Neural Network)

/ q} 'l 1

& . l s
L ]
°

\ /¥, [ & —>FX
L]
°
.-

@

Input layer Hidden layer Output layer

a %) al = ¢ )
gﬂw 2.12 laseasvesiuaiudanandy (Radial Basis Neural Network)

2.7.5 daneifiuedaiduls (Sequential Minimal Optimizatio : SMO)

daneifiueaidulodaunlasiiiugruunandunsuisdnnesannnofuusdy 3
] ad v ¢ - v ° . . =l ol
Tumsuisdnnasnnninesuusiulagnunauslne Vapnik ey Chenvonenkis 1wl 1963 iite
v o ] =i i 17 o [ | =
uiledgymididuunuuulassireUszamifiealisuisanaidudawdsdoyaiivmnyiign
(Optimal hyperplane) lsilase Tnsfindnnisvitauvestunauisdwnasnanmesuuyty fa
v valaa w0 o & w ¢ o ¢ . <
nsuundeyaliiifiivesdeyangdu lagerdeiliduinesiua (Kerel Function) 91ntum
(YY) I3 | | v = o Yo ow " oal = 9
Wudwwaiannineivesusarngu udrdeiwinmidudaulsimansaufigalagldfaddy

WaidulunisAtuan (Linear Function) dmiunisdauustoyasistunsuisdnwasaianines

v Buamsauanalanaguil 2.13
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Mapping data A

/_\

Bl oo ohm 4

&

L @ doyanand A M Yoyanans B
@  dwwesannneddoyanand A dunwoinanneddoyanand B
P —— wudnwesmannes ——  Optimal Hyperplane

JUN 2.13 Tuneuitdwnainianinafudedy

o as o < ¢ ] voow el < )

Tunauisdneinnmesdulin i udnuuimivanganngn lnen1snidagu

¢ — a o v fu w fal 1 o al = o v
a1n5994 (Lagrange multipliers) Mvilantuingusyasatiiniuanitgn Famnsnduaale

m’mammiﬁ' (2.16)

NI)—\

N
Q) =Z

N N
ZZ aict;didik (i x;) (2.16)
i=1j=1

Tngi Q Ao Hleiduingusvasd
a Ao ArdAMaINTes (Lagrange multipliers)
k Ao Hantuipesiua (kernel function)
N Ao ﬁ’ﬂmu‘ﬁagaﬂnaauﬁgﬂﬂm
d; fio HadnsTienIsveeaf i
d; fio wadnsAideanIsvaeai |
X; fio ﬁauanﬂmaiﬁqﬁ i
X Ao Yoyannimesi j

N1IATUIUMIANIAUAINTBITNMUIEENNFAMILAINNITWATEUUANN T T LY

¢ = ad v

Tugunvuming fuilinnuivesmsdundoiidnme fannmefuneduiuiuegiy

PUIVRAULYIING B nmSngErUAE N nallE S Ay ld e ailovuave

L4

3ndfivuailugtu duiulud 1998 John Platt's [6] I¥iauedaneifiueadiledaiutunay
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FBAvFuugIsdnmesannnesuviulvstulaell 3 dussunanludaneifiueadule duney
It = ad o o ¢ aa a v g o v
winiun1sdsudsAnasiguainiesdainisnisudlvauninladulunisduiuniy
a oo 13 5 a Va a a = o =i
BasUszanaaiiguainsesiuny Junsuniaeslidiiafnlunisifendiguimunsauuay
Jupeugavine Ao nsruIunsAwINALEUBes (bias) Tadefivesdaneifiueaidule fie &

] 3 = & & a o
A lunsAwnigunszlilaldwnindlunisannm

2.8 3501590 UsLANSN NV IR UNUSLIY (Evaluation of Classifiers)

2.8.1 n1sns29daulyyd (Cross-Validation)

=

n1snsvaevled (Cross-Validation) 1uinafiadsminauelay ron Tul 1995 4
fugnunnmeianisguiedns Taumsldnuazdmsuanmsudsdeyaeendudau q T
Sty SddunisiausydviammainueiduunUsaniy gvinsidenyateya
vaasuoonu 1 dw Tusaziitoyalududuiuvasgnautuiuydayatinasuuddeldeyn
foyatinaouuavyatoyavaaauiuaeuswuntssian InsludumeunisFeusdiu deyann
duazgnaduliiBuiiyadeyaiinaeunazydouannasuiuasummsanuilduudivauang

Tugui 2.14

’ Total data J

4-fold cross-validation

[Round 1
i W—'-r-l bt |7W ‘7 7 I Acc.
. 2 . 3 4 — Classifier s
| ! S B 21

\'$ P ;. J S M

1 1_»,2 J I \h Classifier < = >
. Round 3 H AP Acc.

1 2 l b 1 4 | — Classifier Ao
i Roundd =

1 2 | 3 i 4 ‘ —> Classifier | Ao o

Aesuedydnwal

I |
| 1
. R ,
| 1
; yadayatingau (Training data) |
| i
i [}
1 1

Adayannaoy (Test data)

E{ﬁw
«c2

P= ] & o =, ] Y aa . .
JUN 2.14 Tunoun1LapnInUBYaNnasuLaE YnuaYanaaauniels (k-fold cross-validation)
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o o o v | . :
iJ’lﬂg‘iJ'ﬂ 2.14 JuaauN1SIINISNSIdau UL k d@u (k-fold cross-validation) 9

'
= v

o ' = o4 ° val 1 oW v O v bt 1 [
LIUFAUIINATUNUAAT K ‘UGIUWU%%ﬂW‘ViUﬂI‘W&Jﬂ’]LWTﬂU q muuwa;&amwngﬂtmaaam‘du

o ! | a I'j A o el = al o iﬂl
U 4 dwin 9 AU Andullevinisinussansnamuesmdnuunysesinnlusoun 1 g

) - ° v v | v o A o da Y <
ayaludiun 1 asgnimualiilugateyaveasy drugateyanivde deiAeyatoyahn 2 3

Y

e

war 4 duazgnimualiiduynyndoyaiinaeu Fuflevinisaeunasnageuiuiadiuun

u
[

Uszianieusesudiuan fegladiniugndes (accuracy) vesiduunyseinvlusoud 1
o Y = o [ a a v o = =t v | < 3
navaanin umdIsihmsiadssivinmiduundsanvluseun 2 Sayadeyaludiud 2 iy

° v o v o w - v | v = ,
gnimualnduyadeyadmivnaaeu lnedyatoyaiivdefoyatoyad 1 3 uay 4 Yuym
Yayarinaou uarillavinisaeuuasnaaauiufmduunlssinndmsuseuil 2 1Seusesuda i
aglarANgNADY (accuracy) vesiavauunyssianlusoudl 2 ndueonu a1ntueasiBuvh
nsinUssansnmaesdiunusuaniuseui 3 Aelu lagagyiinsiuadunisifenyateya
Andeunavynteyanaasuliauasuniuduaunlafmualiiua £ wasiiioviinsAuIueu

= v ¥ o i = Y & ' a :
seumvagaugnvnelaiatsuios Nhitirnnugndesildainiia 4 seunmaniade dee
lar1Augnaosvesiagatunyssanlaeld n1snsasdeulaiuuu 4 dau (@-fold cross-

validation)

9/
s ]

TusAdedag q 714 nsnsssaeuleiuvy k dau (kfold cross-validation) Hu d@au
Tnguardnagimunlvian k I8 10y 2 5 uag 10 weegwlsiniunisidenldsiuium k tu
= o ey =4 (=1 v 2 = @ o
arsaentudiviundes imsrzilunisastlunisuanslmiiud 1m0 1ua1u1save 95 81uun
a v AV & o ° 1 v 1 W vy g o ) o
Usziniiala tliesainievianisianuadiuaue k ilardesudiy fegviligadeyagn
[; [~ 8/ c’e’ o9 £ 2% =f dl v a 1 4 =l al 7
wislududeyannaeuuintuuaylayedeyaiindeufidosamiudnsidiudion3e uiiisuiu

o o = T PR ¥ [ v o |
n3fvuaduau fold Mun gy ieyavianan 100 doya diimuna k = 2 auidunis
Mwualiynteyavngoudiveya 50 Joyauasynveyarinasulidiuiudeya 50 Toyameltly
N1INABIAUAITIMUAYSELANTULAAYTOUNISVIAEDU UIBAININUATY k = 4 91 TunIs
Mvualigadeyanaaeuiiiundeys 25 Yeyatasyntoyaiinasuiiituiudeya 75 ULHE
dgunsulalunisnnasanumduuntsennlunsassau nialudnmegiudunisnIvualy k =

