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ABSTRACT

Pattern Classification is a key element in many automatic systems. Algorithms
based on the matching approach have their own discrimination function for similarity
measure between reference and unknown pattern. Euclidean Distance, which is the
most popular function, can be used to quantify the similarity between two patterns.
However, the use of Euclidean distance is not suitable for some dataset that the patterns
can be distinguished from its shape and are not depend on its magnitude. In this
research, the new neural network architecture, which employs the Cross-correlation
function, is proposed. In addition, a new training scheme used to train the proposed
network can also fix the problem of the sequence of input pattern in the training set,
the problem of an appropriate reference pattern and also help in reducing the number of

reference pattern.
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[ o R -gl’d o v ar o V= £73 =
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2.1 ANAIATIUBY Pattern Classification
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- Computer — aided diagnosis

Speech recognition

Radar signal classification/ analysis
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Tumeuusnasansinssimaiaveslsa Ae neseyteniimesiag fianmnsn
Yoeanuld  Taewisfimediinanaasfeninlizlreedesnanadauuansnaias
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Fuldiadydneal fasvieuunenild fretrasesnudneniidufydneailiu 3

AUAUAN UL fifusainafeiaazdusimin daugs wsin
Emﬂﬁ'qlﬂﬂmﬁnwmmﬂﬁmmnm:mummﬁmé’nwm: (feature  extraction

algorithm) finszAfu input data Lm:ﬁ‘ﬂnn@jum@quﬁnHm:ﬁ?quﬁu n #a91 feature

vector VIaUWNIATY (pattern) TU7 2.4 LARIFIBE MNUNNAFULLLFAN
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sU9 2.3 nanswaspnszvdnAnedisuiuAnlswuwinsgusewsiazgl tilluaaia

A(0) LazAaNgd B(+)

NANIBIAMANEOIEAIUIL n i Tldud x, i = 1, 2,..., n awsndszneuwiy

wWSu LAsat :
X = [ Bopeogit ] N o L0

wanisuwsiassisaslianruzianizauasldunuinguiszmicg - Tausssngimugs
Ansanwzazidnwziiludaulsgu (random variable) tnemanisdnnlaesunniisu

A azlaudumauludneoizgy ellenaasidounnanndtyansunan (noise)
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- WasunsndenaAnanesiumszanliudn aziagnsluniseaniuy
classifier ldatinals annsmatsRanTunadis e ldREadunsaiaunL
@ 1 [} v
wufieenily 2 doudmvFuusiazaans wilunalfiElaevallude Wufavze
dunlduLis space asnilunfivesaanasiie sinacldithudadu Audueay
= -ai o -ljl' = = [ i b7 1 = = d‘
wasnisnazaFeuiasadusinanlfednals  aswzdunisunnzanign
) v v
ﬂE‘:U’aumﬁ‘ﬁduﬂwﬁgﬂnﬁ‘:w’ﬂwﬁumau classifier design stage
” a vua o v saa i -
- unzgaving Waldiiniseenuuy classifier uda aziidsnisedalslunisdsniy
s ANBNNIDIFN IFpBNULLNY ThAe NaT84n1T classification HdaHananm

v k2
LnuwA g Tuneullizandn system evaluation stage

Y Y & A Y

pattern feature feature classifier system
—» sensor > _ > . > _ w =Y :
generation selection design evaluation

519 2.5 TuneusnalunsRaNULLTELY classification

Tugd 2.5 wamsiunausne Ndemesiuluniseenuuusyuy classification angu

& ' =i as ] :’z d‘ ' ' :’1 My o a i o
aziuin  Hgnestleunduetlunndupen  Hesndusiarduneulaliiugassriaiy

v 2 @ v
Arafudndunaumaiiauduiussendnai Juetfunaeesnis classification dunaw

[ £

< " N , ol dl e -
wilsenaazsaanaullesnuuuiuneunediowninlue  iedazdiudgadssd@nsninaes

LY

srunTmasaulinan :

q



=
UNN 3

General Fuzzy Hypersphere Neural Network

Fuzzy Neural Network (FNN) lananennunfisuwaziinisdszgneldeniueeng

] 3 v o S ﬂiﬂl 3 sl dl 3
unsnaelwaunIesIungiangLuuy (pattern recognition) Tneiugnuuda axidsnisnld
lunastln (training) TAsedneet 2 35 laud nsFauiluuuuiidasu (supervised learning)

v
wazuuylifigaan (unsupervised learning) #mFunTseufuuuiigaautiy wiasgunm
=g qll =4 = © = L 73N 1 3

winifunldlunistln aziinasiauuetineans (class) Mineudosandn wazaeunlunis

s

3 [l
Andula (decision boundary) sEMiNAANEAEgNATINTU e linTsianaInlunsdn-

=i

ngu (misclassification) HAeafiga Tymihinazifunidniuludesss Classification

9 U

ar = a

dounsleufuuulifidaeuiy Bunawnniiunlilunisnazbignitmuaddustinaans

q

i '
= e D]

o wiarddsnislunisdpnguivaesuwiisu felprasiiofimunzanluniesdannuadie
(similarity) $EUITUNNLATY ?ﬁqﬁmmrﬁm’qﬂmwnﬂuﬁiﬁ’ﬂﬁu’lﬁ@ Clustering
General Fuzzy Hypersphere Neural Network (GFHSNN) udanesium idd iy
msiaoud Relunuuidaouua cunliffaeu Taldinus lemiaea fuzzy set dnanldlunis
AuuATeLIRTedAand  aondnanssuuazdanesninlunisGoufoes  GFHSNN  ldsow
dnwauzisinly dail
i %uvgmuwmLﬁﬁfummm‘ﬁ"ﬂ:ﬂﬂl.ﬂu@”[ﬁ%\ﬂuuun fuzzy hypersphere WA crisp-
point
2. vadunmumiduiitunalineaalinds  waswuudiglildtmuntiinaana
anunsaiaztindnluFeuldlunandioa iy
3. wqmﬁma?’ﬁl’ﬁum?ﬁwummm@@@mm@a hypersphere a’lmi-nﬁ@:ﬂiuﬂa;q

1AULY adaptive G1A@InIg

3/
3.1 TAg38919229 GFHSNN
Tnsaaiewes GFHSNN uamalddagin 3.1 ulassadreuuy feedforward neural
network 1WA 4 T4 FeazAeaAUlATULLL adaptive \NBATELAQNAINFBINITTEY

fleumn
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F,; layer

gﬂﬁ 3.1 IAs9@$19289 General Fuzzy Hypersphere Neural Network

@ '
ar o S = = =i

i Fr aniduduniusunaunmiiu ez n e duiuiusunwaunnini

w1 n 46 wazardmisnlszuoanaluua n+1 (FuBunm ¢) TuansiAl (radius) 299
hypersphere luiiidn ¢, = 0 azwnefsdndunaunniifuiuuwnfisuluwuy crisp-point
wuAadluiesgadaes wed ¢ Wudidu Aazmunaieindunauwniiisu i hypersphere
“ o v a A a [ > . ; =
wikalu hyperspace auiinlidBunAunniisugusonazunulAsaesia crisp-point %79
fuzzy hypersphere
Y . e ik . i . &

Iwualudu F, azreegnaieauluszudnanszuounistin uazusiazinumazlduny
hypersphere WABEUUIE ?ﬁwmmquﬁm‘mmu membership function 184954 ANTUL
nsdszunanannssinlnausiasinunludu F, uansléisagin 3.2

pauanalugiin 3.2 Andmin (weights) MiTansiassndnedu F, uaz F, A2uan990
AUENATN (center point) 984 hypersphere i G =6y, By B AZUAAIRAANEINAN
189 m, A1 threshold input Munudae T azgnaeldn 1 uazdinnsliumindae ¢ Taew ¢
azudAanapnTAia8e  hypersphere m, wazazgnufuAliszninanseuaunisin  Aqa-

AugnatauaziAiaes hypersphere usazmiasazgnamfiulilumsin C uazawmed ¢

as

FINANAL ANTIUIAGIAAT8Y hypersphere azgnitwualaadld deanisiilmas A, (0 < A,

] 3 i
< 1) @90 A, # aziilusianiuusrnialigeantes hypersphere lassinoazaanliils

1
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gﬂ‘ﬁ' 3.2 Implementation 284 fuzzy hypersphere

A1 membership function 1849 fuzzy hypersphere gnignuaulianuisndnanisis

AUBUWALNIATUITWSLLY crisp-point WALWUL hypersphere §AMINNIANUUAMTT-

9 ar

196 (training set) R = {R, |h =1, 2,..., p} I8N R, = (1, Nre. o Ty ) SEIWBUWAUNTLTTY
16 A9t

A10UN h Azaunsoisn membership function 2984 fuzzy hypersphere

mJ(Rh) = 1-1f(L, C_J, L 1) vl 3.1)

e (L, &, &, y) Peileriduntionulag

0, Mo L+¢)<¢
=5 Efe)n MELAELEIZD .(3.2)
1, ML+e)>1

wazAn L Jaifuszeziieszndng R, wazanAudna1aaes hypersphere m, auing

i 1/2

L=| Y, -n ) -(3.3)

i=1

Membership function azlAn m 1flu 1 §1 hypersphere lfisanunmiisu R, ity
Aagl (Wnniisu R, Anaginielu hypersphere) Arwnsiienf y aziflusoninunacuigaly

NMIRARITBIAIANMITINANTTN (membership) ANBWan hypersphere WBTTEIZWIITEUINg
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R, War C  1WxTU gU7 3.3 uanesinatianan1swaan fuzzy membership function 281

|

hypersphere fillyaduenans g [0.50.5] waziliFatidi 0.3 daanislined y = 1

519 3.3 siaeti19A1 fuzzy membership function fsenieas y = 1

o
as

' ?,' ] ] ' :’; ai 2: c:ll [=1 = i
mmuuﬂwmumm:mwiuumlumummLmzmuwmmmﬂmmuluuw (Lani1zAn

0 uaz 1) Feazgndaiuliluwsn U uazazgnufuluszwdnnszuaunistin tng

¥ ﬂ " ) P |c]7
1, 01 m; WU hypersphere N0 UADT n,
Y ] 1 c; ] 1
0, M m; Tailay hypersphere ‘nagcluﬂmﬁ n,

k =0,1,.,puag j=12,.,q

1 1 Y ' 9
e m, utvuad j ludu £, uae n, ulvuei k lwdu
£% ] i
winzTuualudy F, azianieman (union) il fuzzy an hypersphere fifiila

aanaLAeaiu uazlidnenvinaeanuifail

q
n, = max m;euy, k =0; LD ..(3.5)
=1

'
= o) o

wrazTnualudu F, azinnisdesieAneinaiduuuy non-fuzzy aanun fil

0, N Wy % T

0, = v ...(3.6)
I, Mn, =T

o T = max(n, )

k=0,1,.,p
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Taseaieeee GFHSNN  #ldinaneld  azfulaseafreluuuuiald  (general)
agalefimny  Tuvanguatwdindulsadonlunjudn  dnari@unauwniisueesszuy
Wiy crisp-point Tanunaandn uAssBunaunnBfuaunsouanlddonqn 1 qn

ar :J/ -:‘: all v " o = e  as i [
1 pattern space fatiu InanazlwlazsainraslassdawmniziuuaUnALATUAINETY NNN

