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ABSTARCT

This thesis presents research result on the application of an artificial neural network for
automated static hand posture translation in Thai Sign Language. The first part is a comparative
study of the three methods for static hand postures translation. The three methods are Bayesian
Estimator, and two neural networks. The networks used are Multi-Layer Perceptron Neural
Network (MLP) and Radial Basis Function Neural Network (RBF). Comparison was made in
terms of accuracy and recognition-stage computational complexity. From experimental result, it
was found that these three methods gave comparable accuracy level. The Bayesian Estimator
produced a slightly better accuracy while the Multi-Layer Perceptron required lowest translation
computation complexity. In addition this thesis presents a newly developed artificial neural network
for quantitative posture translation in Thai Sign Language. The network is referred to as
Quantitative-classification Multi-Layer Perceptron (QMLP). The proposed method can reduce
the amount of training data that neural network required to leamning. For example, the QMLP
method can translate five quantitative levels by using training data of three different quantitative
levels. From experimental result, it was found that QMLP and SMLP methods gave comparable

accuracy level.
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2.1 szvumdamuiesnluiif
Vv " ' .
NuITIRTVNIzRe eIt UNUIuRAN Y IRTIRUTEUUMs I amuieuuude Tulia
& '
(Automated Sign Language Translation System) Guilunisutaniuiilovestszimana q Tau
o A ad a oA V.. a o ] - 3 -

msldgaiiediannsetindideudenuaounaunes  udanlanieldesnnluglveudos

A o ow & av o 1 Yoo o
HNIDAIDNHIT BIINUIVUNINYIUD ’cﬂiﬂ‘iﬂﬁ‘;ﬂv\lﬂ AU

2.1.1 188 C. Shahabi, L. Kaghazian, S. Mehta, A. Ghoting, G. Shanbhag
Haz M. McLaughlin [1]

T~

TavhnmsanuudafSeufoy3sns 35 19iiien 151U (American Sign Language,

4 an o e o e o s : : s
ASL) mafmmiimwmmaﬂiunmun NIvuA 3 35 Ao Bayesian Classification, C4.5 Decision
Tree 102 Neural Network LUV Multi-Layer Perceptron nld Back-Propagation algorithm Tums

& e = =

“ ¥ ' d 9 ¥ o ¢ A ' 4
l'iUUE'Iﬂ'j\'I‘IHU ﬂﬁLﬂU%ﬂHﬁ%$1‘HﬂdNﬂﬂLﬁﬂﬂ5E]Uﬂﬁ niunNIN CyberG]ove 1Hﬂ'lilﬂ‘U‘UfJH“ﬁ

a
¥

suveamtonlalumsAningrua 10 M1 Ao MANAPNMIILEIUAI9NYS A -1 ua
A ] -~ ] dy 1 2 C; Ty d’i r-| 5 A =S

L aamiemariozdlumien ilinsnasu nivesiie (Static Posture) Fawanisnlsouiiou

aa 9o E aa 0 et A Yo £V = - . ] . &

WMIFIMa 3 35 a3Ullddn snsnldmnaugndoaganga Ao Bayesian Classification %481

AnugnAeIn 1Alsyum 84.66% Taelidaudivanumns guvesninnugndeaiiny 2.94

2.1.2 1IDBUDI Worawit Werapan t1a2 Nopporn Chotikakamthorn [2]
Y o - | & A 4 ' | & ' Aﬁ
Tavimsnymtoniune devhieniun Ineiuutsesnily 2 dau Ae duiidlu
Milola (Static Gesture or Posture) Hazdufdluniiieniinisiadounivesile (Dynamic
& “ o 1 M A S 4 oA Aad

Gesture) Failymininulunisgsiviiioniuridoios (Continuous Gesture) AifiD iiITN3
v P A 1A ] 1 d‘i 2 :id
agn Iz enusousnmamasu lnavesnile  asezisznovludomsindeulvivesiieni
AWMU (Meaningful Dynamic Gesture) Lagnisinaeu Inavesiion ludinnunuoluaies

L |

: @ o A < o v A o 1
(Transitional Gesture) WoNIINUUGNT M UToIANUE I TUMINIINID, Aumisveaniie way

»
S Ao 1y

= ar ’ - A 1 =t ° c: ) ) @ =) ' " e
emanmswudhiie  duazauvziimsvin lumiiousunselimivy  Taoluanudseiida1d
¥ " .

vnaueIsmslumsudlvilymimaril  Testandnidwihdennnoasyidenidu  ms
4 1 A _da o 1 4 4 o ey @ LA A

waou Ivavesiolnanunuoiu witlumsndouniuus 9 (Periodic) ANTUMSIONTIiON

A =) . 3 2 { ]
umMsindeunIve9iio (Dynamic Gesture) pRNYINMITARBURVOI BN ludanunield Tay

3/ . & o ] 1 A § = ) =
14 Fourier Analysis Audeyalundazsanm dedeyaii 1dTaomsldqeiiedidnnseiindy



15007 CyberGlove Tunsmwpsmionimsinnoulmiuesiie (Dynamic Gesture) M3Uszun
v ¥
(L o ¥ Y - o o o . . . o Lad
My dyIuunion laninmsainsedawninti Uil Time Normalization @9y 94
=Y 4 o 0 s;q a3 [ Y "
aunsnaanNUAaNaIRpInNMsBiiehinnui lumiduvewmazau’ld msnaans:
— dy ' a ' Ao 4 ' ' e o '
1ddoyandlumiletiwaziilieniimandoulniedieay 100 w1 uazl$ismsismcond
- ? < Ay v ‘A v Yo =2 4
Bayesian Estimator #awan1snaassi lalsingiiinnugndeslunisisita 100% Feszuums

utlaviriien1e Tnoues Worawit Werapan 118z Noppomn Chotikakamthorn 1a@afagii 2.1

Static posture

Cyberglove Static Bayesian Classify
s 1¢
sensor ¢ \

Y

—_— D_\'nnmic Rhythm and transition
Segment

Recognition

———————{ Dynamic Gesture Classify

g‘ﬂﬁ 2.1 Thai Sign Language Translation System

2.1.3 MIBVBA Manjula B. Waldron 1182 Soowon Kim (3]

'
=

"lﬁ'ﬁmwﬁ%u;ﬁmﬁ'mwui{iwi1ﬁaam‘§ﬁ'u (American Sign Language) Aduaadlugy
22 ”lmmfi%’uf';"lﬁ'aﬂﬂuuunwﬁ“l‘ﬁ”lum5i’ﬁﬁﬁamu?ﬁu FassuniivszneuTUdaumsis
2 dau e dawdi 1 iflunsdsidauszneutesueniniie (Phoneme) dailsznen'lide Hand
shape, Orientation, Position i8¢ Movement TR (RITL) Tﬂzﬂﬂﬁﬂsqiimﬂizmmﬁummu Multi-
Layer Pelcdptin Btk P bpapilion | algotithrh TumsiSung yiamia 4 Tsateiomsdi