10 daneisyndoyanaaeuiuaridiuiuteya 10 Iuiunavyadeyatinaeuidruiudeya

90 Feyadmivldlunisnasesiuiduunysaavluusazseu

2.8.2 Confusion Matrix

Confusion Matrix [Wumsnauseuisunadnsnisvituiefldansasiwundseiandu

o - = = = s o A v w | l:!!
Haawsase lnpazldlunisusufiulsedninmeasiduundszanivanslanagud 2.15 39

=l | |

A4 9 nelu Confusion Matrix WuazdiAteguainuaiealagauisnasulgldnsialudl
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b

Positive winefie feyadilunguuan
. =£ L7 P 1
Negative vangis Yeyafidunguay

True Positive (TP)  fle nasanwean1sdwundeyaiiviungindunguuan
= a v & a o [ '
PINTINUNAAND D39 T8 YL UUNGNUIN

. o 123 d o 1 4

True Negative (TN)  fie Nai’zumaamsﬂ’umﬂwagawmmm’niﬂumquau
= a v ¢ a d < '
TINTINUNAANTI M TZYLWUNQUAY

. = o v 4 o i 1

False Positive (FP)  fie wasanvean1ssuwundeyaiiviuiedndunguuan

winaansasszydunguay
. a o v a o | |
False Negative (FN)  A® wammaamsmuun‘uagammmmmﬂuﬂquau

wanadnsasEydunguuan
e T - ; o 3 ' v 1
Far9laaan- Confusion Matrix a¥gmiunldlunisAmuanmiaiaugndes ArAu

Wl ARIUSERNWALANYSEaNSAMIRYSIN[T] FeREna buindenaly

Actual class

Positive Negative
P FP
Positive
Predicted (True Positive) (False Positive)
class FN TN
Negative
(False Negative) | (True Negative)

U 2.45 msraSuiiieu (Confusion Matrix)

2.8.3 A1A1ugNARY (Accuracy)

ATAUYNABIINAINTAAILINLAIINHATINYDA true positive Uag true negative
NIABNATINTDY true positive, false positive, false negative Way true negative PNEUNNT

721D

e+ TN
TP+TN+FP+FN

(2.17)

Accuracy =
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2.8.4 AanrauuLug (Precision)

ATMIIUULLUET (Precision) A1uatdlA91n true positive NITAIUNATINYD true
positive ay false positive WiluN1SANUINU precision YBIAAEAY UTOAANABY 9 TuNTEIN
a ] | - = = ° P Y o
Inagmanatiy @1 true positive agnuefsnatanaulalazuanisvinuneinssiuaaianauls

i 1 o o ' a - ™
d@7uA1 false positive %wmaﬁwanmaawamsmuwﬁlumaﬂUﬂa’]awau'La'luLLmLme

AUn757 (2.18)

TP

T L (2.18)
Precision TP+ FP

2.8.5 A1A1usEan (Recall)

AMUTEEN (Recall) Auailaann true positive MNSAIUHATINVOY true positive

1 ' ° o a P Ao
uae false negative Weilun13AIUIAL precision T89ARTEAY W30AANADY 9 NIHTUIUAATE
| | - = o o P o =
11NN31 2 AAE AT true positive arnunuivAatanaulilaynani1syiauIeNasInuAaan

aila du false negative emngdrasIuoNanIsvueflinsafuaaaiiaulsluuuandn

Faaunsi (2:19)

TP
SANCAA N & (2.19)
Recall TP FN

2.8.6 AaWwLYas (F-measure)

Aleves (F-measure) Wun1sinUszansnin laegldan precision uay recall lu
nsAmRuNiY gmsadanldnnNansening precision uay recall iuduau 2 wh

v . P
NIIMIYNATINUYDY Precision way Recall mugunisy (2.20)

2 X Precision X Recall
Precision + Recall

(2.20)

F — measure =

A29819 NMIAUINAIAMNGNABY A1ANLLINET AALsERnuazALeYlIeS
210 Confusion Matrix Imaﬁmuﬂﬁﬁ‘ﬁm&a Confusion Matrix UUR dx4 YIANUITOLEARS

sUwuulgifanngan 2.3
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A15197 2.3 fMegndeaya Confusion Matrix ¥u1n 4 X 4

Actual class

Class 1 | Class 2 | Class 3 | Class 4
Class 1 24 0 0 0
Predicted | Class 2 0 20 2 4
class Class 3 0 1 23 3
Class 4 5 0 1 17

151AIUIBNNAN Accuracy, Precision, Recall Wag F-measure lagail

Accuracy LR
“TP+TN + FP + FN
= 24 +20+23+17
24454204+ 14+2+23+1+4+3+17
84

zm = (0.84

Precision = s = 4 —17—8407391
TR ATHE WIT Rd0y

Recall = DA o il —-17— 8407083
P+ RN 10+ 4478~ o43Td0e0

2 X Precision X Recall B 2 % 0.7391 x 0.7083

F — measure =

Precision + Recall ~ 0.73391 + 0.7083
n 1.047 g 84 o PR
T 1.442 100

2.9 uIeNe1994

2.9.1 sEMG based classification of basic hand movements based on time-

frequency features

dm5uluauITY sEMG based classification of basic hand movements based on
time-frequency features [8] laulaueisn1siuunysziannisindaulmivesdienlyly
PInUsvirTu lngldteyanfudygralvinduilowvuitdudanionisldimaiinisnig

AATianizdIugiIan (Sliding Time-Window) lngaziivuinniuerivesdaya 300
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a acal =l .. o ) o [ =
1) wATiAI5810uA (Empirical Mode Decomposition : EMD) @sagvhlnladyqyiaui
=l | v O
158n77 IMFs lagly IMFs Ase9 3
v =Y - € v A = 12 4 i
2) 14 8 wallalunslinseideyaiiveidendoyaiisionis
3) ihdeyamnandnuguanvurveslayameuwmaiads PCA Wisuifisuniu Relief
Algorithm
4. dhfeyanulasnudnumzudrinusedninimnisduundeyanay 2-fold cross-
5 # o - = o o 1 %3 g 3 ﬂ‘
validation wagnsiwunwuU@Ldu aun1sh (2.21) Iaevinisduundeyadt 5 asuien

U ‘Q ! } 2
ﬂ’}LQﬂ8)F’TJWNQﬂﬁ@ﬂﬂl@ﬁLLﬁﬁS‘U@Nﬂﬁﬂgﬂﬂﬁﬂﬂ

" argmax
i= I amp(a) = (- )" e ) (2.21)
Tl i Ao Aand
P(w;) fio A iluveInana |
& A9 AAIUWUSUTIUTILVONUNING (Covariance Matrix)

wadWSvo AT fana uansliiiiud F8Mandswiunudnuarvasdeyadey PCA
ﬂ?uﬁﬁuﬁﬂiﬁwamﬁ']LLuﬂiﬁQﬂﬁmﬂ’J"]mﬂ‘l’fL‘Wﬂﬁﬂ Relief Algorithm laenaawsvasduun
Foyaiulddrmngnieasinaansii 1 7 95160 ldAarwgniesuesinanesd 2 7
90.93% lﬁmmmgﬂﬁawmﬁwmamﬁ 3 71 86.74% iﬁﬁﬂmqmgﬂﬁawmﬁmamﬁ 4 7

88.06% A mgniameinnansil 5 7 88.86%

2.9.2 Towards sEMG Classification Based on Bayesian and k-NN to Control
a Prosthetic Hand

Towards sEMG Classification Based on Bayesian and k-NN to Control a Prosthetic

aw o o o 12 r-'i at Jll
Hand [9] Wuswidefidiauenisaingudnvasvesdoyaniudyaralninndwiilelayld

walladgn15Imsgdianizdiutiaian (Sliding Time-Window) srufuaafsdiideass

(Root Mean Square : RMS) A1A11ukU3Us7u (Variance : VAR) LLasmmmwmgUﬂﬁ‘u

a

9 A w Y & & -
(Waveform Length : WL) teyandudgyyialviindruidenldluaiuidedfisiuau 4

| ) al 9 o & | o ad
Y3y (Channel) unmﬁwagamu updudyyindninaingunsaliidedn NI USB-