Iateensntvualian £, = 0 (Wan &£, = 0 Tuaunish 3.1 uaz 3.2)

3.2 AaN@INNUNIT38UFVRI GFHSNN

Auualivsuliaae R Usenaumiegneddeudu (R, d,} sle B = 0o P B
) e " hdumaunnifuddui b uar d, € {0, 1, 2.....p} Fuduindit lWdiia
ana Tneidle d, = 0 azvunzAud R, viledunauwmiifudnduil n Lildfinsimun
ARNA (G‘ﬂﬂ%umeLWWLﬁ§u%ﬁﬂ§dﬁ unlabeled)

aanesnulunisZauiees GFHSNN aziilunisdaosiumibsuasfuusisauinees
wiay hypersphere i pattern space Tunnzay Falsrneudan 3 duneu Ae 1. Msakis
WAZLLNE hypersphere 2. NITNARBLNIINLAYN UWAY 3. N1TNIRANITRLINY Tnsudazdunes

= = o 5
HFURziaem A3

3.2.1 ASATILAT U hypersphere (Creation/Expansion of Hyperspheres)
nezuaunsiunsinazEnannsinaueddudy (R, d,} angudeya Wedune-
uwnifisuanaud h vise R, gnindlfulasesdne Tasstineazinniawn nypersphere m
o v . . =l a o [ YRR VIR V1
#1%A1 membership function gegauacziilaniaiazianisuenels (drsieenis) nezusunis

1 E £
n1sun hypersphere fiaula (m) U Tuetiurianaidresdunnunniiiu naide

L] 1

b3

faunsunnisuiunuy unlabeled (d, = 0) wda hypersphere ﬁ’wmﬁﬁluimwﬂngﬂ
widhiniansanlunimm m widBunaunniifuiuwuy labeled (d, # 0) udy LNy
hypersphere fifhusundnaeenaatiuas hypersphere fifuaia  unlabeled
(hypersphere fiuaunFnaeserata 0) winufazinnfiansan  udaanntufassinany

Funeusail

Tunau 1

farsaindn R, gnussqegnialu m viseld Toanunsafgafldfanannisd 3.1
twwdr mR,, &, C, &) = 1 Fauamadn R, gnussqagnely m Alfinnduneufivie

:J/ :al == o I e ar o
MINuA LL’E‘WL?Nﬂ?tﬂquﬂ'}?ﬁjﬂﬂl@'ﬂuﬂu ﬂiﬂ



16

& <

AUABUN 2

24 1 [=3 o '

i1 R, Anagnnauen m Aaziinissngauinses m Willaseuaqu R, udlunis

i’z g (= d‘ Ao v o ar
BNt m U %m@uﬂulﬁmuwﬂuiwn’mum Tnudeaninlunisaeaauinees

hypersphere An

1/2

i(cji _"hi)2 + & = A (3.7

i=1

WeRaulamuannisn 3.7 (ualuan  A8sNIn1TI818IunAYed m Wwenazla

aseuAgH R, 1in ey Inelifalindaes m gnufuiu

B 1/2

g‘j‘““’ - Z(cji T i )2 £a Qh ..(3.8)

i=l1

i1 hypersphere gnaeneliasaupgudunaunmiisusiin unlabeled U ARIALD
hypersphere WuazflapumilawAn with hypersphere sananaiusiia unlabeled wazla
aenelasaumquaunaunniisutiln labeled lunsditiasspaiinisilasuatinaaiates

hypersphere T liflusiinaanaiie fuiuTinAa 181998 unaLHNITISY Aall

If d, 70 and class(mj) =0
..(3.9)

then class(m;) = d
& p=i
AURAUTN 3

1l v i v 1 Il
i R, liiflulumuGeulaluduneun 1 vidadumeud 2 Al¥a¥1s hypersphere 7

[ = :’; é’ ] =l
wWuanitneeaspaagiuaun vl tned

C. =R, B g, =0 ..(3.10)

3.2.2 NISNAFAUNITNUNY (Overlap test)
iesanfinsaanlildunaunniifunseiin labeled uazalin unlabeled lunistin

2 ES
Tasedne feiuAssesiinisiarsanianisiuiuees hypersphere %14 2 dszinn d1ld m
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\{lu hypersphere NignasnaauIanNviade 3.2.1 n1smageuN1eiLRuTL hypersphere m,

inseifail

3 v o w & o
0, I naaoun1sNUNUNY hypersphere DUNIHLA

& class(mj) —- - Y oh -
DU, TWnagaunmsnununy hypersphere 1 class(mj) # class(m,)

v
NMINARALNITAUANTALNTENINAIAIN  hypersphere  HNM281893alinnsaiig

¥ g H 3 ]
hypersphere 1ulnsl (dunoui 2 uazdunaun 3 luiide 3.2.1 muaI6L)

@ ar o O P
(a) NAFAUNITNUNUATUNTUTUADUN 2

Awua 1% hypersphere m, 11l hypersphere fignaanainaliinseungs R, uazans
9878 sana1anlFAANISRUAUAY hypersphere m, @NNFW C, = [Cy; Cupre-oy Cy) HAE
¢, Whgagudnanauaziefians m, uaz C, = [c,,, Cy....y ) UAT &, PRAAAUENANGUAT A

189 m AHAIFULAT D1sngdn

Z(Cji —rh‘.)z i Sk BN

AWARIT1 m, ke m, AU

(b) NAFBUNITNUNURINTUAUABUN 3

61 hypersphere ﬁm§ﬁaﬁj’ulﬁﬁ1ﬂﬂnfayzﬂﬁﬂ1u hypersphere auuda wamvinilagnu
Sl lERasfinnnsiuiy wazdn hypersphere fadretulmiiy fhuatia unlabeled U&7
Aldandusiesdinismaasuuaznnan (remove) nsviLAY

auuAl my i hypersphere 'Tq"Qﬂﬁ?ﬁﬁuhmﬁaﬁ@mmmz«gu R, W uaz m,
14 hypersphere JRIARTGAL MITLAUTDITIARS hypersphere vnlaTnennsldaunnsd
(3.1) e ile Ml G B ) =B 6 C B = 1 WS LAAaINTaEes hypersphere

Pagrnanaiafwinnisiuiu


CLP-16
Textbox

CLP-16
Textbox
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3.2.3 NISNNRAANISNUNU

2 o as

dnnsviuieaes hypersphere aduaindupaun 2 Aliniaanisiuieiulngnis

A 5FsLANTRY hypersphere nauiinisaee WuAe

new old
Cu =6 (3.12)

L7 v [ £
damsviuiwAsduaindureun 3 nisindaiazinlasell W C, war & viu
aagudnaeIas hypersphere lia labeled Mignadstunnlud uar C, uazr ¢, 1luan
Audnansuazirilees hypersphere TIuANITNIBIANIGBUANAWILLGD N1IAN9ANTT-

wunuaznn lalag 1

L = Z(cpi —cqi)2 —g, =6 L(3.13)

e & AeAraivnmmdng Fgnidieudieliaunsaindamsiuiuld aannns-
neas A1 & azgnirenlifitszann 0.0001

Tuannadinii & hypersphere ﬁgnﬂ%ﬁulwmﬂwﬂﬁm labeled WAZMIANTTALINY
U hypersphere fuflugiin unlabeled Flfllaaunanaaas hypersphere Fiin unlabeled

v i 3
wuliiflumanaaas hypersphere 1A labeled Agnasiaaulug

If c]ass(mp)io and class(mq) =0

..(3.14)
then class(mq) = class(m )

andanesnulunisFeuii Arees A, Fadunisiimeslunisiimunsunagegaees

hypersphere @ausanaziinisiaeuulaslfuuy adaptive Tnaninun i

old

=Y-A

new

k3 15)

Wa W (0 < W < 1) luatash
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3.3 AIRENINTIEEUS LY 2 35

2
e ¥ o 2 aa o

vindetiarldgadayalu 2 HAd1uau 16 deyalunisussananisinauses GFHSNN
Tneunnidisuiignlflunszusunmstinuanlumsedl 3.1 arduresfeyaasiinuuiuen
ar d. b 4 b 4 = ] Aﬁi‘ =v|l =y
fanlduandlilumse  amwesdayslignidenetrununzanineiazaseuAquuazas LY
a o o s & ad oy 3 a - o Wya
SateulafiiulyidunntesdaneiinulunisGouf luiinimiiwes y azxgnaaldi 1 uay
A, HAutlu 0.2

Tunszuounisiin BunaunmiAfusiia labeled arudusuusnazgnsandnllelu
hypersphere ia¥19aulmi H,, H, uaz H, Auanau tnadayaaes hypersphere uAfzuae
faFaulnd anedl flu c, =[0101] € d,, &, =0,C,=[0.4 06] € d,, £, = 0, C, = [0.8
09] ed,uae ;=0

Bunaunmisusle unlabeled & 4 axgneasidlueslu hypersphere H,
Thoniseneawin ¢, Wiwindu  0.0447  @auuwniifuanaun 5 atwnsnuseqlalu
hypersphere H, Taglianflusasaans uazdardui 6 gneasdaluly hypersphere Taeinns
aee H, 1R ¢, 1 0.0361

~

BunauNnRfUR AR 7 fiaunsamseunquldrion H, Taanisaenedal ¢ 1

'
=X

0.0539 4147 8 ihdunsunnifualia unlabeled Sagnussqlaenisaene H, Wil ¢, =
0.05 lunsiiiinanaaes H, bisniufestAsuuilas douBunawmifisueiis unlabeled
16T 9 1@a¥1a hypersphere 79 unlabeled Fuanlaal fesannldausasauunniisuil
Idnfunnsaeneaes hypersphere 'Lmﬂuﬁﬁ@gilwnm:ﬁ hypersphere Fasaaulud £, =
[0.704] e dywas §, =0