¥ " 1
Phoneme %14 4 A7 iz Tuaui 2 veassuuiszilumsiinimneuesiiile Tasmssudeya

nnlnssoilsyamionis 4 Tnssoludaui 1 Tudndeld Tnsehelssamidion 2
WenSouifioy Ao Tnseioszmmifouiny Multi-Layer Perceptron (MLP) Loz 1n39u1w
Uszamifiouuuy  Self-Organize Map. (SOM) Fadoyafil¥1dvngaiiedidnnseiindiigond
DataGlove L10i¢ Polhemus sensor cdﬁﬁayaﬁaﬁuﬂszﬂauﬁ’w Phoneme U943 Hand shape ﬁ,:amm 36
Y1 Position ﬁ"’dﬁnﬂ 10 A4 Orientation 10 orientation 1A% Movement 11 movement 1AULLI
mandoulnvesnmilelundazsioonitiu 3 daufte Start of Sign, Mid of Sign 1ia¢ End of
Sign wamsnaasaludnd 1 a3u1dfo 13331 Phoneme Y09 Hand shape sanmgndeslums
§31 93%, M3391 Phoneme 04 Location ANIMgNABa1UNI33%1 100%, N15§%1 Phoneme ¥04
Hand Orientation A1n21gnABalums3sh 82% 1azm33%1 Phoneme 489 Hand Movement A1
anugndeslumsiin s2% uazluddii 2 vesszuy TumsdSmmumnueaiie 7114
Tnssthorlseamifiounuy Multi-Layer Perceptron (MLP) 92 1#anugndealunisdsh 86.2% aau

ms 1 Insaivlszamifivnnuy Self-Organize Map (SOM) 1¢ Ianmgndealumsds 78%
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‘Backpropagation ; ] time
DNows) Network | i e ; '
. (Start of $ign)
182 Hs, Py, Os
— P
Storing Bufier —_ P2
Hand shape | Hand action .
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5 Neural Network L m_odub mofi.h rm@h module p .
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axAyAz{12) |7 HePe Oe
Buffer .
Y
Nexaws{10) plchyaw roli(3) xy.2{3) , xy.ZL (3)
Sample Divider & Switcher

fNexure position, orlertation{ 18) ?

Y2
Motion Detacior [ Computer Slorage

Index
Conlinuous input of Bampled Data

DataGlove

gﬂﬁ 2.2 szvuilanyives Manjula B. Waldron {102 Soowon Kim

2.1.4 NUIVBUDI S, Sidney Fels a2 Geoffrey E. Hinton [4]
o s c:cs " c§ q; d' )
TahmswannszuuiGon “Glove-Talk” dFuiluszuunldlumsutlasdoyan1d
M o d a Jdaa 1 ] = 9/ ]

1INQINEDIIANIOIAT 50N I1 VPL Data-Glove THoonuutuifios (Speech) Tauldlnsauiy

- _ 2 _ .
Uszaminounyy Multi-Layer Perceptron (MLP) 919 Back-propagation algorithm Tums
= 9/ " & 9 ' q’: T o [} a X Yo ¥
Bougveslnsavie Hldlnsaioiimua 5 Tasee Tasi sy 4 @ sz 14 unsiideya
- o ' 2 & o 3 A ad a o A 4
duesmlszneudevvesnnile dedoya ldningaiedidansedind i3uni1 VPL Data-Glove

' = Y = =1
UsgnouRIu Miie (Hans shape), NANNAISIAAOUNUDIND (Orientation), ANMEATUMT
4 4 - ' o 1 A E o a 4 3
waowhveslouazsm lumsimiide  aluszuull  szlimsastsaeumsinudoya
' - = i [] = = Y - A =) d.

na1Ine UNM3ASITOUN U v landsszimsinudeyaingaiie iNendniaos delay 1u
mstdadueeenuuilud Tasldlasaodszamifionsn 1 Tnsevodiudnsivaoy Taom
A dg o a | ] 3 " A
tiefldlumsnanesiiianua 203 M wamsneaesdsing anwgndealumsldudos
penuuiludmiiinnudanaariooni 1% wazaruAawaraiiszuy liannsandudos 135

Youn31 5%



2.1.5 UIBV03 Peter Vamplew [5]
Vo o o a ' o - A aq ¥
Tdhmswanszuuitondn “SLARTE dauaaalugili 2.2 Fuiluszuuildlums

iﬁ]‘lfi'lﬁﬂﬂi)mﬂﬂﬁu (Australian sign language %30 Auslan) Tunmileooansidy

User's hand actions

Polhemus

CyberGlove

Interface
routines

Handshape Orientation Place of articulation Motion
network network: network network

Final classifier

l

Gesture classification

3N 2.3 52U SLARTI

A r 1 1 'y 1 L]
Famoluszuvziiuiiu 2 dou fe aruh 1 91Flnsedodssamiion 4 Tasaig
4 i1 3 o 8 " | = =) (|
woldlunisiiiosntszneudesvosniuiiieoomasido Ao vije (Hand shape), MMy
A a oA . i o v - . A a -
n30M3vnvedrie  (Orientation), AUNMUIVDIUD  (Location)  LAZNISIAAOUNYDIND
& '
(Movement) #35¢UU SLARTI 9219Tnse9100seamifionnuy  Mulit-Layer Perceptron
Hq ¥ . i a d
(MLP) neural network #1% Back-propagation algorithm Qﬂﬂimﬁ‘l%‘quﬂ‘lﬂﬂﬂﬂﬂuﬂ ﬁaqaﬁﬂ
a o =Y o v
DIANIOIAANEUNT1 CyberGlove Uay Polhemus IsoTrak lunisnaasiss1¥dnanes

¥

3 [l
nanua 10 au Yeyah Idvzutaeenidlu 2 daufe doyaves 7 auusn szl luns

3/ ' P ' '
Soujuaznaaoulnseiiy (30011 Registered Data Lazdayaves 3 aunimdes: 1diame

¥ ¥
AU IATIVIOMINY (50091 Unregistered Data wanisnaaasannsoagl1dasi luns
Yo 1 A . Y ¥ X Y
39IMIUD Registered Data i]ﬂﬂﬂ?ﬂ’lmgf‘lﬂmﬂ‘ixuml 97.4% Unregistered Data v lvan
v o o ]
ANuNABILTEINM 89.5%, Tumsisimsnyunienisinuesrhile Registered Data 9314