6009 ﬁas&aﬁlﬁ‘uﬁ Sampling rate 71 1000 185n (H,) Taed
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1 A ‘i’ . .
loyaludesdyq i 1 9nnatuiile Flexor Pollicis Longus

Y]

iy
| @ = v & i G i
a;ga’lwnaa UaaUn 2 nNaNLUe Flexor Digitorum Superficialis
oy

2e

e

; - & : . .
az&a’lu%d QN 3 NnaTLLe Flexor Carpi Radial and Ulnaris

=13

| =i v & g 3 ;
az\ga'[u’um N 4 MNNAUIUB Extensor Carpi radial and Ulnaris

a a [ -l i - a ¢ ol & A \
IWUW\?WUT‘US ﬁﬂa’nuumgm.‘lwma A f'l"lﬁ'lLFl‘i']x‘VIﬂqiLﬂﬂGUIW?mﬂQUQNB 15 EULL‘U‘U LUU

] | = s = d =l ﬂlll = E:/ A 1a U
ATSHBUAANY mimﬁaulmmmmm 5 47 lnoipdeulmfiavia flay 2 dafiedAniy n1swu

Y
Jalngintiadmivsieasnaindisi nsiie n1sauves nistuiln Wudu

v
o = o

vieil lunsvaaesszyhmstiameitoyalngTidoudifunn 9 5 Jund Tnefisnsanis
dewdnil 50% vestoyareunti wasnndoyaihinniinsziasinisataaudnuasdeye
fheAnadsindsens AmuulsusmitasmisemvessUady dufuiunsunmsduuntoya
1614 10-fold cross-validation Saufufs1uunwuUIUS (Bayesian Classifier) wastunewds
woutilndan & M (-NN) Fssanissaaunitlath suisesenanldsenuihsuunuuy

v = Y aal Al v Y v g v v
wilinanmgneiasi 88% tumeudiieutwindam k dalvinanmugndiei 95%
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3.1 Yunaumsinisudaya

Toyanlilunuidull gidulalddeyasrngrudeyaseulall UCI Machine Learning
< v o
Repository [10] Tngyndayaiildfagndeyandudyanaliiinduais [11) Fadaifudoya

U

w ) 4 o & i
vaginstadoulmileieduing Tnefidnuasvimianisadulvisdu 6 suuuu léur n1s

v [ | o A

UINgMsINa (Spherical) M3uInguuIaLan (Tip) A159UTRYNUN (Lateral) N153UIRQ
dd o e/ W L
n3anseuan (Cylindrical) Mmsdudngniiuminuin (Hook or Snap) warn1s3uinglagiuing

1 9 9

-

W1veaLea (Palmar) mmsmmm‘lﬂmgﬂw 31

PALMAR

o - & v
JUT 3.1 maadeulmmiugiuvesnisiulu 6 Uwuy

e?'w%’umﬁml,asLﬁuﬁuﬁﬂﬁaa&aé{'ﬂgmgmlwﬁ'méﬁmﬁ'aﬁguww Sampling rate 7 500
1830 (Hy) Fafunistalaonislddalufiuuuitdudausinund uiiiodiu Flexor Capri
Ulnaris, Extensor Capri Radialis Longus, 8 Extensor Capri Radialis Brevis Aifisuqu 2
Yoy Tnoyadoyaiignifvaneranasnsiomn 5 au uvadudue 2 auuasdndgs 3

v o 2/ - B | 1 I

au Bsluurasguuuunisindeulmuesdiotu giriunimaaeuadesivicnamng q vinay

U
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& i v = - a v & w =
30 A3 lnglunsasaseasiissuznailunisindeulns 6 Uil (sec) danudayailalunis
A 5 o @ 2/ Id ot a
wdeulmifle 1 asweidnuiunudnvuzesdoyasyi 3,000 Audnumy (500 1§35 x 6
i) fio 1 Yoednyeuoy

as

[y o v A v v w i O Ao
ﬂﬂl&aﬂauﬂmmﬂmlwﬂ’lﬂaﬂuLua‘UﬂdF&L‘ﬂﬂ‘i‘Uﬂﬁ‘wmaENLLmasﬂ‘uuu HITUTU

1 a

do3d e
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dosdgyaan 1 ludnvarnisneviedeyaliidudeyaideadu dezvilvladeyaluind

a

1 L

1 s A o ot v
2 voedeyayroy Inedoyaludesdygiam 2 sxgnihansiuiudeyalu

= Bl

2
u L

° o | él & Ao Ja al
Snnunudnuzianue 6,000 audnvarsemaadeulmiely 1 At Taeisideduiies

9

2/ = I 3 s A
nansuaveyaLuuUnAvintu duanddugun 3.2

2/

' a =] ' ) =
ﬂ%ﬁﬂ'mﬂaﬂﬁfgmw'lmﬂ 1 BUAITNYDIGEY EYEUN 2

o -7

Jayauud (Input)
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=Y v cll
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90 86.66 91.11 88.33 86.11 | 93.33
100 87.77 89.44 87.77 81.66 93.33
110 86.66 92.22 82.77 81.66 92.77
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6000 AMFNYME 20 AudnwuE 30 AANYNE
P.(%) | R%) | F.(%) | P.(%) | R.(%) | F.(%) | P.(%) | R(%) | F.(%)
Cylindrical | 100 a6.7 63.6 931 90.0 91.5 90.0 90.0 90.0
Hook 89.3 83.3 86.2 85.3 96.7 90.6 84.8 93.3 88.9
Naive Lateral 100 60.0 75.0 i 73.3 81.5 923 80.0 85.7
Bayes Palm 71.8 76.7 4.2 79.4 90.0 84.4 81.8 90.0 85.7
Spherical | 583 | 933 | 718 [-96.4-| 90.0 | 931 | 964 | 900 | 931
Tip 70.0 933 80.0 87.1 90.0 88.5 90.0 90.0 90.0
Cylindrical | 0.0 0.0 0.0 90.3 B3 91.8 87.5 933 90.3
Hook 0.0 0.0 0.0 96.7 96.7 96.7 93.5 96.7 95.1
Lateral 16.6 96.7 28.3 96.7 96.7 96.7 96.7 96.7 96.7
“T Palm 0.0 0.0 0.0 93.1 90.0 91.5 83,1 90.0 91.5
Spherical 0.0 0.0 0.0 96.6 933 94.9 96.3 86.7 91.2
Tip 0.0 0.0 0.0 €3.3 96.7 9g' L 2.5 96.7 95.1
Cylindrical | 24.1 255 250 90.0 790.0 90.0 87.5 933 90.3
Hook 86.2 | 833 | 847 | 96.7| 967 | 967 | 935 | 967 | 951
Lateral 833 {167 |-27.8 [-92.6| 833 | 87.7,[°923 | 800 | 857
er Palm 542 70.0 59.2 171 90.0 83.1 84.4 90.0 87.1
Spherical 50.9 3.3 65.9 90.3 93.3 91.8 100 90.0 94.7
Tip 45.0 30.0 36.0 92.6 83.3 81.7 87.5 933 90.3
Cylindrical | 28.6 333 30.8 86.7 86.7 86.7 82.8 80.0 | 814
Hook 56.3 30.0 39.1 833 833 833 84.8 953 88.9
Lateral 34.4 36.7 oo o] 80.0 80.0 80.0 82.1 76.7 79.3
S Palm 18.5 16.7 17.5 83.3 83.3 83.3 84.4 90.0 87.1
Spherical 34.5 333 33.9 87.1 90.0 88.5 89.7 86.7 88.1
Tip 220 30.0 25.4 93.1 90.0 91.5 86.2 83.3 84.7
Cylindrical | 30.9 100 47.2 90.3 933 91.8 90.3 93.3 91.8
Hook 0.0 0.0 0.0 93.5 96.7 95:1 96.7 96.7 96.7
Lateral 65.6 70.0 61.7 96.7 96.7 96.7 96.7 96.7 96.7
e Palm 75.0 60.0 66.7 933 $3.3 933 96.4 90.0 93.1
Spherical 0.0 0.0 0.0 100 93.3 96.6 96.6 83.3 94.9
Tip 70.4 633 66.7 96.7 96.7 96.7 93.8 100 96.8