Lﬁﬂ%unmmmﬁuéﬂﬁuﬁ 10 Gaflupana 1 gnlddnlulueiedng azgnaseuagy
Imains1818 hypersphere H, fuiluaiia unlabeled W ¢, = 0.0707 uazlunsdil 1iin-
ARIATDI H, q:s'ifmgnLﬂgﬂuIﬁLﬂuﬂmmﬁmﬁ’uﬁmmmﬁ?uéﬁﬁuﬁ 10 iR H, € d,

wnnAFuaFUR 11 18a¥19 hypersphere sl H, 18 C, = [0.2 0.8] € d, uaz & =

v
e =

0 iflesannliaunsasanuniiifuiifaanisaeng hypersphere auld wmisusalihdy
4fin labeled Tufluaundnaespana 1 gnaamdnlllnenisaena H, Wilawe ¢ Do
0.1118 wazazfeaany H, Widuaudnaes d,

U REUT 13 Feanainldlaonisaene H, (Hesannifeulalunissenenfiuaie
PINANNNTT 3.7) WRiiiesanndinnnsaensan H, 'Lﬁ’mfaum@ml,wmﬁﬁfuﬁ azvinl H, T

o or

o o o | o A o oA a o o v
nunu H5 @\‘]uu@'ﬂ‘ll]wqﬂ']ﬁ‘“ﬂﬂf]ﬂ Imﬁl’azﬂ\jmﬂq?ﬂﬂkﬂcﬂ éz 1"3 LAENINISATIN hypersphere
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Tl H, 3u Tnadl C, = [0.26 0.74] € d, waz &, = 0 uslatelsfinu H, Aafrauluailifinia
o o o 4 o a , ¢ o o2 o @ v o = 3 "
nsviufuiy H, Jafluaundnaessitepranaiiy duivasendusesanieil &, Wlaunawae

0.0848

m1519h 3.1 gadayanldluni1sussenenisinauees GFHSNN

A1GUN | BunAUNLATU R, | Aand
1 [0.10.1] 1
2 [0.4 0.6] 2
3 (0.8 0.9] 3
4 [0.140.12] 0
5 [0.12 0.14] 1
6 (0.42 0.63] 2
7 [0.82 0.95] 3
8 (0.4 0.65] 0
9 [0.7 0.4] 0

10 065 0.35] 1
11 [0.20.8] 0
12 [0.30.85] 1
13 [0.26 0.74] 2
14 [0.490.4] 0
15 [0.55 0.25] 0
16 [0.6 0.35] 2

wAnAsuaALR 14 a5 H, Iuunlvad Taefl C, = [0.49 04] € d, waz ¢, =0
dl ﬂil 9 =g -ﬁi1 1 = o’ o [ o :’/
Waneneuiazaene H, Waseuaguuwniiisun 15 deangdn nanisfiuiuiy H, Ay
AauaRuaas H, 14 uazaiie H, aunnlud Taedl C, = [0.55 0.25] € d, waz &, = 0 uaz
winififusiugaineflugiia labeled Milusuninaesnana 2 gneandaluly H, Taenis
988 &g 1 0.1118 uaziiiesann H, 1l hypersphere 4% unlabeled AatuasspaLfRew
HaAANE 209TuMe BuRali H, € d,

ADUZAYNE Y99 hypersphere flanuaiiaiasadunistin uansldifnigei 3.2
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A15199 3.2 ANNUTAAYINYIBY hypersphere

Hypersphere | QAAUENans (C) ARNA AN (£)
H, (0.1 0.1] i 0.0447
H, (0.4 0.6] 5 0.05
H, 0.8 0.9] 3 0.0539
H, [0.7 0.4] 1 0.0707
H, [0.2 0.8] 1 0.0848
H, [0.26 0.74] 2 0
H. 0.49 0.4] 0 0
H, [0.55 0.25] 2 0.1118

3.4 Modified Fuzzy Hypersphere Neural Network (MFHSNN)

W

A5 General Fuzzy Hypersphere Neural Network (GFHSNN) Aldnanaialaiiy
auiiulddn n13@i1e hypersphere Juanlmiudazin ﬁ-@::ﬁl,‘%%uwmmwLﬁﬁfﬁﬁﬂﬁﬁmm?
a¥19 hypersphere W aifluaaAudnans viena1alédn BunpuwRfuusniignussqer lu
hypersphere A9 4AANENA19189 hypersphere Yiues Lmzﬁuwmwmﬁu%uj flazidnan
dluaundnaes hypersphere luntamas aznnlviauinves hypersphere 'Lmﬁu WA
Autnadaauiugausy

Modified Fuzzy Hypersphere Neural Network (MFHSNN) 1aidauilaenszuaunis-
Gauiaas GFHSNN Taunisvinliqmeudaes hypersphere wasuwadlumuaandnaes
hypersphere #28l 35017 AR MFHSNN @:Lﬁ'ué'lmus‘au'lun’nﬁﬂu;ﬁﬂu 2 98U (GFHSNN
WnsGoudfiosseudnn)  laeluseufivilsanfiunisBoufunufeaiuiu-  GFHSNN
ﬁé’amnm?qéumiﬁ"ﬂuiﬂmﬂmm ﬁﬂxﬁ'\msma‘ﬂuﬁgm@uﬁﬂmwm hypersphere mnﬁq‘?’i
Qnﬂ%a%lummwnlﬁ@uﬁqLﬂﬁﬂma\mn%uwmmmﬁi‘wﬁLﬂuﬂuﬁnmm hypersphere
LﬁﬂQﬁuLLﬂzﬁ‘ﬂﬂ'ﬁﬁﬁ@ﬁﬂQL%WS‘@EI@T (centroid)  WiantuAnusFadl (9BUAALTU

&, L7~ & ¥ l:\l = 2 a :’/ q;
3086 189 hypersphere Wfugued udaEunszuaunisGauiuuuiAndnafaluseud 2
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41 ARSIRTULAZATARADTIHATY
Tnevialdudolunisutanguviadanguansdng (object) idndmgiuazeylugilaes

ARBILLILLIUNANRA (geometrical vector) gﬂﬂﬁmmuﬁmﬁmmmm (continuous-time

waveform) waasiluansunuyllsadiad (discrete-time sequence) Snaznsziningnisdn

AuAENY (similarity) vseldadne (dissimilarity) sendnedmg ansaetgidu drilnamed 2

v
o o

AT ALas ARy fanunsnaruanidinnameiasesiuadiofuie
witlauiu  (equivalent) usdAmas 2 fnThannz I AT LA AN auAnAaiy
nAmefrasesfuAadefuslimiout Tunisazuenfefiunneanuainaiuszming
nmm’a%@iuﬁ\ﬁ szl Aesiianting inner product , scalar product W@ dot product
Dot product sendnanAnes X waz Y 1o funadail

XY =|X

|Y|cos @ .(4.1)
aa n‘?:z 1= | e ﬁy = = o '

Tunsdinvameiiegiauawinfuwazg U lunAn1waeqiu Aaes dot product Az-
fAngean  wazndnnlddnamediasanilouiuynlizns  udlunsdiinamedviaesd
WenmuaivinfuuaRfianisfisaainiu azléidn Xy = 0 lunsdlil A1281 dot product il
Aduauduaznanalddnamesiglindoiu andiulddn dot product 1huiAsedile
o dl dJ ] 9 as ) -3
funilaiagunsnuan AN Fun nuaeIA AN B iusnd N ALeDS

= ﬂ' I = ] dll g :lL %I/ =

WAL ARUAIANULLABILEININNAY  x(t)  uaz  y(l) PRI LLE R
ﬂi‘:ﬂ’mﬁ\m’mﬁ’)mmuwaﬁm (amplitude distribution) LAZNINANUINAY (time distribution)
wuuREaiuuds  wansdnstedwiasanieniy Inevilludaludamiresnisdsaiiunig
Wi9NN99aT  (time  delay  estimation)  tuglAduaegtaziininszatan1aeNnggn
wilaufuusssuans1afiuiinisnzatanianat e assgUadudinanansadauld
3 a o a4 . 2
Wy x(t) war yit) = x (1) ’Lumsuanmm'mﬂmmﬂummgﬂﬂammumammmmmuu

= o

o & et
a2\ inner product NN Fiell

b
<x(0,y0> =[xy dt (42)

o
¢



e a <t <b Apdaananiaula uazii yit) = x (t-1) waa azlsidn

b
<x(O.y0> = [xOx(t-7)dt (43)

a

lunsin T = 0 gUAdu x(t) usz y(t) = x (1) azflugdeauwimaaiuuazinly inner
d o T o - “
product AMNANNIGT 4.3 HeAngean Tananalfdisaesgrauiauadisiuuasimiaumy

nnusenie s lunsaim ldtdounidonlavasgUadn x() waz y(t) atludaeaan [a, b] ey

'
o 4

(Huregaawivaeslisaiunianen) axnsh 4.3 AacliantluAug lunsiiiaunsonans
ladrgmauieassliinuadiaiy
AnfunisipauedeiuIesaIauwLU lsRIes (discrete-time sequence) AL#-

1151l inner product 14 sl

N
<x(n),y(n)> = Zx(n)y(n) (4.4)

n=l]

dio 1< n < N Fedasiiaula dwReaiunsdesnameiiazgrduousraiiomis
1987 inner product AMNANNET 4.4 FanunsnldlunisianuAduiuT IS FLLLL
laisieidlasls

Tutlyuinisdszifumamdamanar  azldaseamefaduieridu  (Cross-

. o ‘i o=l o o ar ' e [ .:91‘
correlation function) FIATBAADITLATUNIATU $EMI19 x(n) WAL y(n) ’Lm HUBTHANY

r,(m) = D x()y (n-m) (4.5)

n=-w

e x(n) waz y(n) enaazetTugleesduawdedan uaz yv* Aa conjugate 284 y

Aauds m luaunishl 4.5 azgni3und lag variable Teialidn r iiflaiduges m win

2
cao =g o

rosfaiduliine Minamen (shift) gurauduladunilsdaaszer m uazwiAgaeleridy

fiszyzni9iaen m Wueanun WwALaTY inner product TuuuLBu AteanaTadulaidy

1 9 ar ' &H‘ o ' gﬂ'
f-n::"memmﬂmﬂﬂm:mﬂmmgﬂmﬂu I AMULUUINITEABY M lﬂ"'f
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7U# 4.1 wamgladuaes x(n) uez y(n) uazA1AseaRefTadtuieTiulaised

Lo e

4 3 - ol e i i g
suaau Balaevinluudn Arpsaamefiaduasiidnmusilianuing (symmetric) 81 x(n) uas

n) ldlddnasnszanen1auennaqawmiiouii sauanslusi 4.1(a)

2 2
1.5 15
1 1
04 s
0 »—o———— 0
2 4 5 a 10 2 4 B 8 10
Q)] ()
15
——— T *—————
b 4 2 0 2 4 b a