AINMUYNADIUTZIY 91.6% Unregistered Data 92 1¥A1nmgndoatszuin 89.2%, Tums



i’ﬁw’iumﬁwmﬁﬂ Registered Data %:Hfhmmgﬂﬁmﬂs:mm 76.4% Unregistered Data
vidannugndesdszina 69.0% uazlumsisimandoulnivesiio Registered Data 92
IiAnugndeeilszanm 92.3% Unregistered Data 3z 1WA nugndssdszanm 76.9% lu

' ¥
dunapnIszuvl wSoumonisn1s lumsis 2 35 fie I5N151UD Nearest-Neighbour

o

: s o & 1 aa
Lookup Algorithm iagI5M51UUY C4.5 Decision Tree Tums3a ‘-"INNE\‘!JS‘IH{]?W A5NITLUY

u

" =)

nearest-neighbour lookup algorithm ﬂﬂﬁﬁ]ﬂﬂugﬂﬁmﬁaﬂ’n A0 Registered Data el

ANQNABITZIIU 94% Unregistered Data 12 1dm1nmgnaoalszuim 85%
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3M3NDIMNAIUAGA 1¥U  Bayesian Estimator uazitmsuuulassvivdszamifion

¥
(Neural Network) Tag3imsuuylassisdseamiiionszdiinsanuimua 2 3duvy fe

Multi-Layer Perceptron (MLP) Neural Network

Network

3.1 Bayesian Estimator

118e Radial Basis Function (RBF) Neural

35131U1 Bayesian Estimator [6-7] (Hu35n1snendnuada nanfe aunmshioulyly

35M3uUY Bayesian Estimator 321uaun159e3m3nse91ouuun@ (Normal Distribution) $1

AUNISN 3.1

Taon

p(x|w;)

X

n
B
c;!

Ci

1 1 L ~-l
p(x|w;) = ——==—==expl 5 (x-p;) C; (x-p;)
Ve2m"|Ci| [ :

A ' ﬂ 3 Al 3/ th ¥
19 A TUUTIVSL uﬁ.l?N‘Ui’Jlluﬂ X L!J'ﬁlﬂ'iﬂuﬂilﬂu“ﬁﬁiﬂﬂﬂﬁ'lﬁ 1 11’1’
(class-conditional probability density function)

= o 3
fiv 1IAIMBIYOYA

13

o a

fio AYBIYBAYBYYA (dimension)

I3

! -th
1D ANRAUVBDINDT |

Ao A nFaIUNdUVBIMANLYSUSIUS I (Inverse Covariance)

YoInae i

=) "

1o A1 determinant VoAU YTIUI L A

(3.1

NAUNSA 3.1 TIWITOMIAT Normal Probability Density Function ¥®3pald i iile

fnuaimnesYoya x 14 Aveunish 3.2
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p(x|w; )p(w;)

p(w‘| x) = (3.2)
' p(x)
Taohn
p(x) A ANuUIIzIIuN x 9IAAYY (probability density function)
p(w,) A Anwiszituvesnand (class) i”

-th

p(w;]|x) Ao amnhezituvesnma i Tavdmua x 1

(posterior probability)

o a = o 4 4 Yo ¥ ¥
aumsh 3.2 Wuaumshnnnamguiveaud (Baye’s Theory) imsjiiveyalauldy

L4
= o - v s 2 v
nguveaud aunsoi1dlaonmsunliouifioum pe,] x) vewrmanvua dsdoyaszgn

@ «u

. ’ Lo o 4 i : .
Amualdeglunmaniian ple,| x) geige Fa5unngiidn Baye's Optimum 1139 Maximum-

Likelihood Decision Rule [6-7] AIFUNIIN 33

pxl@ )p(@;)  P(X|w;)p(w,)
p(x) R p(x)

if

Xco1)

forallj#i (3.3)

:

[ ¥
VINAUMIN 3.3 FITOLTAITUADUNITNINUYDIIFMINUY Bayesian Estimator 19 99

JU 3.1
plw; | x)
Calculate p(w; | x)
PDF 1" Maxi
Input Vector (X) I Mzl Decision
— P(a)i| X) | Selector fp———
fori=1.2,....m | (Winner)
|
|
Py, | X)

JUN 3.1 FunaoumsiaImuesdTmsiuy Bayesian Estimator
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Tumat §1iRuda v mua discriminant function, d; (x) dmivuaazaaId e l1Flums

WSouimoy Aaun1sn 3.4

p(x i w; )p(w.!)

d;(x) =
h p(x)

(3.4)

Taona 1Uaeweroufazann UFUFDUVDY discriminant function WWDAANITATUINUDY
Handu Taoi luiinodelsz@nEnmuanisdin naumsh 3.4 asodamon p(x) 14
4 ' a "V w & e = o i Y
119991077 DAauminn Fevzaulunwizmouiianuneidostuaamyiingy aunisnlaee

Wudaaunisn 3.5

d;(x) = p(x|w;)p(w;) (3.5)

r=1 i " =1 L I e =1 o ci
“luﬂ'iﬂa'ﬁmmmuwmﬂummnn q AT UAUNINU NTIUITOAANTTIATUIUUDITUNIIN

W ' "
3.5 18 Taomsdamen plew;) sy aumsildeedudeaunsi 3.6

d;(x) = p(x|w;) (3.6)

VNaUNTH 3.1 nazaumsi 3.6 amsoilouaunis Inilieglugives discriminant

. 9 ar n:;
function ulﬂ AIUNIIN 3.7

a8y =

;exp—%(x—p,-)rc;-](x-pj) (3.7)
JC25)

vnaumsh 3.7 ewsnaanududoulumfuInveIflandu  Exponential 1nuld

ABM3INUBITUMA (Natural Logarithmic) aun1sn ldazitludsaunisn 3.8
d;(x) = -dmEn)"-Lijc,|-Lx-p, ) Cil(x-n) (3.8)
i 2 2 "> B, i B :

INAUMIN 3.8 musanezaamoun 1 senll1d wissnnudusingh dunishldez

Whudaaunisn 3.9



d,(x) = -%|n|<',|-%(x-p,-)'c;'(x-p,-) (3.9)
vInaunsn 3.9 ansawoulioyglugdaunsedisde Tdasaums 3.10
d;(x) = (x—p,)'C;l(x-pf)+In|C,-| (3.10)

3.2 Iasaviwdszanmney (Neural Network)
Fnsuuvlnseiedszamidion Sunmonanuy  uaudeatiun wiinisin
Tnsavolssamminouiios 2 wuy fe
- Multi-Layer Perceptron Neural Network (MLP)

- Radial Basis Function Neural Network (RBF)