P.=Precision. R.=Recall. F.=F-Measure
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AMANBMY | ACC.(%) | ACC.(%) ACC.(%) ACC.(%) ACC.(%)
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U NaiveBayes k-NN RBF C4.5 SMO
AuANWAT | ACC. (%) | ACC. (%) | ACC.(%) | ACC.(%) | ACC. (%)
10 #lald 93.88 90.55 38.88 98.33
20 gl.10 o TT 90.00 83.88 91017
30 P14t Q2. YY 93.33 89.44 96.66
40 91.66 92.22 9335 90.00 96.11
50 92.22 L ¥7 Q3935 93.88 96.66
60 Ve (; 91.66 91.11 91.11 96.66
70 91.66 922 91.66 Al.l& 95.00
80 2lill 91.66 90.55 91.11 95.55
90 91.66 92.22 al.1% P81 9201
100 90.00 R gAl1l 90.55 91.66
110 : 90.00 88.33 87.22 89.44 91.66
ACC. = Accuracy.
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6000 AMANYY 50 AuaNYMY 30 AuENYME

P.(%) | R.(%) | F.(%) | P.(%) | R.(%) | F.(%) | P.(%)} | R.(%) | F.(%)

Cylindrical | 67.6 83.3 74.6 90.9 100 95.2 88.2 100 938

Hook 74.2 76.7 754 100 100 100 100 100 100

Naive Lateral 100 70.0 82.4 87.9 96.7 921 87.5 933 90.3
Bayes Palm 65.2 50.0 56.6 87.5 I 90.3 90.0 90.0 90.0
Spherical 69.8 100 82.2 100 100 100 100 100 100

Tip 84.0 70.0 76.4 86.4 63.3 731 792 63.3 704

Cylindrical | 0.0 0.0 0.0 93.8 100 96.8 93.8 100 96.8

Hook 0.0 0.0 0.0 100 100 100 100 100 100

Lateral 16.7 100 28.6 90.6 96.7 U8 .5 93% 96.7 a5:1

T Palm 0.0 0.0 0.0 87.1 90.0 88.5 84.4 90.0 87.1
Spherical 0.0 0.0 0.0 100 100 100 100 100 100

Tip 0.0 0.0 0.0 84.0 70.0 76.4 84.0 700 | 764

Cylindrical | 46.9 50.0 48.4 90.9 100 95.2 90.9 100 95.2

Hook 5. 8 46.7 57.1 100 100 100 100 100 100

Lateral 100 36.7 537 85.7 100 923 85.7 100 923

er Palm 36.7 36.7 36.7 93.3 93 936 933 100 933
Spherical 46.2 100 63.2 100 100 100 100 100 100

Tip 60.9 46.7 52.8 90.9 66.7 76.9 90.9 66.7 76.9

Cylindrical | 21.4 30.0 25,0 90.9 100 96.2 96.6 93.3 94.9

Hook 30.3 e 31g 96.6 929 94.9 90.3 93:3 91.8

Lateral 40.0 a6.7 431 93.5 96.7 95:1 96.4 90.0 93.1

4 Palm 17.9 16.7 17.2 90.6 96.7 93.5 75.0 80.0 81.8
Spherical 46.2 20.0 27.9 96.7 96.7 96.7 96.6 933 94.9

Tip a1.4 40.0 a0.7 96.0 80.0 87.3 85.2 76.7 | 80.7

Cylindrical | 0.0 0.0 0.0 90.9 100 95.2 93.8 100 96.8

Hook 30.6 50.0 38.0 100 100 100 100 100 100

Lateral 92.3 80.0 857 96.8 100 98.4 96.8 100 98.4

e Palm 26.3 70.0 38.2 93.8 100 96.8 93.5 96.7 95.1
Spherical 0.0 0.0 0.0 100 100 100 100 100 100

Tip 56.0 46.7 50.9 100 80.0 88.9 96.2 833 89.3

P.=Precision. R.=Recall. F.=F-Measure
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V2M-SVD TunouAsnmssuundaya
91U NaiveBayes k-NN RBF ca.5 SMO
AMAN®ME | ACC. (%) | ACC. (%) | ACC. (%) | ACC.(%) | ACC. (%)
10 87.77 93.33 94.44 84.44 89.44
20 87.77 93.88 94.44 93.33 95.00
30 88.33 95.55 95.55 90.00 95.55
40 87.22 92.22 93.33 93.88 93.33
50 87.77 95.00 91.66 90.00 96.66
60 85.55 93.88 87.22 95.00 92.77
70 87.22 92.22 91.66 94.44 94.44
80 85.55 90.55 87.77 94.44 93.88
90 86.66 91.11 87.22 94.44 96.11
100 85.00 88.88 87.22 92.22 92.22
110 85.55 87.77 87.77 92.77 90.00
ACC. = Accuracy.

ACCURACY. (%)
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uazdeyafiatnaudnuarseisnisulanmefiunmindsufudgaiiugineninddu
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Joyanaeanainauanyuy
Joyaneuannnuanyuz feimswasannesiluumindsauiu
Bnsduundeya AANE Baparfuaginoulndiu
6000 AuANYUE 30 AudnwUY 20 AuANYLE

P.(%) | R.(%) | F.(%) | P.{%) | R.(%) | F.(%) | P.(%) | R.(%) | F.(%)

Cylindrical | 955 | 933 | 889 | 87.1 | 900 | 885 | 87.1 | 900 | 885

Hook 829 | 967 | 89.2 | 100 | 967 | 983 | 100 | 933 | 96.6

Naive Lateral 471 | 267 | 340 | 840 | 700 | 764 | 815 | 733 | 772

Bayes Palm 74.1 66.7 70.2 89.3 833 86.2 823 80.0 857

Spherical 85.7 80.0 82.8 90.9 100 95:2 88.2 100 93.8

Tip 55.0 73.3 62.9 794 90.0 84.4 79.4 90.0 84.4

Cylindrical | 00| 00| 00 | 906 | 967 | 935 | 935 | 967 | 95.1

Hook 00-{ 00 | 00 | 100-{-100-| 100 100 | 1200 | 100

Lateral 327 | 533 | 405 | 964 | 900 931 | 867 | 867 | 867

N Palm 00| 00 | 00 | 964-1-900 | 931 | 963 | 867 | 91.2

Spherical- | 00 [ 100 [ 00/ | 100 | 967 | 983 | 100 | 100 | 100

Tip 19.1 83.3 51,1 90.9 100 95.2 87.5 933 90.3

Cylindrical | 42.2 || 633 | 507 | ‘100 | 967 | 983 | 100 | 967 | 983

Hook 933/ | 983 | 933 [ ‘100 [100 ] 100,| 968 | 100 | 984

Lateral 64.3 300 40.9 829 96.7 89.2 95.8 76.7 85.2

\ Palm 26.7 26.7 26.7 96.7 96.7 96.7 96.7 96.7 96.7

Spherical 69.8 100 82.2 100 100 100 100 100 100

Tip 83.3 50,0 62.5 96.2 833 89.3 96.2 83.3 89.3

Cylindrical | 21.4. | '30.0. | 250 | 86.2"| 833 | 847 | 875 | 933 | 903

Hook 500 400 | 444 |-882 | 100 | 938 | 968 | 100 | 984

Lateral 355 | 367 | 361 | 867 | 867 8.7 | 100 | 833 | 909

o Palm 200 | 167°| 182 | 9631 867 | 912 | 89.3 | 833 | 86.2

Spherical | 500|433 | 464 |-100 | 967 | 983 | 100 | 100 | 100

Tip 406 | 433 | 419 | 839 | 867 | 852 | 8.2 | 100 | 938

Cylindrical | 33.9 66.7 449 100 96.7 98.3 100 96.7 98.3

Hook 38.5 50.0 43.5 100 100 100 100 100 100

Lateral 75.0 80.0 7.4 87.9 96.7 92.1 89.3 83.3 86.2

oMo Palm 80.0 40.0 53.3 96.7 96.7 96.7 96.7 96.7 96.7

Spherical | 00 | 00 | 00 | 100 | 9.7 | 983 | 100 | 100 | 100

Tip 714 | 833 | 769 | 929 | 8.7 | 89.7 | 848 | 933 | 889

P.=Precision. R.=Recall. F.=F-Measure
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UM | NaiveBayes C4.5 k-NN RBF SMO
AuaNERY | ACC(%) | ACC.(%) ACC.(%) ACC.(%) ACC.(%)