()
714 4.1 Aseanefiaduilaidu (n) guadu x(n), (1) suARY y(n), (A) r, (m) vdensaaned-

iU UENIN x(n) waz y(n)

31N 4.2 uansdnseamneiiaturesgladu x(n) was x(n-D) Fuflugiaduiliann
nsudaagdadu x(n) Thiluszas D lunsdindyyiomsassutlauiuusininaeullnig

a1 Asm WiANATeaAe AT UNANHUENANNIATAND  LaZAULINANATRaRR ATy

L
= =-1 i

NFNgean (peak) 3 AazidluAunsivaniessazaninisidauniaaantiuieg

Araane s aTuaitun lgnaateluduiluaian i lduesuelad (u;nnormalized)

=

RN ﬂUﬂW?‘NVIﬂ’]EJ@EJ’NIUﬂ’]?U@ﬂt'Nﬂ’J’]Nﬂﬂ’]ﬂﬂu‘ﬂ’ﬂdﬂ@\‘lﬁ‘ﬂﬂﬁu i lunsal x(n) LA

S

o

y(n) Lﬂumﬂmm‘ﬂmmmlm ANYBIADEADTTLATUTENGN x(n) wae y(n) az ﬁﬁﬁumj

=

Lo

TUIATBAIARDBIAIY TTUAR 61 x(n) WA/ y(n) Ustnaudaanidn (element) niAg

fazinlirnsasaeisiadugesulldae nsusiueladrraasnseanaiiaduiafdu
ey lidariduliAngeqnoti | %wmaﬁm’qgﬂmﬁuamgﬂﬁmmmﬁ@uﬁu wazvinliannan

nfAnTuA

7
L3 as

3 9 = ] b7 o lﬂl
PRIV x(n) WAL y 'Lﬂmeum@ﬂszmummmmmﬂnu‘tmmqmmgﬂﬂau

ATBA ﬂ‘ﬂﬁ‘ﬁ‘Lﬂ‘]ﬁuﬁﬁﬂ“ﬁuiﬂLLUUﬂ mum?umu@imum Dauls fail
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n 1 i
r,, (m) = —Zx(n)y (n-m) (4.6)
. E n
112
Tagh  E=| D> X’y (1) (4.7
n n
2 2
151 15}
1® 1t
05¢ 0sh
e e @ D e
% 2 ;A 8 0 2 s 5 s

m )

40 8 & 4 I 0 @ 2 4 6 8 10

< o o PP a A o =
7Un 42 AradrefTiaduresdygraninisnssanenauennagamiianiu (n) sUAauY

@ e

1
= ]

x(n), (1) gﬂﬂﬁu x(n) NEUNIUUAETZEE d = 3 e, (A) ATRAADTILATU-

Waidfuwisesalnreftiadureglafu

42 TAssds1s1R9ATadAassaduiiasaainiisa
AsRanefIadulnseainidsa (Cross-correlation Neural Network, CCNN) 'l#iin
wnAnlunsadelastnennain  General Fuzzy Hypersphere Neural  Network
(GFHSNN) AlEnanndalluumd 3 felasedrefageuut BLUUTINFIUIBINTTIAAN
ARNEIUTEUINUNTIIATY Tne GFHSNN Mdszeiznng (Euclidean distance) seudnaunmiiisy
Wusauananuadie Tuie fssummeszuinaunmiiindoien Sugmdiuniifuiasad
auAeAdetn Tuaned CONN azldrnaseanefiatifiusuananuadieiu

] v 1
JaAATdAIaTUTuAsHAN LT AN AU INAUT s naRe dunndifuaes

b
s

wiisule AlidnseanefFiaduge azuandn unniifugiuiianuduiusuaziiaanu-

ABNETUgIsaE
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anntlmunsanaes CONN wameldlugin 4.3 dadlulasea¥rouuy feed forward

ar

neural network 111a 3 1 TaelAsedngazanaf@uiuy adaptive INBATELARNTALLLA

o w =
gaatloyuINLNIININN

Target Output Vector

QR D] o
\

Cluster layer

Input layer

Input Vector

s1% 4.3 annilnenssuaesnsedneinatulivreainiisa

e

wn 1y Input layer 2118 N Tiua Sanawihnlunisfudunaunniisuaun N
. o2 i, 4 4 8 4 5 i 2
15 lwanendun 2 qzgnisandn Cluster layer FTUTUNRENINNTATN reference 15D
4" dl =5 1 !n’/ 1:’?’
Template TuFet] Aunsrudun1stn Tnausazinialudull azuni 1 reference pattern
% T ¥ S . B Y
ATUINUN W, MTBNABIEUINTY  Input layer uazlnun T; Tudu Cluster layer Az
uana reference pattern 184 T TanAwef w, HaztlUlfluntsAuanmidn membership
. i ar A:i‘ , G o a6 =l' b 3 i
function 31974 reference pattern 5ol | ALBUnALNMIATUNGN 1A N1 lulaTedne
dnvualimsuiiaan Ae 1 = {, | h =1, 2..., p} 18R |, = (s greeor i) WY

BUWALWMLATUAIALT h uda azasofiend membership function 184 T, lédail

1, & fow,1,)=mC,

Tj(Ih) — Y ...(4.8)
fiw;, 1), 01 flw,1,)<mC,
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as

uazANNANTY f(x, y) HR8NE

Zhe

inyi
i

fix,y) = i =12a0N ..(4.9)

2% | Lw
i

i

Harfdu f(x, y) lugunisii 4.9 Lﬂumu@s‘miﬂfﬂrﬂm@mfaé‘?mﬁu?fﬂmﬁ@uﬂu@uﬁ
ENNIAIABY (square of normalized cross-correlation at zero lag)

A1 mC, luaunas? 4.8 Lﬂummﬂaﬂﬂﬁmﬁuﬁmm (minimum Cross-correlation)
Fausasmnreuates reference pattern 6@t | Taeen mC, Hasidneoemnanig

inauadeiuA1iAiiaas hypersphere T GFHSNN Tuszudnenszuaunisin A1 mc, az

o X & i i sl sl .
gﬂﬂsummw'ﬂﬂmnums‘ﬂunu (overlap) NU reference pattern aUVNaLANARIANY

L
v EY i v ] v 13
dugavineg e dui 3 (udu Output layer Fawsazinualutuilazunuusszaana

v
o o O

v ] Y v [ v ]
sfuanulmaiouanludull azvinfudunuressananiilussuy Andawmin w, 7

I
=

@ 1 b3 1 ¥ 1
densasznindui 2 uardun 3 anduifissdn 0 vive 1 Wil Tawdn w, Az 1 de

Tius | udud 2 Wuanndnaesrans k uazaziihi 0 Welvues | uau1dnaesnanaay

[

1 3 ) i’/ (=] dy
AN ATaIuaas Iuualudy Output layer azilusan

M
D, = maxT;«w
=1

k=0,1,...,Q ..(4.10)

kj *

v i
amwmdudunaulunimeasy  (test) uslazBunAunMITuasgniaduiaiiue

11nvesnana Inalnunrasparanliduening (D,) geganasiiunasasnisminue

Qu q

4.3 AanasnNluN1558Ug1a3 CCNN

o o

nvualimsutiaes | ifwgnaasddwdu {1, o) tae 1, = (i, iy o i) € R 1T

= < ¥

BUNAUNMIATURIALN h uaz O, € (1, 2, ..., Q} Wludwdindndlldsaiinresnana

nrzuaunsEinaznssiiuBunnunniifuiied lueanamoniuliiazrana  Tnaas

anyFAWBunALwnRFuynsafduandinaesaataiuily reference pattern fau uda391n
o

nisRatTaanunmiFuRmunzaudnuiiu reference pattern a3vaaalnsadng faensy-
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<8 r-?l/ o v o (Y = =0 = = ]
vaunseinluguuuy azldvinlfansurasduymunniisulumsuilaaninansznuse
ANELZADNLATIIE

[

v v ¥
FumeulunisFeaufaes CCNN Usznausian 6 Tunaw fisil

1. #5NTAUDIBUNAUNILATY P

fmuald P dhwsseesdunsuwnifunauaniduaindnaesnaaniingaanla

P={P}={L|]€ev} .(4.11)

e g=1,2, .., mAs duandrasBunaunniisului P
v Al awindntldrlinresnaiannndeanla

m Aa Anmuunauniiiuiiduaninsespans v

2. @514 reference pattern ﬂmgﬁ

o v

v
$N19a519 reference pattern ANBUNALNNIIFUIIMNALULIR P Tae reference

1 v

v v
pattern fiaf1aulutuneuilifluifien reference pattern auyf laild reference pattern a3

gaalAzadnel

R_TEMP, =P, g=1,2,...m .(4.12)

]
o

ar :’/ [~ [ 1} o= s 2 ar ]
NHIANUUNATNTINUAATATRAADTTIATURNE A (mC) 1%y reference pattern WA/

s ﬂ‘ v dil’ dll I o=l ot ul di’ (=1 i lﬂl o ‘%’ tﬂl
AINATINUY “INﬂ'\ﬂﬂ"ﬂﬂﬂ’ﬂﬁ‘ﬂﬂ“ﬂumqqmuLﬂuﬂq“ﬂnqﬁuﬂTULW’ﬂUﬂﬂm'ﬂUL‘ﬂm‘ﬂﬂ\j reference
pattern waztlaaiun1miuiussmning reference pattern Niagsiaaanariu fatiulunisionun

A1 MC U AsAean i
Vs :Tg(IS)<1, g=1,2,...,m ...(4.13)

dla s Ae BuAndresdunaunniisulumsuiisann ldiduanniniesnana v

' ]
oo

T,(1) Ao Weidunfisauauannisi 4.8 laanisimuald R_TEMP, 1w
reference pattern
mC_TEMP, #i AAsadAaizadumingn1es R_TEMP,

<4 = < rd‘-:gi} or - d' 3 ar
v AR @uLﬂﬂ“ﬁ‘Vt‘ﬂﬂﬂd‘ﬁu&]ﬂ@’mﬂﬂ’lﬂdﬂul@
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m A8 AueuBunsuwnIfuiduaundnaesaaia v

na1one azfeliifunaunniifulailildstianans v uazlidneiye T, 1y 1

WwalmiiuldauRauledingn An mC_TEMP, azraiiluliniuannisi 4.14

mC_TEMP, > maxC,, g=1,2,..,m (4.14)

maxC, = max {{R_TEMP_1,)},  g=12..m .(4.15)