3.2.1 Multi-Layer Perceptron Neural Network (MLP) [8-10]
3.2.1.1 Insasavealasavig

Taseardana hlveslas shodszamniiouioy MLP uaaalugilin 3.2

Input layer Hidden layer Output layer

11U 3.2 Tnseadavesinseolszamifiounyy MLP

v

1n3U7 3.2 Inssnwdszamifionnuy MLP ilnsaadhs Asiife

=

' Y : 1 u’: GI:
- Tasevwilszneudiudu (Layer) @14 9 a0 fio FUDUNN (Input Layer)
a’; ' . > o o
FU¥OU (Hidden Layer) LAZFUHNDANWT (Output Layer)
v ' » v
- Tuudazdunaaiu TnuannTnuavziFeuaenuuuuRINe (Fully Connect)

TAuA1vDY Weight



3.2.1.2 mstsauiveslnsavie
Tasavlseamifounuy MLP 9219 Back propagation (BP) algorithm [8-10] Tu
msoud Fsdanoiiuazszneudan 2 dau Ao dauiiilu feed forward uazdudiilu back-
propagation UTDILZIGUAUYBIMIFOUS M1 Weight 'Uﬂﬂﬂ'idihtlilzgﬂffllﬁun'l Lag
Leaming Rate (1) Tuaniseiismualdfisnidn 001 Amuald x, AenAnesYoyail
YUIA n 1A %zgﬂﬁm’fﬁj%uﬁuwmaﬂﬂiw'w Taui Tnuadi i* mm%uﬁuum:gm%;au"lﬂ
Falnuad j* YoITUTOU HIUF W, Taoft i = 12, nuazdnj = 1.2,.., s Tvuai ;% ¥99

u‘:’ ] - ar P z @ o " —
ﬂmmﬂunzgnwm"lﬂuﬂwuﬂﬂ " Y9aFUNAANT WU Zy Taon k=12....m

Taen
o ﬂ‘:q
n = nuinualududumm
¥
s = U Ivualurusou
¥
m o= s Tnualudunadng

& £ el & . PR p ™ ) a
HOAWHUDITUEDU ﬂ'lu’Jﬂ.!"lﬁ‘IﬂUﬂTiU']ﬂ']l'lﬂlﬂﬂﬁ‘i‘l’ﬂgﬁﬂmﬂﬂﬂ'l Weight (W) %

= 1Y Y o v o dely Y 1 o @ A " v d e -
INUIVDI Llﬁ’JLI"Iﬂ”lNﬁﬁWﬁ‘V]ulﬂlﬂNWuWQﬂ‘UutWﬂﬂWﬂ’]NaﬁWﬁ AITUNIIN 3.10
h;, = f(net;) (3.10)

i=1

Tauh f(*) A Activate Function 130 Transfer function Tﬂuﬁ")"lﬂﬂzxﬂu Sigmoid

Function A4@UN15N 3.12

1
f(x) = =—a (3.12)

1+ exp(-x)

id‘.n’: ' o

as v o da n’: [} Y [ = [} '
nasnn ldwadanindugounds wadwsnduzeunsznaoiiudunngndase
[ n’: a d A a do 9 o =Y a '
GaFunaans FawadniA I 1a TasmnhmsunnAum Weight (Z) 11 dot product 130

inner product A4 AITUNISN 3.13 - 3.14

o, = f(net;) (3.13)

5
net, = > Zyh; (3.14)
J=l
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o w “ an Y '
NANBIVBINATNT (0, ), 1aU#i 0, = [0,,05....,0,,] N1ADINNSTVIUMS TUAIY
o r= =) w1 o o daw P
U943 feed forward ﬂxgﬂu11ﬂlﬂﬁU‘lJmU‘Uﬂ‘UﬂH’JﬂmaﬁﬂleNﬂﬁW‘ﬁ‘ﬁﬂmm‘i (Desire Output)
= 4 - . dag -1
(t,), Taoh t, = [1).15.....1,,] FIAIANUAANAIA (Error) 130 Cost Function #1195 uauivoil

Ao square error function AIAUMITN 3.15
l m 2
e = — Y (t, -0.) (3.15)
9 ; k k

as o ' = o = 1
M8 NN IUEINYDA feed forward 138U3PENAD NUITINTZUIUMS TUdIU
. & ! = y & 9 w .
Y84 back-propagation F39z 1A IANMAANAIA (1, -0, ) tWBazii T 1FlumsUium Weight

Tauaun1sn 3.16 — 3.19

Lyvyy = nﬁkhj +Zyy (3.16)
Tauii

8y = og(1-0,)t, o)) (3.17)

Wik e T]BJ-X;'*'W(;) (3.18)
Taui

By = h(1-h;)) 8, W, (3.19)

k

W [V A - ¥ T TA N A
N5991N15U5DA1T Weight SouTpondl pudiunouveInIsasIvaoudon lv
' - 9 ' & a Y 2 A4 aq yda 21
TnszuumsiEouiveslnssvisalsszngansoszisoudae 1y Fateulvnldnivansouly
15U
9t = A - a a
- M5 IEMIANURANIIA  (Error) Y38 Cost Function Adaumsh  3.15
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5.1.2 woNMI3 (Software) U5¥nouAIL
- Microsoft Visual C++ 6.0

- Virtual Hand Library Version 2.4

MatLab Version 6.5
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M13190 6.1 HaAIAINUYNABluN3 Bl Signer Dependence

Accuracy (%)
Method Number of Hidden Node
5 10 15 20 25 30 35 40 45 50 55 60
BAYE | 99.30 | 99.30 | 99.30 | 99.30 | 99.30 | 99.30 | 99.30 | 99.30 | 99.30 | 99.30 | 99.30 | 99.30
MLP 61.58 | 97.35 | 98.08 | 99.25 | 9923 | 9920 | 99.18 | 99.20 | 99.18 | 99.20 | 99.23 | 99.20
RBF 3083 | 54.18 | 66.65 | 74.75 | 81.60 | 86.55 [ 94.15 | 99.23 | 99.23 | 99.20 | 99.25 | 99.20
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M319N 6.2 UAAIMANNYNADIIUNITYDI Signer Independence

Accuracy (%)

Method Number of Hidden Node

5 10 15 20 25 30 35 40 45 50 55 60

BAYE 8375 | 83.75 | 83.75 | 83.75 | 83.75 | 83.75 | 83.75 | 83.75 | 83.75 | 83.75 | 83.75 | 83.75

MLP 4933 | 76.58 | 80.43 | 81.48 | 8298 | 8340 | 83.35 | 8338 | 83.33 | 8335 | 83.30 | 83.28

RBF 3415 | 4190 | 4738 | 5463 | 6480 | 7043 | 78.05 | 82.35 | 83.33 | 83.30 | 83.33 | 8328
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INHAN1INAABAlUNIM Signer Dependence WUIITNSULY Bayesian Estimator
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6.1.2.2 manfSpumsuanududeulumsannuvaznlannuming
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MSsUIN = (m-Ds+s+(s—Dm+m (6.2)
NIU = (n+m)s (6.3)
NS = s+m (6.4)
oNMoa = s+m (6.5)