20 49.44 29.44 33.89 43.33 41.11

40 56.67 32.78 28.89 50.00 47.78

60 63.33 35.56 26.67 54.44 55.56

80 61.11 32.78 26.67 54.44 48.89

100 63.33 32.78 2333 57.22 51.67
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91U NaiveBayes k-NN RBF C4.5 SMO
@mé’nwm: ACC. (%) ACC. (%) ACC. (%) ACC. (%) ACC. (%)
6000 73.88 20.00 2% <) Mkt 50.55

ACC. = Accuracy.
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V2M-SVD Junauismssuundoya
U NaiveBayes k-NN RBF ca.5 SMO
AMANEME | ACC. (%) | ACC. (%) | ACC. (%) | ACC.(%) | ACC. (%)
10 90.00 93.33 96.11 81.11 96.66
20 91.11 97.22 96.66 86.66 96.11
30 90.55 96.11 96.66 84.44 97.77
40 92.77 96.11 95.00 85.00 96.66
50 91.66 96.11 96.66 89.44 98.88
60 92.22 95.55 95.55 86.66 95.55
70 91.11 96.66 94.44 90.00 98.33
80 92.22 96.11 94.44 91.11 96.11
90 91.11 94.44 90.55 83.33 96.66
100 93.33 93.33 93.33 85.00 96.66
110 91.66 96.11 92.22 86.66 94.44
ACC. = Accuracy.
# NaiveBayes ®k-NN ®RBF mC4.5 ®mSMO
__ 100 .
* 9 W
10 110 6000
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= W v a = o v a a
A13797 4.18 man1sinAmAEgNABadIEnveINTTIuLNYeyaTHuN SIS deyaLUUUNR
wardeyafatnnadnvarimeBnsulawinmesluumindruiudgaiiwginesinddu

a £ L% A
NUUDHBHVINABIN 4

foyavdeanaranuanuns
Joyanauainguanwmy dreABnsulasannefiluumindiauiv
Wostwundaya | eand Fapansuaginoulnddy
6000 ALANWME 50 AudnwME 70 AANYNE

P.(%) | R.(%) | F.(%) | P.(%) | R.(%) | F.(%) | P.(%) | R.(%) | F.(%)

Cylindrical | 703 | 867 | 776 | 100 | 967 | 983 | 100 | 1200 | 100

Hook 906 | 967 | 935 | 968 | 100 | 984 | 100 | 1200 | 100

Naive Lateral 543 | 633 | 585 | 848 | 933 | 889 | 833 | 833 | 833
Bayes Palm 842 | 533 | 653 | 862 | 833 | 847 | 867 | 867 | 867
Spherical | 788 | 867 | 825 935 | 967 | 951 | 968 | 100 | 984

Tip 708 | 567, | 630 | 889 | 80| 842 | 793 | 767 | 780

Cylindrical | 00 |- 00 [ 00 | -fo0o-| 100 w100 | 100 | 100 | 100

Hook 00, | /00| 06 | 100 {100 | 100, | 100 | 100 | 100

Lateral 5000 {1 33 63 | 933 | 933 | 933 | 967 | 967 | 967

. Palm 195 | 967 | 324 | 929 |-867 | 897 | 963 | 87 | 912
Spherical ' || 0.0 | 00 | 00 | 100 | 100 | ‘100..| 1200 | 100 | 100

Tip 207 [ 200 | 203 | 906" | 967 [-935 | 879 | 967 | 921

Cylindrical | 00" .| 00 00 | 100 |- 100 | 100 | 100 | 100 | 100

Hook 750 | 100/ | 857 | 100" | 100 f 100 | 1200 | 100 | 100

Lateral 250 |67 | 105 | 100 |{-933 {936 | 964 | 900 | 931

T Palm 636 | 1233 | 341 | 875 | 933 |903 | 833 | 833 | 833
Spherical | |.220 | 6.7 ‘| 331 100|100 /| 100 | 100 | 100 | 100

Tip 47.4 | 300 | 367/ 933 | 1933 | 933 | 875 | 933 | 903

Cylindrical | 346 | 300 | 321 | 933 | 933 | 933 | 100 | 967 | 983

Hook 667 | 400 | 500 [ 938 | 100 | 968 | 100 | 100 | 100

Lateral 2007|233 |, 215|926 | 833 |cgn7/| B28 | 80O | 814

e Palm 400 | 467 431 | 833 | 833-| 833 857 | B0O | 828
Spherical | “27.8-,| 333 | 303 | 1000 | ‘1004 100 | 909 | 100 | 95.2

Tip 267 | 267 | 267" | 742 47767 | 754 | 806 | 833 | 820

Cylindrical | 316100 | 480 [.100 | 1200 | 100 | 1200 | 100 | 100

Hook 00 | 00 | 00 | 100 | 100 | 100 | 100 | 100 | 100

Lateral 727 | 80 | 762 | 968 | 100 | 984 | 100 | 100 | 100

s Palm 767 | 767 | 767 | 967 | 967 | 967 | 966 | 933 | 949
Spherical 0.0 0.0 0.0 100 100 100 100 100 100

Tip 636 | 467 | 538 | 100 | 967 | 983 | 935 | 967 | 951

P.=Precision. R.=Recall. F.=F-Measure
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ATA2UGNABIEEAT 96.67% fedaneiiiueaidule duTunadwivesnisduundeya
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Wara15197 4.20 uenandausagsuianinadniiuTouiisunisatanuanyuruazns

Iuunlaagun 4.8

= YA o » v = W ) v aa a ¢ a W
M1979% 4.19 Naﬁ‘Wﬁﬂqi"ﬂﬁlLLut’]‘U@i&ac&Wﬂa@qw 4 WﬂﬂﬂﬂmﬁﬂﬂmxﬂqEJ'Jﬁﬂ'ﬁ')Lﬂ'iTZViL‘UQLﬂu

uuURanINLULYiasYasd a1

37U9U | NaiveBayes C4.5 k-NN RBF SMO
AMaNBNE | ACC.(%) | ACC.(%) ACC.(%) ACC.(%) ACC.(%)

20 33.89 30.56 36.11 32.22 42.22

40 40.00 32.22 33.89 37.22 42.78

60 47.78 30.00 27.78 37.78 44.44

80 47.78 28.89 26.11 45.56 51.67

100 51.67 27.22 24.44 41.11 51.11

P v & o L7 & P W a £ aal L
M15719% 4.20 NﬁﬁWﬁﬂTﬁf\ﬂLLUﬂﬂﬁﬂﬂlﬁﬂWﬂa@\?ﬂ 4 ‘VlﬂﬂﬂF‘]maﬂ‘lﬁmﬁﬂﬂﬂﬂﬁﬂqiLLUﬁQL'JﬂLﬁ]@’iLUu

wvsnduiudananiuiganeulnaddy

47U | NaiveBayes C4.5 k-NN RBF SMO
AMANENE | ACC.(%) | ACC.(%) ACC.(%) ACC.(%) ACC.(%)
20 84.44 86.67 95.56 88.89 96.67
40 86.67 87.78 92.22 95.56 96.67
60 85.56 87.78 93.33 92.22 94.44
80 85.56 86.67 92.22 94.44 96.67
100 86.67 82.22 94.44 95.56 95.56
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4.2.5.1 waawsn1sIuunvasdayanunRaTeNdayawuuUni

o’ o 1 v/ A d 1 £ -
NﬁﬁWﬁrﬂﬂiﬁ]’lLLuﬂﬂ’Iﬂ'J']Nf_]ﬂﬁ@x‘lﬁﬂ\?‘l’fﬂuﬁﬁ‘ﬂﬂﬁ'ﬂﬂ% 5 %NWHHW‘SLV‘I%UN‘U@&J‘JﬂLLUUUﬂW
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fifeelyil GuannsTuundeayamedunauituuuivgedadigladiniugnaes 61.66%
n1stuundeyasetunewisiieutnilndgn k fldriminugneaes 33.88% nisduunteya
mgduneuitlasieyssamiisusifeaivdafendulariniiugnies 58.33% n1sdauun
JoyasgtunauisTinwesdlwildrmiugneies 33.33% uarn1sdnuundeyasriedaneiii
d v v ] v o v 1 aal v
wadulalArimnugnies 43.33% Armugnsssveamsduundeyaunasisanansouandls
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U

wuuUnRveEaaea 5

Tupauisnissuundeya
U NaiveBayes k-NN RBF c4.5 SMO
AMANWY | ACC. (%) | ACC. (%) | ACC.(%) | ACC.(%) | ACC. (%)
6000 61.66 33.88 58.33 84 33 43.33