5

] ] i3
Tilein maxC, Aldanannisii 4.15 wiwun mC_TEMP_ fail

A, N maxC, < A
mC_TEMP, =4 maxC, + ¢, &1 A<maxC, <1 ..(4.16)
A
1, U9

Wa  f(x, y) Ae Heiduilanuminaunish 4.9

<4 a =3 ﬂ‘lﬁ'd" o = IHI o s
vV AR 'EMLD"]ﬂ“ﬂﬂ‘ﬁiﬂﬂ\i’ﬁuﬂﬂ@’lﬂﬂﬂﬂﬂﬁﬂu'ﬁ

N

o

m A8 AnuauBunauwniiiunivantineenang v

C-'lldn ' i

A Fe AGENGUT9 MC_TEMP, TalA1egszidng 0 Ta 1

U

e An ARfrwadn Agnldiieaneliaimisairdnnisiuiuld aannis

nARB4A1 & axgidantinlszunos 0.0001

3l ﬂ;’]\ilﬂﬂLﬂﬂéttﬂﬂﬂﬂﬂ?tﬂuﬂuﬂ%ﬂ M

Y
a v =

1 v 1
AmFU reference pattern usazsngnanyAaivauluduneun 2 Wnsaasaugdn

au q
]

faunpwnnidifulathaluen P Riluaundney  EunewwniisuiduaundnAeduna-

LY

wnniiisunin A innaes reference pattern fafly 1) udafuarnnfiuanndalily

wawmed M, hilmnavindudnnureduwaunnidisuluan P Tasnamed M, taniy

1 v
luuisnameMaeNIzAl 0 waz 1 witu Tee 0 asvunedenisldfluanndn waz 1

as

= [~] = 4‘:
WU DINITTIUANTN At

1

3

iiioP, € R_TEMP, g=1,2,..,m
M= 4 , (4.17)
0, 1oP, & R TEMP, x=1,2,..,m
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Aaaginaiu 81 reference pattern R_TEMP, Han@nidlu P, P,, P,, P, WAY Py LAY

M=[1010110100...0] ...(4.18)

e M, e wawmeiuanininiiusudnd iy reference pattern R_TEMP,

m AR ATuauEuWALWIW TR P

< = d
4. NRIFTUILAAN reference pattern NIUNITAN
dunauilaziilunisiqan reference pattern a59184lAs91E 270 reference pattern
i = 3 I [ = o all
fanyRainay laefidasninlunisden Ae @end1uow reference pattern lildiaeign
dl v = =g
naunsaasauAgulanauwaunnAiu g P
= =l as d‘ a0 o P d‘ﬁ
Reference pattern azgnideniiazaaliFesq taedadulunisi@eniiaisunan
] 8
Rauly Awsiallil

v ]
- nMa@an reference pattern 14 Mnl¥arwauganininseuAguinasaniAIian
.4
gn

'
ags =

v ]
- druuBunaunniisuiiiluani@naes reference pattern Wu HAuNTiga

b3
=

- reference pattern HulA1 mC ﬁ@ﬂ‘ﬁlqm

Tatasfiansnnanienlawsniou drwudnil reference pattern wanndn 1 fa
duldmnienlausn farfiarsonidewlsd 2 uaz 3 sely audidy Lmzmﬂﬁﬂnfazéuﬁm
ﬂQLﬁ@ﬂ’mﬂ‘j‘ﬂﬂﬁ"ﬂUﬂQNﬂNﬂ%ﬂ%ﬂﬂNﬂlumﬁl E

[

or Y- ni = =i v :
sanasnunldlunisiaan aunsoiaeule fail

Covered_Member =[00 ... 0]

Selected_Index = [J;
WHILE (Covered_Member = [11 ... 1])
Choice = [];
FORg=1:m
Temp = Covered_Member ORM,;
Choice(g,1) = g;
Choice(g,2) = COUNT(Temp, 1);
Choice(g,3) = COUNT(M,, 1);



Choice(g,4) = 1 - mC_TEMP;
END;
Choice = SORTROWS(Choice, [2 3 4]);
Index = Choice(m, 1);
Covered_Member = Covered_Member OR M, ...

Selected_Index = Selected_Index U Index;

END;

BuAndaes reference pattern Agniaenazgniivliluawmes Selected_Index

R_SELECTED = { R_TEMP, | x € Selected_Index } ...(4.19)
mC_SELECTED = { mC_TEMP, | x € Selected_Index } ...(4.20)
\Wla  R_SELECTED Aa LimA184 reference pattern ‘ﬁlgmaﬂﬂ

mC_SELECTED #a 11831 mC figniden

m A8 AuudunAwnifulwem P

Covered_Member Ag awmafuaninisiiluauinlatson
Selected_Index Aa LQﬂLﬁﬂ’?ﬁLﬁU%ﬁLﬁn‘iﬂJm reference pattern ﬁlgmﬁﬂn

| -

M, Aa Aneiuamnsiluaunineed reference pattern R_TEMP,

'
o ot = s

COUNT(X, a) Aa HafdunAuaIanuauauidnaes X ilAmaiu a

'
» = 4

SORTROWS(X, Y) Aa WaridunAuawmmsnd X Auaunisideaudn Taenisces
o o :’a =i 1 ol rn: o o o L
axnILinAuiaLn99ee X uarfasainanlunaduifiszylunamas Yoanuansy aindesly

N

5. @519luumtunlunulaseng

auunuaazaieululudu Cluster layer aziiniuAanIL reference pattern
ngnideniuldluetn R_SELECTED #léaandunaun 4 laglunisafreiuumnazsiasionis

1
NUUAAA97 G
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|
]

5.1 fintdwiin w, Midansiassudng Input layer uaztuunafia¥raaul

w,,, = R_SELECTED,, q= L2y 0yt ..(4.21)

- a e J
B AR 3TUIU reference pattern NYNLRAN

R ¢4

i A2 anuauluualudu Cluster layer Niae Aeuntifazninsininualu

4 ] 1 1
5.2 Andwiin w, Idenseszudniuuaiiadraludiu Output layer

t?ﬁ k=v
) g=1; 241 ..(4.22)
0, Mk#v

'
=4 o =

e r AB 4149% reference pattern NQNLAEN

, o T} L%

j A a1uauluualudu Cluster layer NNag nauntifiazniinisiininua i

U

= _ < e‘-dld” L% =) dl o [%3
v Aa Bwdndhdlldiafinnanafinnasaula
5.3 ArpseaneiTiadunngm (mC)
mC;,, = mC_SELECTED, , q=1,2,...,t ..(4.23)

=i L= ° A <
e r A8 37U reference pattern NYNLAaN

=i 9

. A e ) = P P o a ,
j Ag auouluua ludu Cluster layer Nlag neuntinazninisivninia
6. vInd1

v v | ' I
Mg TuAauN 1 D9 6 MuTlinAaIABN AUNTEIIATLUNNTNATBIARIA

4.4 ARLEIINTINGIUTRIDANDTNN
Tudeliazldgadayasunn 4 §5 dwou 12 days lwnisussenanmsGaud
189 CCNN A91% 4.1 uansdayaiannainldlunisedn luntinimuald A = 0.95 uaz € =

0.0001



o o o
A197199 4.1 adeyai ldlun1sUsI818N19%19714989 CCNN

SFuR | Bunmuwnd@iful, | 1lieeana
1 [2.83.95.46.0] 1
2 [5.84.26.16.0] 2
3 [7.7 5.0 4.8 3.8] 3
4 [38 8.1 5.2 §.7] 1
5 [7.36.54.53.2] 3
6 [5.55.94.06.0] 2
I [21 354.57.1] 1
8 [4.1 4.3 B.D 5.5] 2
9 [3.93.34.15.9] 1

10 [5.14.94.03.9] 2
11 [3.7 4.7 4.4 5.2] 1
12 [5.96.44.54.4] 3

nsrusunstinazFuiudunaunniisuidusiinaana 1 few Asil

1. 4519 TAUDIRUNAUNNLIGTY P

o
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dld” [~ = a6 1=Ild = [=1 ) dl o a:t = a
TRt P azifhugnresdunnunmiiiunietianaaiusiiannnaeaula dupe  1lia

(2.8 3.9 5.4 6.0])

P = {Ih|0h=1}= <

[3.3:3.1 52 5.9]
21 35 45 1.1]

[3.9 3.3 4.1 5.9]

2. @914 reference pattern ﬂuqfﬁ

v
@514 reference pattern AMn@unALNNIAFUIIMNA TR P

[3.7 4.7 44 5.2]
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(2.8 3.9 5.4 6.0])
13331 .52. 571

[3.9 3.3 4.1 5.9]

[3.7 4.7 4.4 5.2]
S 4

o o

AMIIMIANATEAAETTIATUGIRA (maxC) Femde R_TEMP  uslazsioriuduws-

q

o=l ar

wnniiFuauiauan ld A TugiaAaNa 1 A15199 4.2 LAAIRANITATUILAIATRAADTIIAT

d ] o J o
M990 4.2 ANATAAARTTATUN LAANNNITANMIL

f(R_TEMP, 1)
R_TEMP maxC
12

1 0.9393 | 0.7504 | 0.7172 | 0.8927 KOl9ZOL 0.8349 | 0.9791

0.9656 | 0.7862 | 0.7312 | 0.8925 i’r 0.8347 | 0.9837

0.8643 | 0.6362 | 0.5969 | 0.8425 [§€ 0.7389 | 0.9076

|

0.8300 | 0.7772 | 0.9449 | 0.9641 0.8742 | 0.9703

7881 0.9535 | 0.9436 | 0.9788

1019703%

a A W N

0.9627 | 0.8619 | 0.8531 | 0.9757 [i@

y o e i
Wa  f(x, y) Ae Herdunianumuannish 4.9

o

] v
ANA3N 4.2 A WELHAY maxC fatl

(0.9791)
0.9837

maxC =4 0.9076 {

0.9703

.9788
k097‘8 )

3 , I r , | ‘J 1
WA maxC Nldunimuadt mC_TEMP anReulanszyliluannish 4.16



mC_TEMP =1

maxC, + €
maxC, + €

A

maxC, + €

maxC, + €

0.9837+0.0001
0.95

0.9703 +0.0001

0.9788 +0.0001

\

L7 '3 [~1
3. @519ALABTHARINITILUENIEN M

(0.9791+0.0001

v,

(0.9792
0.9838
0.95

0.9704

N

0.9789
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1 k%
dmiu reference pattern uslazsagnanyfaiaulinsaaeugdn  Haunws-

wnniisulatinaluan P Mifluaunined TnamsaasauainAeninmues reference pattern

13 [l
1 AN9197 4.3 UAAIABNYIWALE reference pattern uAaTHa

A15199 4.3 ANLBYINAT84 reference pattern UWAAYHA

T(P,)
R_TEMP
1 2 3 4 5

1 1 1 09698 | 09648 | 0.9653
2 1 1 09540 | 09794 | 0.9562
3 1 1 1 0.9449 | 0.9130
4 0.9648 1 0.9449 1 0.9687
5 09653 | 09562 | 09130 | 0.9687 1