- Tasavwsgemiouniuy RBF

MIVIN = (m=-1Ds+(s=1)m (6.6)
MTay = sn (6.7)
MU = ms (6.8)
MINIs = s (6.9)
uNAIY = (n+1)s (6.10)

- I5Msuuy Bayesian Estimator
MIVIN = [(n—1)n+nlm (6.11)
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. AanuFuFoulumsfium (A59)
N3
uIn au A W13 gnNAiNY 39U
BAYE 12,960 720 13,680 0 0 27,360
MLP 1,160 0 1,160 60 60 2,440
RBF 2,240 720 1,600 40 760 5,360
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Abstract

In this paper, a problem of Thai sign language recognition
using a neural network is considered. A static posture of
Thai sign is captured by using an clectronic glove device.
The data obtained is fed into a multi-layer Percepiron
neural network. The paper addresses the problem of this
type of neural net in dealing with re-training, when new
posture is added to the system. A special form of a mulli-
layer Perceptron with two parallel neural nerworks is
proposed to reduce the need for retraining the whole
network. The relationship between this neural network
architecture and the siandard Bayesian estimator is
identified and explained. Experimemtal results with real
data are included with some discussion.

1. Introduction

Neural networks have been applied to gesture recognition
problems, such as [1] where a neural nct was applied for
isolated American sign language (ASL) recognition. Their
system obtained gesture data from an electronic (data)
glove and achieved the accuracy level of 86%. In addition,
[2] developed a gesture-recognition system called Glove-
Talk, using a ncural nctwork for linking information from
a data glove and a speech synthesizer. In [3], a neural
network was applied to recognition hand postures of
English alphabets. With a total of 5 different hand
postures, they achieved the accuracy of 96%. In (4], a
problem of segmenting continuous Thai signs is
considered. The Baycsian cstimator is applied in the paper
for sign recognition.

One of the most popular neural network architecture
is a multi-layer Perceptron. However, when a new pattern
needs to be included in the system, the network needs to
retrain not just for the new pattern, but all pattems already
cxisted. More importantly, the whole neural weights
involve in retraining. This is a serious drawback, specially
for large-pattemn recognition systems. In this paper, we
describe a neural network with two parallel Perceptrons.

The architecture is inspired by the relationship between a
Perceptron and a Bayesian estimator. The proposed neural
network retains cfficient computation as compared with a
standard Baycsian cstimator, while allowing for partial
training of the network.

The paper is organized as follows. First, a theory and
notation of Bayesian cstimator and neurnl network are
introduced in Section 2, Next, thc proposed neural
nctwork with its relationship to the Bayesian estimator is
described. Experiment results, obtained from a real
measurement, are provided with some discussion in
Section 3. A conclusion remark is given in Section 4.

2. Standard pattern recognition methods

One of standard and versatile statistical methods for
pattern recognition problems is the Bayesian estimator.
The Bayesian estimator with a Normal distribution
assumption is described by the following cquation.

A= Ly GERTIS B
d(x)= Jm—qlﬂp[ 2(3 HYC(x F.)] (1)

where
d(x) = the discrimination function for class i

X = the input pattern vector
#, = the mean of the i* class pattem.
C;' = the determinant of the covariance matrix

corresponding to the pattemn of class i.
C, = theinverse covariance of pattern class i.

Note that here a Normal distribution assumption is
applied to simplify the discussion. A more general
distribution model can be handled by using, for example, a
Gaussian mixture model.

The above equation can be simplified by using the
logarithmic version, which is described by the following
equation.
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Nute that the first term in the above equation does not
depend on any class parameter, and can be dropped in
practice. Thus, a simplificd equivalent estimalor is given
by

d(x) = InIC,|+ (x=p)YC M (x-u) )

Multi- tron al_n

A general structure of a multi-layer Perceptron ncural
network is shown in Figure 1.

X1

Input hidden output

Figure |. Standard multilayer Perceptron neural network

A neural network of Figure 1 has the following
structures
» It is composed of rwltiple layers, namely an
input layer, onc or more hidden layer, and the
oulput layer respectively.

e It is fully connected, implying that all nodes in
the foregoing layer are connected to every node
in the subsequent layer, through a network
weight.

From Figure I, given that X is the vector of n
dimension. It is fed to the network input layer. The i
input layer is connected to the j* node of the first hidden
layer through the weights Wi, ¢ = 1,2, ...,n, and j=1,
2, ..., h. The output of the first hidden layer is obtained by
passing the summation of the multiplication between the
inputs and the first layer weights, through the activation
function, as described by

Y=f(x*W) @)

where
f() = Activale function or transfer function
Y = layer’s output

Next, the output from the first hidden layer is fed as
an input to the next layer.

77

Perhaps the most popular algorithm for training such
a network is a Backpropagation algorithm. The algorithm
is composed of the forward phase, and the backward
phase. It is an efficient way of implementing a Widrow-
Hopf LMS leaming rule.

3. A parallel multi-layer Perceptron neural
network

In this section, a parallel multi-layer Perceptron is derived.
The architecture is motivated by the need to incrementally
perform a network training for new posturc pattern. It is
based on the decomposition of a Bayesian estimator. The
decomposed pants arc computed by using a neural
network. To derive the parallel network, notice from Eq.
(3) that the first term is independent of the input data. This
is cquivalent to the offset input of the neural network. In
addition, the sccond term in the same equation, which is

(x'-u,)C ' (x—u,), known also the Mahalanobis

Distance, can be rewritten as follows.
XCx -2, Cllx+ ' (5
where i= 1, ..., N¢, Nc = number of all classes.

From the above equation, it is seen that only the first
term is non-linear while the subsequent terms contain only
a linear part. It is known that a single-layer neural network
is sufficient to model a linear cquation. Therefore, based
on this finding, a neural network is developed such that it
is composed of two parallel networks. The first network is
a multi-layer Perceptron with single hidden layer, to model
the first non-linear term of Eq. (5). The second network is
a single-layer Perceptron, 1o model the remaining lincar
terms of Eq. (5). The structure of this parallel network is
shown in Figure 2.

hidden

X1

X3

Xy

Figure 2. The parallel multi-layer Perceptron network
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By inspection, it was found that with sufficient
number of known patterns, the inverse covariance matrix
of a new pattern can be sufficiently approximated by the
combination of the matrices of the existing patterns. Thus,
for each new pattern to be included in the system, the
nctwork of Figure 2 is incrementally expanded in the
manner as shown in Figure 3,

hidden

output

Figure 3. The parallel multi-layer Perceptron
when a new pattern Is added to the system

To retrain the network of Figure 3, only the weighls
associated with the new outpul nodes (shown with dot
lines in the figurc) need to be calculated. Thus, the
retraining process can be speed up. Note, however, in our
experiment, it was found that weights of the secondary
network (strong dashed lines in Figure 3), connecting
inputs to the network outputs, did not have noticeable
impact on the overall performance. Those weights are thus
may be omitted in practice.