ACC. = Accuracy.
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v Y o a Y

ﬂi L 1 1/ ol o -
N199N 4.22 Nﬁﬂ']'i’}ﬂﬂ']ﬂ’]'TSJQﬂﬂ@\‘]‘ﬂ‘ﬂd'}ﬁﬂﬁﬁ]%lﬂﬂ‘?‘j’é}l}vﬂ 5 "JﬁﬂU‘U%lJaﬂﬂﬂﬂﬂﬂJ Ny

174 v

v aa < a €1 v oa = s w <
mimsudasneedfidumindiuiudgasuigineulndduiuteyadvaae 5

V2M-SVD 'fl"uﬂau%%'n'mi"m.un'il’aga
97U NaiveBayes k-NN RBF c4.5 SMO

AMANWME | ACC. (%) | ACC. (%) | ACC. (%) | ACC.(%) | ACC. (%)
10 86.11 88.88 87.22 81.66 96.66
20 88.88 89.44 90.55 91.11 97.22
30 90.00 88.33 93.33 91.66 98.33
40 87.77 88.88 91.11 93.33 98.88
50 88.33 87.22 93.88 93.33 100
60 87.77 87.22 92.22 90.55 97.77
70 89.44 87.22 93.88 90.00 98.88
80 85.55 86.11 88.88 90.00 99.44
90 87.22 86.11 91.11 90.55 98.88
100 8500 |+ 8611 | 8666 91.66 98.33
110 85.55 87.77 88.88 85.55 97.77

ACC. = Accuracy.

NaiveBayes BK-NN- # RBF ®C4.5 ®mSMO
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wuuunfuardeyaiatnaadnuarmedinulamnmeiiduarEndsuiudnaiiuigd
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fA191940 4.23 Nﬁﬂ’ﬁ’](5]ﬂ']ﬂ’]'mq}ﬂ‘ﬁ@%‘mﬁﬂ‘ﬂ@ﬁﬂ'ﬁﬂ”!LkUﬂ‘UﬂﬁﬁﬂWN’]Uﬂ'}‘iLmiﬂﬂJﬂ@y’aLL‘U‘U'UﬂF"I

v a o [y Y aa a 1 v oa a
wardeyafiainnuanvazieiinisuaianwesiduurindiuiulariugineuinddu

YR, w o
ﬂU‘U@J&aB&Wﬂa@QW 5

doyanfsananafuanyuy
doyareuainnudinun daedEnmsuvananmasiduumindsauiu
Wnsiwundoya AANE Faganiwgireulndiu
6000 AUANYIY 50 AuANYME 40 AUANYUY

P.(%) | R.(%) | F.{%) | P.(%) | R(%) | F.(%) | P.(%) | R.(%) | F.(%)

Cylindrical | 60.0 20.0 30.0 100 433 60.5 87.5 a6.7 60.9

Hook 40.0 60.0 48.0 638 100 77.9 65.1 933 76.7

Naive Lateral 46.5 66.7 54.8 100 96.7 98.3 100 96.7 98.3
Bayes Palm 81.8 90.0 85.7 90.9 100 95:2 90.9 100 95.2
Spherical 16.9 100 87.0 §6.8 100 98.4 93.8 100 96.8

Tip 100 g3 50.0 100 90.0 94.7 100 90.0 94.7

Cylindrical 0.0 0.0 0.0 714 66.7 69.0 80.0 66.7 127

Hook 100 10 18.2 68.8 43 71.0 71.4 833 76.9

Lateral 62.9 #3755 67.7 935 96.7 85,1 8.5 96.7 95.1

sl Palm 55.6 16.7 25.6 90.6 96.7 83.5 90.6 96.7 935
Spherical 100 33 6.5 100 100 100 100 100 100

Tip ALT 100 30.7 100 90.0 94.7 100 90.0 94.7

Cylindrical | 38.6 56.7 45.9 92.6 8373 871 90.9 66.7 76.9

Hook 58.6 56.7 57.6 87.5 933 90.3 718 9353 81.2

Lateral 433 433 43.3 93.5 96.7 2kl 96.7 96.7 96.7

i | Palm 81.8 60.0 69.2 93.8 100 96.8 93.8 100 96.8
Spherical 66.7 100 80.0 96.8 100 98.4 100 100 100

Tip 100 5% ] 50.0 100 90.0 94.7 100 90.0 94.7

Cylindrical | 28.0 23.3 25.5 933 933 933 £3.5 933 93.3

Hook 176200 | 188 [-926 | 833} 817/ 926 | 833 | 877

Lateral 31.0 433 36.1 96.7 96.7 96.7 96.7 96.7 96.7

e Palm 34.5 333 335 83.3 100 90.9 83.3 100 90.0
Spherical 40.0 26.7 320 100 93.3 96.6 100 933 96.6

Tip 533 533 533 96.6 93.3 94.9 96.6 93.2 94.9

Cylindrical | 22.1 50.0 30.6 100 100 100 100 96.7 98.3

Hook 62.5 333 43.5 100 100 100 96.8 100 98.4

Lateral 913 70.0 79.2 100 100 100 100 96.7 98.3

AR Palm 268 50.0 34.9 100 100 100 96.8 100 98.4
Spherical 0.0 0.0 0.0 100 100 100 100 100 100

Tip 100 56.7 723 100 100 100 100 100 100

P.=Precision. R.=Recall. F.=F-Measure
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nsaffagudnuuzieiulamnnesiuuvindsusudganiugieeuindduly Tussdu
Feafufie Swugadnunsd 20 Iriaugniosgegaiis 92.22% feduneusalumend
Wi uazdunounssuunilliraugniesdgafe tunsudtiieutulndan k fléen
mgndaingeil 76.67% dmiunadnsueinisuundeyasywinanisafinnadnuasiog
WA RgaduL LRI TLLYILEY AT TN a1sWaR Ao ulnATua L T kAR A1
7l 4.2 uagms197 4.25 uennifaunsngjuuanmaswiUIsUTsUnsatnnudnuLLaY
n1sduunladesui 4.10

e [T ° v v o A w W v aa a ¢ a
A19749N 4.24 NaﬁWﬁﬂqi'ﬂ"lLL‘L‘.ﬂ“UE]HaEJjVI@ﬁENV] 5 “ﬂaﬂﬂﬂ‘maﬂl‘}ﬂéﬁﬂ?ﬂ']ﬁﬂqi?kﬂ'ﬁqgﬁlﬁ\“ﬁu

WUUREASILUUIIAE YO a0

974U | NaiveBayes C4.5 k-NN RBF SMO
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Abstract— Surface Electromyography (sEMG) signal analysis is a
challenging task in neuroscience. The signal is associated with an
activity of muscles in Human body. It is a part of how human can
control the robotic arm for helping people with disabilities. In
this paper, we propose a new method based on Singular Value
Decomposition (SVD) and SMO algorithm for classifying sSEMG
signals into six basic hand movements. By this proposed method,
SVD is adopted for feature extraction and SMO classifier is used
for classifying sEMG signals into six classes of basic hand
movements in five subjects. In preliminary experiment, we
investigates the number of features that can yield the best
performance in the classification and it is found that the optimal
number of features is 50. For performance evaluation, five
classifiers including Decision Tree, K-nearest neighbor, Naive
Bayes, RBF, and SMO, with 10 fold cross-validation technique
are adopted. The experimental results have shown that SMO
algorithm with V2M-SVD feature extraction can achieve the best
performance for the classification of basic hand movements,

Keywords: Feature Extraction, Classification, sSEMG, V2M,
SVD, SMO.

L. INTRODUCTION

In medical science, brain, nerve, and muscle tissues are
more sensitive to stimuli. When the tissues are stimulated by
the stimuli, they will generate electrical signals and transmit
them. Therefore, measurement and analysis of the electrical
signals are beneficial to several kinds of medical treatment and
diagnosis. The electrical signals of our body are as follows.
Electrooculogram (EOG) is the electric signals originating in
the eye, Electrocardiogram (ECG or EKG) is the electrical
activity of heart, Electroencephalogram (EEG) is the electrical
activity of brain, and Electromyography (EMG) is the
electrical activity of muscle.