Wa  T(x) Ae Herduntienumiunaunish 4.8

1 E
INATFI9N 4.3 AINITNAFIUIALABSUAAINIITIUANINTN M, Loigatd
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4, WANTUILABN reference pattern T ISY ENREA P

=

Reference pattern azgnideniinzsinliizes) Tneianaulunisidenifiansmnann
| v
Heuly fysielii

- nsiden reference pattern 1 M lRauINANNENAsaUAgHTALTINT AN

=
nam

'
a g

- uuBunaunniiFuiiduannTneed reference pattern W HAmANAgA

9
2

- reference pattern WulA1 mC Waangn

d‘ = a [~1 ) |=lI :’/ :: & '

WeRansanannamaiuasmnniuantin M, laludureui 3 ude azwudd
R_TEMP, azgnfiansasndaniusiousn iasainieidan R_TEMP, unilu reference
pattern Az R uauamndinfiaseuaquinusNiAmINign  BuRe  §INII0ATRLARN
aunainld 3 64 (P,, P, Wz P,)

a o al A a A o ol
M99 4.4 LLﬂm\iﬂu’]']]ﬂ'ﬂﬂ?ﬂUﬂQNLuﬂNﬂqﬂﬂ@ﬂ reference pattern AANAB

= a A A a a o o
A9I9N 4.4 ANITNVATALAYNLNANNITIABN reference pattern AINABY

Reference pattern andniasaungulaesan =
L4 £ » ANNTNUDY reference pattern
AINABY WHANNITLIREN
R_TEMP, 3 (P, P, uge P,) 2 (P, uax P,)
R_TEMP, 3 (P, P, URE'R,) 2 (P,uaz P,)
R_TEMP, 4 (P,, P, P,uazP,) 2 (P,unz P,)
R_TEMP, 4Py Py Psuss P 1(F)

AMNATNATWIWIT N19iaen R_TEMP, ¥se R_TEMP, azvnldaundniiaiunsn

v o '

[ v
AsauAgulANAWIWYNAY WALl n R_TEMP, Hanuiuan@nunnnda aeiu reference

pattern ﬁqﬁﬁmﬁgmﬁ@nﬁ@ R_TEMP,
v i) v
WA R_TEMP, azgnidganiiiusogaiing deaunsnaseunquaniinliasuia

5 19 uazn L ls

[2.1 3.5 4.5 7.1] 0.9500
R_SELECTED = <4[3.9 3.3 4.1 5.9] ing mC _SELECTED = < 0.9704

[3.7 4.7 44 5.2] 0.9789



5. @519tuum kN lnulagsaning

aialuualudu Cluster layer NENNIIHIAB T Fiail

v i i i W
5.1 Aniwtin w NiTenseszudng Input layer uaztuuaiiairaaul

[2.1 3545 7.1}
w; =R _SELECTED = [3.9 3.3 4.1 5.9]

[3.7 4.7 44 5.2]

v ] 1 ]
5.2 Aniwin w, Misenseszudninuanainludiu Output layer

5.3 AaredmaiTiaduiga (mC)

0.9500
mC; = mC_SELECTED = 5 0.9704

0.9789

6. ¥in
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nasiniutiaeanad 2 was 3 Aald (Lilduanslie) Wensuynalinresnaiauda

] =l = & o g
Tﬂa\ﬂmm:uwwmmmmm ANRM



([2.1 3.5 4.5 7.1])
[3.9 3.3 4.1 5.9]
(3.7 4.7 4.4 5.2]
1 [5.8 4.2 6.1 6.0]

[5.5 5.9 4.0 6.0]

[73 6.5 4.5 3.7]
~

ij

111000

000110

0 00O0O01

ij = 9

(0.9500 )
0.9704
0.9789
0.9704
0.9758

0.9683
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UNN 5

N19ANLUUNITNARDILALNANITNARDY

nsmasesienageutszavanm  ludeanuanaunsalunisuiionguaes  Cross-
correlation Neural Network (CCNN) aznszinwfauiieudiudn 2 danesiu Thude
Modified Fuzzy Hypersphere Neural Network (MFHSNN) was Fuzzy ARTMAP (FAM)
lwidell 51 arldgedeyaumsgiudmou 8 gadeyalunmmeaseunlss@ndnmaes
CONN #ildfanesfinluntsfouiunian tufe SaneifulunsBeufildiu MFHSNN
FanBauifisuniminnuesiiifuaseaneimaduildly CONN uasfarfduszazmadile
11 MFHSNN dauliadedl 5.2 anflunmsmagau CONN ilddanesfalunsBaufunnim
MgnanaWlwiadedt 43 warlwindedt 53 anfummeaseuiuduiugedoyadama
Falan1E Ing

Tun1sagaunugadaysurage azinslfualasuswiniinefinereustas

v

faneinn  uazidenanizgaresnisimef  WlERmgnaesgeganniunanimanes

U

v '

TnemnsTinesfiazdaninnnsiu sesusiazdanesiia 1w
- Fuzzy ARTMAP A8 vigilance (P,), learning rate (ﬂﬂ) wazaNIUsa L luNng
IfszuuEeug esnnmmmaesiiuluinnsutiangugtuny dafu ART, 109
Fuzzy ARTMAP aafimmualitlaifinsGang uar p,, HAwviaiu 1
- Modified Fuzzy Hypersphere W finesiFealfu A A
- Cross-correlation Neural Network wisfilnasfigestsy fie A
nsnanasianun IHaen1dlisunsy MATLAB ey 6.1 Tuns@auiaidunis-

NUIBIBANEINY

51 manaaauils@ndniwaas CCNN Rldaana3iialumsifeusuuuia

an11lAeNTINeey CCNN ﬁﬁugmmmn MFHSNN Aonuuanansendnlasadne
vagme A8 CONN  azldflaiunseanefiadulunisinnaiuadiefesndnaunniisi
lurnis?l MFHSNN  Adenssaznng luﬁqﬁ@ﬁ@zﬁﬁﬂﬂ?wm@@qﬁuqm*‘ﬁfauﬁmm‘gw
WeuReudieuanuuansiessieamsldauilaifufens Taessimueld CONN

ar

= a8 =l b % =l o o
H ﬂﬂ@ﬁ"ﬂulﬁﬂqﬂﬁ'ﬂugLLUULﬂﬂqﬂ'I«mU MFHSNN
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gatayanInsgunlineaeudanesninuuL Classification NRINUNEIT DY ANAE
Uszinn 1w deyanisdinudanin deysinsaiunisdszunananin deyanissruiana-
o % o Y 1 " P @ v [y i
Ayounnd Teayandaaeaiieay uardeyanislszianal@es ey gadeyawmailiunig
weunslaeiall - dwdugadeyaminnldlunimesedtiil 8 gedeys  Tnaudazgadl

-
MUATLRYA AU
51.1 $18az38A129IATAYANIATFIY

5.1.1.1 4ataya Landsat [14]
Landsat iwdayanimdiganaaiienaesiiun 6wy gadeyailsznausas
pudnmusifiuanudneeuafidanuiisneg 4 desannuddauan 36 AudnmML

wazuaflugUuuudiniuGauiaauau 4435 guuy dmiunaaeudnua 2000 guuuy

(%) (w)
1% 5.1 fivategadeya Landsat (n) Red soil (1) Cotton crop (A) Grey soil (1) Damp

grey soil  (4) Soil with vegetation stubble (@) Very damp grey sail




5.1.1.2 ﬁm‘fﬁagﬂ Outdoor Image [15]

41

Outdoor Image {ugadayanndranatudsresing 7 Uszian laun brick face,

sky, foliage, cement, window, path WA grass B8i19AL 330 gﬂLLUU T8 2310 f‘ia@::@ju

wiaiugtuuunlEBaudaiuan 1310 gUuuy waznaaeusuIU 1000 gy

()

A

=2 A A

(")

(3)

x it PN

)

(W)

g‘ﬂﬁ 5.2 Fhatigadays Outdoor Image LUatlaAaTa (n) brick face (3) sky (A) foliage

(1) cement (’) window (@) path

5113 ’Qm‘ff’agﬁ Synthetic Control Chart Time Series [16]

E

Synthetic Control Chart Time Series \fuaynsumsaingndansziaulog

Alcock LAz Manolopoulos (1999) gadeyaifluaynsuauia 60 s utiuiu 6 1lianana Ae

Normal, Cyclic, Increasing trend, Decreasing trend, Upward shift Waz Downward shift

1finaz 100 gu-uuy sau 600 suuuy uauauil azutdeyalidwinGeuf 480 guluuy

(1fiananans 80 3UuLL) uaznagey 120 suuuy (Fliararaas 20 gUuuy) JUT 5.3 wans

atinedaysluwsiasatinaais
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) ™)

gﬂ‘ﬁ 5.3 Faatgadaya Synthetic Control Chart Time Series (n) Normal (1) Cyclic

(M) Increasing trend (1) Decreasing trend (A) Upward (2) Downward

51.1.4 “qm‘fl"ag‘a Neuron Image [17]

Neuron Image \ugadayafililunisudedudangsinuuy Classification 184 NIPS

Tt 2001 gadeymlszneusisnndntz 12 at1e NadanIaINAMIRTRALTEAM 2

° [

1iin wivaaniiudayadmiulderuuiEou 530 suuuy uaznaaay 2710 guuuy paeein

U

1
=l

193dRyauandelugin 5.4

(n)
A at 1 - -
519 5.4 faetiagadays Neuron Image (n) 1HAAAT4 0 (7) THAAATE 1

51.1.5 "AUaya Iris [18]
Iris Hugadeyanldlunimasaudangiiuuuy Classification Asudnaes Bune-

wwiifulugadeyatlrznaufagmudnne 4 et Ae AueaTesinueen AN
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2B4AIUABN AN TRINALABN LAZAINNINIDINALABN IUUILITUFLNAT 1IADN
a3 3 a1eiug A Setosa, Versicolour Uz Virginica a18Wugas 50 guuuy annifuwinnig

du 40 stlunnaesusazaneiugn IisruuFanf uarivaesn 10 gluuurewsazataiug

1 lun1maaau

m ")

(")
gﬂﬂ 5.5 ﬁ@ﬂﬂﬂﬁ‘ﬂﬂ‘}l’ﬂuﬁ Iris (n) Setosa (1) Versicolour (A) Virginica

(A1)
A ol 1 = o aor o
519 5.6 Fhatigadeya E-set UTiAARTA (N) anws B (1) anws C (A) anes D
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51.1.6 GAUBNA E-set [19]