4. Experiment

In this section, results from the experiment with real
data are described. In the experiment, data was collected
from 5 signers, each performing a total of 35 different
static postures in Thai sign language, giving a total of 460
data scts for each pattern (sec Figure 4 for example). Each
pattern is composed of 22 data values obtained from an
clectronic glove.

%‘-‘ ) o

N W »
il

np & i

‘\;.l\ Wk S

: PO

',
o\ s =il \

Figure 4. Example of postures in Thal sign language
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No. of
hidden 10 20 40 70 20
nodes
Accuracy | 98.65 | 98.89 | 99.58 | 99.67 | 99.75
(%)

Table 1. Recognition accurscy with different number of
hidden nodes

Data as collected was used to train a standard
multiplayer Perceptron necural network with different
number of hidden nodes. The result is shown in Table 1.
From the table, it is found that the accuracy is comparablc
in all cases, when the number of nodes is greater than 20.

Next, another experiment was performed with the
Parallel MLP. Thirty-five sign postures were divided into
two groups. The first group was uscd to train the first
(primary network) of the two parallel networks. Then, the
sccond group was applied for training the other
(secondary) network. Two different training conditions
were applied to the network.

1. Parallcl MLP with 'equal threshold®: Under this
training condition, thc same desired network
outputs are the same for training the primary and
sccondary networks, For example, the desired
responsc of the oulput comresponding lo 8
particular input pattern was 0.9, while the desired
response for other outputs was 0.1.

2. Parallel MLP with ‘compensated threshold™:
Under this training condition, for the primary
network training, the desired response of the
output comresponding to a particular input pattern
was 0.8, while the desired response for other
outputs was 0.2. For the sccondary network
training, the desired response of the output
corresponding to a particular new input pattem
was 0.9, while the desired response for other
outputs was 0.1. For existing patterns, the desired
response for all secondary network outpuls was
sctto 0.

Result from the experiments with different numbers
of added sign posturcs is shown in Table 2 and Figure 5.
From the table, it is scen that training with ‘compensated
threshold® offers improved performance as compared with
the experiments with ‘cqual threshold’. It was found also
from the experiments, recognition crrors occurred were
mostly due to similar postures belonging to different
training posture groups, as shown for cxample in Figure 6.

No. of added postures 1 3 5
Equal Threshold 0.33 0.68 1.72
Compensate Threshold 0.13 0.33 0.51

Table 2. Recognition error rate (%) for different numbers of
added postures.
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Figure 6. Example of a posturc pair which caused false
classification

it 2 B B

Figure 7. Mean values of the pattern pair of Figure 6.

5. Conclusion

In this paper, the parallel multi-layer Perceptron
network has been proposed. The architecture has been
motivated by the need to incrementally perform network
retraining, when a small number of new patterns are added
to the system. The network has been derived by
decomposing a standard Bayesian estimator into linear and
non-linear terms. Two ncural networks with multi-layer
and single-layers arc used in parallel to model the non-
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lincar and linear terms, respectively. Experimental results
have been included to show the recognition error for the
case where a small number of new pattemns arc added.
Cause of recognition crror has been identified. Future
work includes the re-training strategy which involves only
the new patterns, and improves the accuracy result.
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Abstract:  In this paper, 8 problem of Thai sign language recognition using a ncural network is considered. The paper addresses
the problem in classifying certain signs conveying quantitative meaning, ¢.g., large or small. By treating those signs comresponding
to different quantities as derived from different classes, the recognition error rate of the standard multi-layer Perceptron increases if
the precision in recognizing different quantitics is improved. This is due the fact that, to increase the quantitative recognition
precision of those signs, the number of (increasingly similar) classes must also be increased. This Jeads to an increase in false
classification. The problem is due to misinterpreting the amount of quantity the quantitative signs convey. In this paper, instead of
treating those signs conveying quantitative attribute of the same quantity type (such as “size’ or *amount’) as derived from different
classes, here they nre considered instances of the same class. Those signs of the same quantity type are then further divided into
different subclasses according to the level of quantity each sign is associated with. By using this two-level classification, false
classification among main gesturs classes is made independent to the level of precision needed in recognizing different quantitative
levels. Moreover, precision of quantitative level classification can be made higher during the recognition phase, as compared to that
used in the training phase. A standard multi-layer Percepiron with a back propagation learning algorithm were adapeed in the study
to implement this two-level classification of quantitative gesture signs. Experimental results obtained using an electronic glove

measurement of hand postures are included.

Keywords: Sign Langunge. Gesture Recognition, Artificial Neural Network, Quantitative Posture

1. INTRODUCTION

Gesture classification is a form of patiern recognition
problems. Like other pattern recognition problems, ncural
networks have also been applied to solve gesture recognition
problems, For example, in [1] a neural net was applied for
isolated American sign language (ASL) recognition. Their
system obtained gesture data from an electronic (data) glove
and achieved the accuracy level of 86%. In [2], a gesture-
recognilion system called Glove—Talk was developed, using a
neural network for linking information from a data glove and a
speech synthesizer. In [3], & neural network was applied to
recognition a small number of hand postures representing
English alphabets. In [4]. a problem of segmenting continuous
Thai signs is considered. The Bayesian estimator is applied in
the paper for sign recognition.

One of the most popular neural network architecture is a
multi-layer Perceptron. However, the network has & weakness
in terms of the difficulty to strictly confine the hidden-layer
multi-dimensional space regions of similar pattemns, as
constructed by the network during the training stage, to be
close to one another. As a result, similar patterns may be
recognized as totally differcnt patterns. This is likely to occur
for patterns that are not included in the training sct (or those
that are not well represented by the training patterns).

In Thai sign language, there are some hand postures that
convey quantitative information. Examples of such signs
include those that represent ‘size” and *amount” quantity type.
For each quantity type, a sign can describe different levels of
quantitative attribute by slightly changing hand posture in a
well-defined manner. Figure 1 shows an example of such
quantitative hand posture signs.