Since we are interested in the classification of basic
movements which is associated with the activity of muscle,
EMG signal is focused on this experiment. For related work,
Gaoxiang Ouyang [1] presented an adaptive neuro-fuzzy
inference system (ANFIS) model for classification 4 hand
actions. The model yielded 99.1% of accuracy. Then, Fuzzy
Gaussian Mixture Models (FGMMs) were proposed by
Zhaojie Ju [2]. The model, which adopts multifeature
combining Willison Amplitude and Determinism, has

978-1-4673-7863-5/15/$31.00 ©2015 IEEE

46

Saichon Jaiyen
Department of Computer Science, Faculty of Science,
King Mongkut's Institute of Technology Ladkrabang,
Thailand
kjsaicho@kmitl.ac.th

classification accuracy of 10 hand motions at 96.7%. Afarin
Nazemi [3] presented windowing method and Multi-Layer
Perceptron (MLP) classifiers using different combinations of
features in classification 52 movements of wrist, hand and
finger, and the model got accuracy rate of 96.34%.

In addition, Richard M. G. Tello [4] proposed bayesian and
k-NN for sEMG classification of 15 classes with 94%-95% of
accuracy. Sapsanis [5] presented machine learning method for
classification the EMG signal. They used Empirical Mode
Decomposition (EMD) into Intrinsic Mode Functions (IMFs)
in their data set and subsequently used a feature extraction to
select 40 features. The method gained an average of accuracy
at 89.21%. Li Zhang [6] offered Noise Reduction of sSEMG by
SVD based on Neural Network. Besides, Nayan M. Kakoty
[7] proposed radial basis function (RBF) based on SVM model
for classification 6 hand movements of sEMG signals with
97.5% of average recognition rate. M. Khezril [8] used
wavelet thresholding technique for classifying 3 hand
movements and the technique gained an average accuracy at
94%.

I1.

A. sEMG Data set

This research uses sSEMG signal data set [9] of basic hand
movements from UCI Repository of Machine Learning
Databases. The signals were collected at sampling rate of 500
Hz. That was band-pass filtered using a Butterworth Band
Pass filter with low and high cutoff at 15Hz and 500Hz
respectively and a notch filter at 50Hz to eliminate line
interference artifacts. The subjects were asked to perform
repeatedly the following six movements, which can be
considered as daily hand grasps as follows.

PROPOSED METHOD

a) Spherical: for holding spherical tools

b) Tip: for holding small tools

¢) Palmar: for grasping with palm facing the object
d) Lateral: for holding thin, flat objects

e) Cylindrical: for holding cylindrical tools



f) Hook: for supporting a heavy load

PALMAR

Fig 1. The 6 activities of hand movements.

B. Vector to Martrix (V2M) Transformation

In this paper, we proposed the feature extraction method to
reduce redundant features in SEMG signals using SVD. To
apply SVD to perform feature extraction, the data must be in
the form of matrix. Therefore, sSEMG signals must be
transformed to matrix form. Firstly, each sEMG signal is
transformed to a vector. Secondly, each vector is reshaped to
matrix with #» columns where » is the positive integer. In other
word, each row in the matrix contains » elements cut from the
vector. If the number of elements in the last row is less than n,
the remaining elements is set to 0.

C. Singular value decomposition (SVD)

The singular value decomposition of a rectangular matrix
A is the factorization of A into the product of three matrices
which are an orthogonal matrix U, a diagonal matrix S, and the
transpose of an orthogonal matrix . The singular value
decomposition of the rectangular matrix A4 with m rows and »n
columns can be written as
(1)

= T
Amxn = Umxmsmxn ann

where UTU = and VTV = I.

D. Data Perprocessing

sEMG data set used in the experiments contains signals of 2
channels with 5 subjects. Firstly, the raw sEMG data set were
preprocessed by concatenating the signal from the first channel
and the second channel to generate a single input vector as
shown in Fig 2.

Wl 00 ) 000

T
00
Feature | samping )

Fig 2. The concatenated signal of first and second channels.
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In this paper, we propose the feature extraction method
called '2M-SVD feature extraction which is used for reducing
the redundant features in SEMG signals as shown in Fig 3.
Firstly, each signal from the first channel (Chl) is
preprocessed by using SVD and each signal from the second
channel (2) is also preprocessed the same way. Finally, the
diagonal elements from SVD of first and second channels are
concatenated together to form input vectors.

Raw data VM SVD
ofChl [P (Chl) [P (Chl)
V2M-SVD
Raw data > V2M N SVD Ch1+Ch2
of Ch2 (Ch2) (Ch2)

Fig 3. V2M-SVD feature extraction.

E. SMO algorithm

In this paper, we adopt SMO algorithm [10] for training
support vector machines in order to classify sEMG signals into
6 classes of basic hand movements in five subjects. The
performance of SMO algorithm is evaluated and compared to
4 classifiers including Decision Tree, K-nearest neighbor,
Naive Bayes, and Radial Basis Function Network.

I11.

A. Confusion Matrix

A confusion matrix is a table that contains information
about actual and predicted classifications done by a classifier.
It is used to describe the performance of the classifier on a set
of testing data. The performance of the classifier is evaluated
using the information in this table. In this paper, the confusion
matrix is used to evaluate the performance of the proposed
method compared to 4 classifiers. The confusion matrix is
demonstrated in Fig 4.

CRITERIA USED FOR CLASSIFICATION EVALUATION

Predicted
class Class 1 Class 2
Actual class
¢ True Positive False Negative
Class 1 (TP) (FN)
False Positive True Negative
Class 2 (FP) (TN)

Fig. 4. The confusion matrix.

From the confusion matrix shown in Fig. 4. The true
positive (TP) is the number of data in testing set that are
classified as Class 1 and the answer is Class 1. The false
negative (FN) is the number of data in testing set that are
classified as Class 2but the answer is Class 1. The false
positive (FP) is the number of data in testing set that are



classified as Class 1 but the answer is Class 2. The true
negative (TN) is the number of data in testing set that are
classified as Class 2 and the answer is Class 2.

In the experiments, the values from the confusion matrix is
used for evaluating the performance of all classifiers. The
performance of all classifiers is evaluated by accuracy,
precision, recall, and F-measure described as follows.

B. Accuracy

Accuracy is a measure of the precision of classification
models. The accuracy can be calculated by using equation 2.

B TP + TN
TP + FP + FN + TN

ACC 2

C. Precision
Precision is a performance metric used to measure the
exactness. The precision can be computed by using equation 3.

Precision = ———;
TP + pP
D. Recall

Recall is a performance matric used to measure the
completeness. The recall can be calculated by using equation 4,

TE (4)

R gf
ecall s

E. F-measure

F-measure is a measurement that combines precision and
recall by using the harmonic mean of precision and recall. The
traditional F-measure or balanced F-score can be computed by
using equation 5.

(5)

Precision . Recall

F —measure =2 x
Precision + Recall

IV.  EXPERIMENT RESULTS AND DISCUSSION

A. Experimental Result

In this experiment, the performance of SMO classifier is
evaluated and compared to 4 classifiers including Decision
Tree (C4.5), k-Nearest Neighbor (KNN), Naive Bayes, and
Radial Basis Function Network (RBF). For SMO algorithm,
the kernel function is RBF kernel, the gamma values is set as
0.1, and the complexity parameter is set to 1000. For KNN, the
parameter £ is set to 3 and the distance function used to finding
the neighbors is Euclidean distance. For RBF, the minimum
standard deviation for the clusters is set to 10 for data without
preprocessing and 100 for data with feature extraction. All
classifiers used the settings parameters for the best results.

After classification with SMO, Figure 5 illustrates
accuracy values in different feature numbers obtained from
V2M-SVD feature extraction. From this figure, the maximum
accuracy (100%) of subject 5 is achieved when the numbers of
features are 40 and 50. While comparing the accuracy values
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in 40 and 50 features in subject 1 and subject 3, it is found that
the overall performance in 50 features is better than that of 40
features. Therefore, the number of features used in this
experiment is 50.

a8’

Accuracy

G Subjoct 1|
Subject 3
< - Subjeact §

60

30 35 40 45 50 55
Feature Extraction

Fig 5. The accuracy of different feature numbers after V2M-
SVD feature extraction on SMO classification.

15 20 28

B. Performance

Figure 6 demonstrates comparative results of raw data and
V2ZM-SVD data in 5 subjects after 10-fold cross-validations
and classifying with 5 different classifiers. From this figure,
when classified by Naive Bayes and RBF network, raw data
obtains over 60% of average accuracy in all subjects, and over
80% of average accuracy in subject 2. Besides, V2ZM-SVD
data with 50 features can achieve 85% of average accuracy in
all classifiers, and it can also reach the highest accuracy of
classification at 100% in subject 5 by SMO classifier.