E-set Lﬂuﬁfm‘ﬁﬁwmﬂw%uﬁ ISOLET (Isolated Letter Speech Recognition)
?&'4LﬂugﬂwﬁmﬂaLﬁmﬁmﬁaé’ﬂws‘mmé’qnqa:nf?d 26 6 @eanaazeaninudya 150 A
sousmwFeaiedy 7800 @ee Taousiamdneazgnanagudnenzaindulsrintaes
awamiudmay 617 Andnmne Wesanngudeys 1SOLET Huwelugjann uazli
aunsanageufuAeNfiawmeiEAst ey dilasandedndanedmmieaudnees
penfiawmed Fnuddldideniinimanesiugadoyn E-set Feflanzasnusiainedae
@093 18ud B, C, D, E, G, P, T, V uar Z winu TaegtuunfildlunmsBuugazinandnus
WAAZFA (A1 120 AW) Aaae 240 F1-UUY 99N 2160 JUuL wazdmiumagau (3n 30 AW)

MU 540 gUuuy

5.1.1.7 @aTayA Letter [20]

Letter iufiagagiinmanamaessadnusfiuiina/lunimdange 26 fa usazso
axfiudnes (font) 20wy mwweniazgnitliRsguidnsnisednsiiediun 16
Aoy sugluunfildieay 20000 guuun FewiligamiuFous 15000 sUuuuas
NAgay 5000 guuuy

AnsdnEziatautangUam

- x-box : horizontal position of box

- y-box : vertical position of box

- width : width of box

- high : height of box

- onpix : total # on pixels

- X-bar: mean x of on pixels in box

- y-bar: mean y of on pixels in box

- Zbar: mean x variance

- y2bar : mean y variance

- Xxybar: mean x y correlation

- X2ybr:meanofx*x*y

- xy2br:meanofx*y*y

- x-ege : mean edge count left to right

- xegvy : correlation of x-edge with y
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- y-ege: mean edge count bottom to top

- yegvx : correlation of y-edge with x

(|) ()
gﬂﬁ 5.7 sinategadaya Letter 1naglinaana dmiudnes (n) A (1) B (R) C uaz () D

51.1.8 4alaya Vowel [21]

vowel fhugadenaddluunhiluiudyereadaaszundingusouon 11
e wieznfeeazld LPC Spectrum dnuau 10 Amniflugmudneor suuuuiitdlunns
Feufazinanngyasiuou 8 Aw 99 528 Uy uazgUWLILRINEWABN 7 ANANUIY 468
sty azldlunsvmagay A1 (word) fdenldfudeasasusazlssnmlsenaudng heed
(8N i), hid (\@eR 1), head (1@ E), had (W29 A), hard (@8N a:), hud (1889 ), hod (1@

0), hoard (v@eN C:), hood (Lﬁﬂd U), who'd (1@81 U:) WAz heard (1@e1 3:)

(m (V)

() ()
= o | v a ° o
5191 5.8 siaathegadeya Vowel uvalinaana dmfuides ()i (2) 1 () E was (3) A




5.1.2 HAaNITNAFRU

nansesauiugadayauinsguiullnnn1sed 5.1, 5.2 uaz 5.3

A ot ] U
A15199 5.1 ansianugnssslunisuiangugliuurestadeyaninsgiu

46

gadeya (Aundeyaliszuy

BRTIAINGNFIY (%)

Gei/ naaaw) FAM MFHSNN CCNN
Landsat (4435/2000) 85.50 89.50 89.35
Outdoor Image (1310/1000) 89.20 95.20 95.30
Synthetic Control Chart (480/120) 100.00 97.50 100.00
Neuron Image (530/2710) F7.53 76.53 77.38
Iris (120/30) 100.00 100.00 100.00
E-set (2160/540) 81.67 81.11 &81.11
Letter (15000/5000) 90.42 95.56 94.32
Vowel (528/462) 61.69 56.93 61.69

A o i i i
M15199 5.2 979U reference pattern ginluntsutangutuuuressadayaninsgiu

v o L 2/
TATaYA (ATuIUTaya IMsTLL

Q719U reference pattern naFa

B / naaay) FAM MFHSNN CCNN
Landsat (4435/2000) 84 2544 975
Outdoor Image (1310/1000) 28 980 661
Synthetic Control Chart (480/120) 28 370 151
Neuron Image (530/2710) 6 481 278
Iris (120/30) 9 28 18
E-set (2160/540) 1403 2160 1477
Letter (15000/5000) 1414 8196 4576
Vowel (528/462) 231 227 1
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d 1 - a i g’l v o of Q o k4
A9 5.3 AnnaTwmaineeliiudanesnulunimeseuiugadeyaninsgiu

FAM MFHSNN CCNN
1ndaya B AMUIUTEL
o Pa lunnsienud h A

Landsat 0.95 0.10 1 0.20 0.97
Outdoor Image 0.95 0.20 8 0.0075 0.50
Synthetic Control Chart 0.75 0.70 2 0.5525 0.50
Neuron Image 0.75 0.10 1 0.11 0.988
Iris 0.85 0.90 2 215 0.9988
E-set 0.90 0.80 2 30 0.95
Letter 0.90 0.50 1 0.40 0.99
Vowel 0.95 0.20 22 0.07 0.995

aMnranIImAaBLGT CONN  AldsaneifinluntsBaufuuuifuaz lidnsaa
gnsiaalunisuLiangugends MFHSNN T 4 gadaya Aa Outdoor Image, Synthetic Control
Chart, Neuron Image uaz Vowel ﬁﬁﬁ?ﬁ‘gm'ﬁ’@uﬁ Landsat Was Letter 13"14 MFHSNN /g
Winafiaingn doulugadeya s uay E-set fsasdanainuazlidnsmanugnieainiy

v
ar k3

1 ] ° [ S ] ' a g .-.35 o ] 2/
netlgadayanldaudfAysendngiasunniiisulagiauivmnn du gadeys

Synthetic Control Chart gadaya Neuron Image uazgadaya Vowel 11l CCNN azlvdns
ANNYNGIBINEINGT MFHSNN
fanstundunaunnififulugadaya Synthetic Control Chart Time Series HANHMUE

o

gasaynsuuanatauua i luuuusine Mtuetiuglivaeseynsuiudidny inld CONN
Winamndn MFHSNN
= = a g 1 = < Al o 1
fansnndunaunniifilugadeys Vowel guUR 5.8 azdiulddinisindnszaznig
sewdnsduyaunniifulustinaanaimaois  uasdnstiaraaaclina liuandaiuennin
' o W o=i ot £ = ' v ' o o L% L o v
win1sdiasaeasaanaisiaduazliuandauitauand1eiu 1710 CONN ldamsAnugnsiad
49n91 MFHSSNN athaiulidn dmiusietinaesgadeys Letter luglil 5.7 azdunmla

dndunpunniifulueiananameaiy  ldAsadaouduiusiuludaesdianig lunsdil

o &2 gy e
N19IATEEIZNI9A RAN AN
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52 nisvadauilssansninaas CCNN m%'fé'an'a‘%ﬁu"lumﬂ%'ﬂui‘lmu’lmi
nszuaunisin CONN - lwiadatiazlddaneasnuluntsauinliwmunauluiuas
TFnanalilusindan 4.3 wdwinnimveasulfouiauiudanasny MFHSNN way FAM

74 [

Tnaldeadeyannsgiusaiun 8 gateyaituneaiuiodan 5.1

9 k1) a9

nan1maaasiugadeyaninsgrudulumunisen 5.4, 5.5 uaz 5.6

d o i I
A19197 5.4 aRsANgnseslunisutisnguluuuresgadeyanIng g1y

gadaya (uandeyalisruy BRTIANGNEIEY (%)

Fewg / naasw) FAM | MFHSNN | CCNN* | CCNN**
Landsat (4435/2000) 85.50 89.50 89.35 90.50
Outdoor Image (1310/1000) 89.20 95.20 95.30 95.10
Synthetic Control Chart (480/120) 100.00 97.50 100.00 100.00
Neuron Image (530/2710) 77.53 76.63 77.38 78.60
Iris (120/30) 100.00 100.00 100.00 100.00
E-set (2160/540) 81.67 ol 81.11 82.59
Letter (15000/5000) 90.42 95.56 94.32 92.56
Vowel (528/462) 61.69 56.93 61.69 63.64

d o i 1 1
A19799 5.5 47U reference pattern NaF1lunisutangusuunaasadayaninsgiu

adeya (Auaudeyaliszuy 41uau reference pattern fia§n9
Feud / naasy) FAM | MFHSNN | CCNN* | CCNN*
Landsat (4435/2000) 84 2544 975 820
Outdoor Image (1310/1000) 28 980 661 594
Synthetic Control Chart (480/120) 28 370 151 134
Neuron Image (530/2710) 6 481 278 141
Iris (120/30) 9 28 18 11
E-set (2160/540) 1403 2160 1477 1466
Letter (15000/5000) 1414 8196 4576 2174
Vowel (528/462) 231 227 121 97

* CCNN flddaneifinlun1sGauiuuuian

** CCNN #ildganasfislunisGauiuuyin
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Y
as o ]

m15199 5.6 Anasiimasiiseliiudanasnuluntmaseuiugadeyaunsgiu

FAM MFHSNN | CCNN* | CCNN**
VL GHE B RMUIUTBL
Pa | B TunsGang A . A

Landsat 0.95 | 0.10 1 0.20 0.97 0.99
Outdoor Image 0.95 | 0.20 8 0.0075 0.50 0.50
Synthetic Control Chart | 0.75 | 0.70 2 0.5525 0.50 0.981
Neuron Image 0.75 | 0.10 1 C.11 0.988 0.92
Iris 0.85 | 0.90 2 0.15 0.9988 0.50
E-set 0.90 | 0.80 2 30 0.95 0.95
Letter 0.90 | 0.50 1 0.40 0.99 0.98
Vowel 0.95 | 0.20 22 0.07 0.995 0.9905

* CCNN #ldaanasnulunisieaufuuuia

** CCNN #lddanasnulunisFauiuuyin

[InuanImaaasnudl CCNN  nlddanasnulunisGaufuulmiazlidnmaniu
9 i i i 9 J ] v < ::ld' dll =1 o = o = a8
gnAaslunsuianguAeudnegs Insdaulugjudsasiiunanngadamisuiven 2 danasnu
d2us1UI reference pattern Nafnlaadoulunjaztiaandt MFHSNN usiuInnd1 FAM
HeuBauiisudngAugnsiessznine CCNN lddanesninlunmsGeufuunlng
M CCNN  #lddanesnulunsFaufuuuidnuds wudr danesnulunisGauiuuylu
o r-% QI j 1 L :: X (=1
amnsainlilsz@nananaes CONN nzuethaiulddaluvaraaadaya Matienaaziy
pannaIn  aanasnuluntsGeufuunlniauisonasfansantinduyaunniifunnafrady

o | o

: 4 1 =
reference pattern IAenamunzaNNINIL wananiganLdn[anuIu reference pattern 7