To apply a standard multi-layer Perceptron to recognize
signs in which those quantitative postures are included, hand
postures corresponding to the same quantity type may be
divided into some number of classes. Each class contains the
hand postures that convey the same level of gquantitative

attribute. For example, there may be three quantitative classes
for the hand postures representing different quantitative levels
of ‘size’ (as may be labeled by ‘small’, ‘medium’, ‘large’).
This approach docs not need any modification made o the
network structure, and standard back propagation algorithm
can be directly applicd. However, the approsch has two
weaknesses. First, the number of classes to be recognized is
increased. The higher precision in recognizing different
quantitative levels is needed, the higher number of classes is
required. This can result in an increase in the complexity of
the network. With the fact that the number of such quantitative
signs as found in Thai sign language is relatively low, this
complexity problem may not be a scrious concern.

The second problem with the approach as described is due
to similarity among quantitative and non-quantitative hand
postures.  Firstly, same-quantitative-type hand postures
conveying similar quantitative levels are difficult to
differentiate duc to the similarity of their hand shapes.
Secondly, insufficient degree of freedom in a network model,
as well as insufTicient number of the hand postures used in the
training sct, can result in some quantitative hand postures
being misclassificd as non-quantitative posturcs and vice
versa The latter is due to the difficulty in controlling the
Perceptron 1o strictly confine the hidden-layer multi-
dimensional space regions of similar patterns to be close to
onc another. In any of the two cases, the recognition rate is

Fig. 1. Example of quantitative hand postures



This paper proposes to use a two-level classification for
quantitative hand posture recognition to solve the problems as
described. The first level is used to classify those quantitative
postures according to the quantity types they represent. The
second kevel is used to identify the posture’s quantitative level.
‘The paper is organized as follows. First, a theory and notation
of multi-layer Perceptron neural nctwork as applied to Thai
sign language recognition are introduced in Section 2. Next.
the proposed two-level gquantitative posture classification is
described in Section 3. Experiment results, obtained from a
real measurement using an ¢lectronic glove, are provided with
some discussion in Section 4. A conclusion remark is given in
Section 5.

2. MULTI-LAYER PERCEPTRON FOR SIGN
LANGUAGE RECOGNITION

The MLP is a supervised ncural nctwork. A general
structure of a multi-layer Perceptron neural network is shown
in Figure 2.

O
< /, -
S/

N
% O ~ X570
V"s

Input layer Hidden layer Cutput layer

Fig. 2. Standard multilayer pereeptron neural network

The MLP use the back-propagation (BP) algorithm, [5-7]
for training. The algorithm consists of 2 phases : a feed-
forward process and a back-propagation process. For the
initial stage, the weights of the nctwork are randomly selected.
The learning rate 7l is pre-set before the learning phase.
Given x, is the vector of 7 dimension. It is fed 10 the network
input layer. The i input layer is connected 1o the j® node of
the hidden layer through the weights Wy . i = 1,2, ,n, and
Jj=1,2, s The/® hidden layer is connceted to m™ node of
the output layer through the weights 7y, k= 1,2, ,m.

Where
n = number of input layer node
s = number of hidden layer node
m = number of output layer node

The output of the hidden layer is obtained by passing the

summation of the multiplication between the inputs and the
weights (W), through the activation function, as described by

b, = f(net,) 1)

"
net, < D W,x, o))

1=l
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where A . ) is the sctivate function or transfer function . Here |
A ) is chosen as a sigmoidal function given below.

1
flx) = —— 3)
I+ exp(—x)

Next, the output from the hidden layer is fed as an input 10
the output layer. The output of the output layer is obiained by
passing the sur ion of the multiplication between the
hidden output and the weights (Z), through the uctivation, as
described by

o, = f(nmet,) (4)

net, = Zlhh' 5

1=l

The output vector (0g), 0y = [0,,0;,  0.) gencrated from the
feed-forward process is compared with the desire response
vector (4), ty = [t,t;  t.). The cost function or error () used
here is a squarc error function, which is given by

2

e = 12(11'01) (6)

Back-propagation process is then using ermor 1o adjust
weights as follows:

Zooiy = Mh, + 2, o
where
8, =0, (1—0,)t, =0,) (8)
Wiy = nB %+ W, )
where
B, = n( -n,)zt:a,wy (10

The network as described is here applied to the sign
language recognition problem. Only the static and isolated
postures are considered here. The problems of static/dynamic
segmentation, as well as dynamic gesture classification were
discussed elsewhere (see [4]. for example). Under this scope,
X ‘s arc data as mcasured from an electronic glove sensors. In
this study, a total of 22 sensors were placed on the glove.
Thus, the number of input signals n = 22. The outputs O
correspond to the hand posture classes.

3. TWO-LEVEL METHOD FOR QUANTITATIVE
POSTURE CLASSIFICATION

In this section, the proposed two-level method for
quantitative hand posture classification is described.



3.1 Network structurs

A structure of the multi-layer perceptron neural
network, modified 1o accommodate the two-level
classification scheme is shown in Figure 3. From this point.
the network is refermed as QMLP (Quantitutive~classification
Multi-Layer Perceptron)

Crantitabive
Postare l.'h

Input layer Hidden layer Output layer

Fig. 3. A muli-layer Perceptron for quantitative posture
classification

From Fig. 3, the network oulputs can be divided inlo two
categories. The first one, in which there are two output nodes
Oy und O, in the figure, corresponds to groups of the non-
quantitative posture outputs. The second category is a group of
quantitative posture outputs. From the figure, it 13 noted that
for each quantitative posture type, there are two ouiput podes
associated with it. For example, the output nodes O, and O,
belongs to the 1™ quantitative posture type (or class). This
two-node per class arrungement makes possible the separation
between quantitative posture type classification and the
quantitative level classifieation. This point will be clarified
Inter in this section.

3.2 Defining desired respoases for supervised training

To train the network in Fig. 3, a desired response for each
training input must be defined. Desired response for the non-
quantitative and quantitative postures are defined difTerently
as described below.,

o For the input data corresponding to an * non-
quantitative posture class, desired response of the
output of the /* non-quantitative posture is set to 0.9,
Desired responses of other outputs node are set to 0.1,

» For the input data corresponding 1o an /* quantitative
posture class, two desired responses corresponding to
the quantitative posture are defined s a point on the
circle as described in Fig. 4.

From Fig. 4, d = 0.9 is the circle radius, and & s the angular
value representing the quantitative level. For example, in this
paper, the largest quantitative level for any quantity type is
associated with 8= 85°, whike the smallest level is associated
with @ = 5°. The levels in between the two cxtremes are
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proportionally given angular values between 5 and 85. To
simplify labeling the input datm with an esppropriate
quantitative level, however, the whole mange of & may be
divided into N angular intervals. Each of those intervals
correspond to a particular quantitative level. Thus, the value
of N controls the precision of the recognizer in differentiating
postures of similar quantitative levels.