The accuracy values obtained from these five classifiers in
all subjects are revealed in Table I. The results show that the
minimum accuracy (89.44%) is gained by RBF classifier in
subject 3, while the maximum accuracy (100%) is achieved by
SMO classifier in subject 5.

Additionally, Table IT shows the performance evaluation;
including precision, recall, and F-measure, of V2M-SVD
feature extraction after classifying by Decision Tree, K-
nearest neighbor, Naive Bayes, RBF, and SMO in 5 subjects
under 6 basic movements. For Decision Tree, it obtains 100%
of all measures, including precision, recall, and F-measures, in
tip class of subject 1 and in spherical class of subject 3, while
this classifier gains 92.67% of average accuracy. The K-
nearest neighbor technique can gain the maximum values of
all measures in cylindrical class of subject 4; in hook class of
subject 2 and 4; in spherical class of subject 2, 3, 4, and 3,
while it gains 94.78% of average accuracy. For Naive Bayes,
it obtains the maximum values of all measures in cylindrical
class of subject 4; in hook and spherical class of subject 2,
while it obtains 91.67% of average accuracy. In addition, the
RBF network gains the maximum values of all measures in
hook and spherical classes of subject 2, while this network
gains 94.00% of average accuracy. Especially, the results have
shown that SMO classifiers can achieve the best performance
in classification of basic movement in this experiment. To



illustrate this point, SMO can obtains the most maximum

values of all measures, i.e. in cylindrical class of subject 3-5;

TABLE [. THE ACCURACY OF V2M-SVD FEATURE EXTRACTION FOR BASIC

MOVEMENT CLASSIFICATION.

in hook class of subject 2-5; in lateral class of subject 5; in

Accuracy of Subject

Classifier

palm class of subject 2 and 5; in spherical class of subject 2-5; Si 52 S 54 S5
and in tip class of subject 1 and 5. Furthermore, it can yield Decision Tree  90.00%  91.67%  94.44%  9056%  96.67%
the maximum average accuracy at'98.22%. After consideration _— 91339 95.56% 95.00% 97.22% 92.78%
of the average accuracy, t!}le classifiers are sorted from hllgh to Natve Regies 00.00% —_— — S, —_
low performance as fo ows: ‘SMO, K-nearestﬂ neighbor i 00 56% 06 67% — — I
technique; RBF network; Decision Tree; and Naive Bayes,
. SMO 96.67% 98.89% 96.67 98.89% 100%
respectively.
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FI1G 6. THE COMPARATIVE RESULTS BETWEEN RAW DATA AND V2M-SVD DATA WITH 50 FEATURES AFTER APPLYING TO 5 CLASSIFIERS.
TABLE IL PERFORMANCE EVALUATION OF V2M-SVD FEATURE EXTRACTION FOR BASIC MOVEMENT CLASSIFICATION,
Subject
Classifier | Class S1 S2 S3 S4 S5
P.ew | Roew | Foew P.eow | Ro% | F.% P.ew | Roew | Foew P.¢%) | R, (%) F. (%) P.cx | R, F. (%)
Cylindrical | 87.1 | 900 | 885 | 933 | 933 [ 933 [ 967 [ 967 | 967 | 966 | 933 | 949 | 967 | 967 | 967
Hook 963 | 867 [ 912 | 964 [ 900 | 93.L | 967 | 967 | 967 | 968 100 | 984 | 967 | 967 | 967
Decision Lateral 89.3 833 86.2 93.1 200 | 915 96.2 833 89.3 93.3 93.3 93.3 96.7 96.7 96.7
Tree Palm 839 | 867 | 852 | 875 [ 933 | 903 | 933 | 933 | 933 | 821 | 767 | 793 | 938 100 | 968
Spherical 848 | 933 | 889 | 906 | 967 | 93.5 100 100 100. | 96.8 100 | 984 100 | 967 | 983
Tip 100 100 100 | 897 | 867 | 881 | 853 | 967 | 906 | 774 | 800 | 787 | 9.6 | 933 | 949
Cylindrical | 903 | 933 | 918 | 968 | 100 | 984 | 967 | 967 | 967 100 100 100 844 | 900 | 871
Hook 93.5 [ 967 | 95.1 100 100 100 | 100 | 967 [ 983 100 100 100 8.7 | 867 | 867
KNN Lateral 966 | 933 | 949 | 933 | 933 [ 933 | 871 | 900 | 885 | 935 | 967 | 951 100 | 933 [ 9.6
Palm 931 | 900 | 915 | 935 | 967 | 951 | 967 | 967 | 967 | 964 | 900 | 93.1 | 882 100 | 938
Spherical 9.4 | 900 | 931 100 100 100 100 100 100 100 100 100 100 100 100
Tip 906 | 967 | 935 | 893 | 833 | 862 | 90.0 | 900 | 900 | 935 | 967 | 951 100 | 867 | 929
Cylindrical | 966 | 933 | 949 | 93.8 100 [ 968 | 966 | 933 | 949 | 100 100 100 100 | 667 | 800
Hook 88.2 100 | 938 100 100 100 100 [ 967 | 983 | 968 100 | 984 | 750 100 | 857
Naive Lateral 88.9 | 800 | 842 | 879 [ 967 | 921 | 840 | 700 | 764 | 848 | 933 | 889 100 [ 967 | 983
Bayes Palm 844 | 900 | 871 879 |-967 | 921 | 929 | 867 | 897 | 83 | 833 | 833 [ 909 100 | 952
Spherical 964 | 900 | 93.1 100 100 100 | 938 100] 9.8 | 967 | 967 | 967 | 968 | 100 | 984
Tip 867 | 867 | 8.7 | 955 | 700 | 808 | 784 | 967 | 8.6 | 885 | 767 | s2.1 100 | 900 | 947
Cylindrical | 935 | 967 [ 951 | 967 | 967 | 96.7 100 | 933 | 966 | 933 | 933 | 933 | 933 | 933 | 933
Hook 935 | 967 | 951 100 100 100 | 935 | 967 | 951 100 | 933 | 966 100 | 933 | 966
RBF Lateral 893 | 833 | 82 | 966 | 933 | 949 | 778 | 700 | 737 | 9638 100 | 984 | 968 100 | 984
Palm 818 | 900 | 857 | 968 100 | 984 | 966 | 933 | 949 100 967 | 983 100 [ 967 | 983
Spherical 966 | 933 | 949 100 100 100 | 9638 100 | 984 | 909 100 | 952 | 909 100 | 952
Tip 893 [ 833 | 862 | 900 | 900 | 900 | 735 | &3 | 78.1 100 | 967 | 983 100 | 967 | 983
Cylindrical | 967 | 967 | 967 | 968 | 100 | 984 | 100 100 100 100 100 100 100 100 100
Hook 967 | 967 | 967 100 100 100 100 100 100 100 100 100 100 100 100
SMO Lateral 967 | 967 | 967 | 968 [ 100 | 984 | 906 | 967 | 93.5 100 | 967 | 983 100 100 100
Palm 9.7 | 967 | 967 100 100 100 | 967 | 967 | 967 | 968 100 | 984 100 100 100
Spherical 933 | 933 | 933 100 100 100 100 100 100 100 100 100 100 100 100
Tip 100 100 100 100 | 933 | 9.6 | 929 | 8.7 | 8.7 | 967 | 967 | 967 | 100 100 100

P. = Precision, R. = Recall, F. = F-measure.
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V. CONCLUSION

In this research, we present the new feature extraction
technique, which is called Vector to Matrix - Singular value
decomposition (V2ZM-SVD), for reducing redundant features.
In addition, we present the method for classifying six basic
movements from Surface Electromyography using SMO
classifier. In preliminary results, V2M-SVD with 50 features
yielded the best results, so this set of features is subsequently
used for further experiment. This feature selection can reduce
the original features from 6000 features to the efficient set of
50 features, then, it results in 120% of data reduction and also
relieves a time complexity. For performance evaluation, we
used 10 fold cross-validation with 5 classifiers, which are
Decision Tree, K-nearest neighbor technique, Naive Bayes,
RBF neural network, and SMO. The experimental results
show that all classifiers can yield greater than 90% of average
accuracy and SMO can achieve the best performance in
classifying the basic movements.
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