With @ being given according to the quantitative level of
the training input data. the corresponding desired responses of
the associated output pairs (), and O,; in the figurc) are
given by

O, = d.cos(8) ()
0, = d.sin(8) (12)
A
_____ C
]
Oyz=d.sin(@) d 1
I
1
- — >
Oy = d.cox(8)

Fig. 4. Mapping between the quantitative level and the desired
response pair for quantitative posture data

3.3 Quaatity type and quantitative level classification

After training the network using the method for defining the
desired responses, as just detailed, the network can be used for
hand posture recognition. However, because cach quantitative
posture clnss has two output nodes, values of these outputs
must be first transformed so that they can be compared against
the output nodes of non-quantitative postures. To do so, for
arbitrary input data, let’s oy, and o,; be the output values
corresponding to Oy, and O, respectively, From these output
values, compute the following transformed output values

d, = Ji0,) +(0,,) (13)

6 = tan™(0,,/0,) 14

From these two transformed output values, c}, is used to

compared against other output values, to obtain the output that
yields the highest value. The input data is then recognized as
belonging to the class wrresponding to the output node with
the highest value. In case that the /* quantitative class is the

winning class, the value of é, is used to obtain the associated

quantitative level. By comparing é against the lower and

upper bounds (5 and 85 degrees, respectively), a comparative
quantitntive level of the input data can be identified.



Alternatively, if the whole range of @ is divided into N
angulor intervals during the training stage, the input data is
classified as belenging to one of those N quantitative levels.

4. EXPERIMENT

In the experiment, hand posture data was collccied using an
clectronic  glove containing 22 sensors.  Five signers
participated in the experiment Each of them was asked to
perform a total of 25 different static non-quantitative postures,
and 3 static quantitative postures. For each quantilative
posture, cach signer was asked to perform signs corresponding
o 5 different quantitative levels. Thercfore, cach signer
performs 40 signs in towml. Each sign was repeatedly
performed for 460 times.
Astandard multi-layer Perceptron method

When a standard multi-layer Perceptron was used, for
training and testing, all 40 signs were first classified into ()
different clusses, where O was varied among 4 experiments (2,
3. 5 and 9). However, if 0 equal to 9, we were first
interpolated each sign's quantitative levels from 5 to 9 levels
because we have only § different quantitative levels, therefore
all signs were 52 signs.

The desired response of 0.9 was given to the output node
corresponding to the correct posture class, while the response
of 0.1 was given to the other nodes. Number of hidden nodes
in the hidden layer is 40, 60 and 80 nodes.

The OMLP method

In the experiment using QMLP method, for the posturcs of
network training, we were first interpolated cach sign's
quantitative levels from § to 17 levels. Afterward, all 17 sign’s
quantitative levels were classified into 2 different closses,
where ( was varied among 4 experiments (2, 3. 5 and 9).

However, becaunse each quantitative class require two
output nodes, the total number of the output nodes was 31.
The number of the hidden nodes was the sanic as used in the
standard multi-layer Perceptron method.

Table 1. Recognition rates of the two methods
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Table 2 . Results using quantitative dats classified into 2
classes during the training phase.

No. Hidden Node Accuracy (%)

No, of

Recognition

Precision Level - - »

2 100 100 100

a) Standard MLP Method

No. Hidden Node Accuracy (%)
No. of

Recognition
Precision Level

40 60 80

99.52 | 99.73 | 99.60

93.64 | 93.15 | 93.37

91.06 | 91.20 | 91.41

A

90.98 | 91.44 | 91.36

b) QMLP Method

Table 3 . Results using quantitative data classified into 3
classes during the training phase.

No. Hidden Node Accuracy (Ys)
No. of

Recognition

Precision Level 9 60 80

3 100 100 100

a) Standard MLP Method

No. Hidden Node o
No. of fagcHraey (%)

Recognition

Precision Level - 0 80

98.46 | 98.76 | 98.72

97.20 | 96.96 | 96.76

B

96.84 | 96.98 | 96.92

Neural Network Type Accuracy (%)
Standard Method 100
QMLP Method 100

Table 1 compares the recognition rates of the both methods
as described. The figures as shown were calculated from the
ability of a recognizer in providing correct posture classes for
non-quantitative postures, and correct classes of quantity type
for quantitative postures. Misinterpreting the quantitative
levels is not counted as a recognition error. From the table,
both methods give the same result.

Next, accurncy in classifying the quantitative level for
quantitative postures is analyzed. The quantitative level
classification errors of the two methods are shown in Table 2 -
5. The crror rate was computed as a percentage of quantitative
level misclassification, weighted by the absolute difference
between the correct quantitative level and the one estimated by
any of the two recognizers.

b) QMLP Method

Table 4. Results using quantitative data classified into 5
classes during the training phase.

No. Hidden Node

No. of Accuracy (%)
Recognition
Precision Level ol B

5 99.20 | 99.70 | 99.59

a) Standard MLP Method




No. Hidden Node

N Accuracy (%),

o. of

Recognition

Precision Level il Bl (M
5 98.30 | 98.11 | 98.18
9 96.33 | 96.56 | 96.51

b) QMLP Method

Table 5. Results using quantitative data classified into 9
classes during the training phase.

No. Hidden Node Accuracy (%)
No. of
Recognition
Precision Level sl Pl M
9 08.84 | 99.00 | 98.96
a) Standard MLP Method
No. Hidden Node
No. of Accuracy (%)
Recognition
Precision Level » @ at
9 98.05 | 98.32 | 98.09

b) QMLP Method

From the above tables, it was found that the standard MLP
performed slightly better than the QMLP, when the
recognition precision level matches the quantitative lovels
used during the training phase. Unlike the standard method,
however, the QMLP method can be used to classify
quantitative postures using a higher precision level than that
used in the training stage. For example, in Table 3, three times
increase in the precision level during the recognition stage, as
compare with the training stage, result in only slightly
decrcase in accuracy levels. Nonetheless, in all experiments,
the accuracy was found to be reduced when the recognition
precision level was increased.

5. CONCLUSION

In this paper, the guantitative-classification multi-loyer
Perceptron network has been proposed. The architecture has
been motivated by the need to deal with quantitative postures
{(those that convey quantitative level information), since the
standard multi-layer Perceptron inefficient when applied 1o
those posture classes. The paper proposes the use of the two-
level classificution scheme, applicd to the standard multi-layer
Perceptron. Details on assigning the desired response as well
as the classification decision for the proposed method have
been given. Experimental results included show that the
propose method offers higher quantitative recognition
precision, as compared with the number of quantitative levels
used in the training phase. This can greatly simply the petwork
training, and yet provides high precision in quantitative level
classification.
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