]
=

ainlnssanamuuuulvdazidanuqutiesndiuin  deesiiden luidaeanannldludaanig

NAABLU

53 MsnagauNUgalayaiesynfatarnE tne
ﬂ’li‘LﬁUﬁQ@F_i’NLaENW“m@tl’fm?l‘ﬂdﬂ@uﬁ%ﬂﬂi(ﬁﬂuuﬂﬂﬂLLﬂ:ﬂ’}i‘rﬁLaﬂd lagviannsg

uanndyaiidudeednui 4 auuaziudednmnu 8 au san 12 au deflengerlugas 22-

35 11 nnusiazauazeenides Aud wils aes a1u @ 1 un ¥a wiln uaznin ethaas 10 A%

AiuAUARINAR TN ldasaAY 1200 @ee  deysiBesazgndadivetlugy
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Inddayauuy “wav' irunielisunsu Sound Recorder 289 Microsoft Windows XP daya
1 Fetd@usazunudedeaystuin 8 On  deldadnunlunisdnsinetne  (sampling
frequency) WinfiU 11.025 kHz wasainiuiaztWddayadaamaniumanslisioats

(pre-processing) feinszuaunisangg luadedn 5.3.1

5.3.1 NSTUAUNITNI L5t aaBad sy et de

o o

s

2/1 =l l:ll 2/ < ar =& =l o o ;‘/
dunanlunislszutanadyrndsenlsainmafiuiumnasianau Al

5.3.14 msm«-!m?uumfimﬁ"mmmﬁﬂm“m (End Point Detection)

e o = ° = o v & a o wo
Lu’ﬂ\ir“]']ﬂﬂ?$U'JUﬂ']T1uﬂ']i‘anLﬂﬂ\1 Q:ﬂi‘:ﬂﬂiﬂ‘nﬁ:ﬁm tﬂﬂc&LﬂUL@ﬂqquﬂuNﬂ’]“‘uﬂ

U

b3
s

aniFuuazqavganae  aaudaeigniuinlilulng  ensaclilddoussa@eyavianun

q q

£ o

e ilunassesindygnundiidlddamasenty 3501 Ae nsusdynnades

E% 3
ar

fvunlulndeanidusndn Wineinusilaldaunamsuviniy 100 feta dauang

Tugn 5.9

ar <R

nuuald s(n) Aedryroadsemiunnlilulng uae f(n) Aedtymiureansuh k

f.(n) = s(100k + n), n=0,1,...,99, k=0,1,...,K-1 ...(5.1)

e K A auausuianuanaaataad N adlde

100 Samples i, 100 Samples i 100 Samples |

AN/ iuA
L \_/ v

f,(n) f,(n) f,(n)

] ' i 14
71U 5.9 nsutasuiienaBEusuLarANgATBURLIYA

PRIANUUNAZATUI UM ATNAINTUTBIUFRUNTHATNANNNS

99
E(f,) = ),s (100k +n), (5.2)

n=0
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lﬂ. d d‘ [=
Wwaauazanlun1sAININ @:ﬂmgﬂﬂumm 5.2 aailu

99

E(f,) = D.|s(100k + ), .(5.3)

n=0

e E(f) Aa Anaasnuaaasud k

v 2 o o o 4 173 - v =
WRDAIMMUATZAUNRNNY  (threshold) T ielimqaiFuuazqainarendaann
pauanslug® 510 Taalunlinvuald T HAdvindy 10 wefidusirsandaanuzsansy

nlAmANIugegn (E,,) Tedyniiazgninesnly Ae dyaimainisuiingasnu

ITIaX)

Haendn 10 wefdufreanaanugegn

T = 0.1Emax ..(5.4)

PRSI

TR, s mpar i e e e e

N

< A w
51U 5.10 wlsnEus (f) wazwsugaing (f,) 10ednyoyroudeayn

v o 9 = a v = 2 a =
ﬂqﬂqﬁuﬂlu a ﬂ@LﬂTNLTNmuLLﬂ: b ﬂ'ﬂLw?Nfﬁm'ﬂqﬂ'ﬂﬂQLﬂﬂ\‘lW‘Jﬂ AEATNITOLUY U

feyeyrna@eayanenunsindtytunudn (8) 1san

§ = s(100a +n), n=0,1,..,(b-a+1)*100-1 G
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= a = | o
Wa  s(n) Ad AUNDUALNAAUNNTAARTY YT

53.1.2 nstANAuE (Zero Padding)

- a i et o P v =
Lu'ﬂngﬂﬁmﬂal"lﬂ‘ll,ﬂﬂ\'iwﬂﬂuﬂﬂ:’,ﬁmmqmquUﬂq?mmﬁm UNULAtNAUARNLRY  ATH

]
=

TUIAANENT LN AL NANHUENIINUTBIBANETNNNFIBIN1TBUNG-
ar da | e v e 4 3 o auw s Ao o |

wiifuitamnawintugnea Aaiuaesuilunasseminliyndtyyinudesidnuausiaatng

(sample) winfugag dudunisinlddygrnfinnainfuainisaninléivaneads iy 35009

\Aneudsiaving via 38n1s re-sampling dryayrnuluad Husii F8n1sdenldluinaninug

u:’i’dl ac = e'dl = v a v o ¥ '

% Ae TanaANAN Talin1sgeddnlidnaaugnregendn [11]
dunnadaeneiildaniadai 5.3.1.1 azfiawiapnugnananigawiniy 8400

o [l ot 3’/ - dld 2/ ' :l’ a L =l
FAIBEITN mquuﬁ’mmﬂmﬂuﬂuﬂQﬁuﬂﬂqu@ﬂmfm 'ia:gmmuguﬂMfamﬂﬁ'fgn;nmwmmm

wiriumuAYNea TuAaIuIA 8400 Fiaating

5.3.1.3 WaLlauW13d (Pre-emphasis)

ar :{a Aﬁ‘ L7 o " = Y d‘
nasanTudy i laastinuiunssuuNsHT e NI Ga galunssuaunig
Tunasneasdtyrunoe (filter) gHANIGEsTULRANDASUALSN (low-order digital system)

aalszasAlunisiniannda  Aienasinansdoudtyyrondesadoyoyinsunoy
(Signal to Noise Ratio : SNR) HArAeuimninaaataaaamUfiFig Wesin
- [ a o P ) y o o a >
a9ALsznauNISiuANTIgITRRtINARTu ARBUIRN nenTaNHNTazLTiu
. ] -:il 2l é’
asAdsznavmaililiaungaau
sruundlunsiwslenndaasiviauuuaai (fixed) uazwuulfunlasustinadag
(slowly adaptive) sruumilkfiinislduiuetiunsuany Ae  sruuduiunilawuLAd

= ' o

(fixed first-order system) [9, w1 112] Tafiwardudnalau (transfer function) fail

H(z)=1-az , 09< a<1 .(5.6)

lunsdiil  fyeunainneenteiniminnfiennda  (s'm)  azilAaudunusiy

ar

ﬁ’fynal’mnml.'ff’l (s(n)) FEANNITHARNAULTID (difference equation) piatl

s’(n) = s(n)-as(n-1) ..(5.7)
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Tneiald Ar2ee a lwaunish 5.5 uar 5.6 azagfitszunm 0.95 uardamiussuy

Ty fixed-point ATl diuties A a = 15/16 = 0.9375 [9, w1 113] FailuAngnld

TAneninusilsag

10

Magnitude (dB

= e des e deebeidassibadsisiel
SRR NS N T -
e aaliog datoduadasnd dhedofghabat (Lakoad Koo

i v i Ml e e ]
e e e L
i o i g R
= e s epemcccprnccapaadad

01 02 03 04 05 0B 07 08 09 1
Normalized Frequency (xxnrad/sample)

< o a 5 . i
5U% 5.11 aunssilanfuaesssuuwiienvadauuy fixed-point 13 a = 0.9375

s

5.3.1.4 nsulsdannaaniiluinsu (Frame Blocking)

o

!
=y o

v v
Tudwmeull  dyqnfidounmsimfienvhdauds (s'm) azgnudeanidumsy
neunusszsnazgninlifiassiiensinduilsz@ns  LPC  deaznanialunianda
drynyrnuusiazivsnazlsznausissinetnadednuon N et uausuiiegiallaset
viwaanld M feting guUR 5.12 uasssnumdsaadusiazsnlunsdin M = 2N/3 Tasfsa
wsnazilsenaumesiadudes N metnusn uasisunaasazGuainszas M fantng
o d’ o i & o’ o J [ ars 1 1

wasansnuen JinliRansiuiuszudnansueg N-M faeeina nnsuLednyannades

3| o 1 :‘; A!' ' = 2’; % =3 i
aaniflumsuavinetneilllGes  aundiazaseunqudtyoronfesisnun azdanmsiuin

14

i1 M>N aziliunsdauasadaanell uazliligniwmeet inld LPC Spectral anaas

b7 1 dld 1 A’ 1 e
dsznavusiaadyannsunauunatnaii Amaued iuaunes M

Amiuanentnusulagenldan N windu 300 fatine waz M waiu 200 daating
4 o [ 1l o & = dl o N =
AneamsINITTNAYe 1 luNTTUNNRENY  11.025 kHz Y1 H9RI099UNTHEANEN
Uszunnd 27.21 Ha@aui sadudeanaridygyrnndeayagneylanlidniiudygnid
AUAN LAY (Stationary signal)

dfmualdidyoyinndelusnd k iy x, (0) wazld K lsuienseungu

Arynnnadaeionun azlsdn

x, m)=s Mk+n), n=0,1,...,N-1, k=0,1,...,K-1 ...(5.8)
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519 5.12 nsuiivdryeyrnudeesnidumsuinedinssi

5.3.1.5 n153ulad (Windowing)
s < 7 [ ‘a: ¥ 1= ] d: =
azdanmiuladndynynusesusiasisuignuivesnun azlifauseiianitnn
dl = :ll i ' o ar dl 2 3 ﬂll
1aurunsNliIaIninIaeuIlaeretayaetinaneiuil Fearliasddsznaun
% 2 n‘ [% ?/ dl Ai rg =7 o 1
Lisaanisnissuasufigeaanun patiuiwenazansngnisadil assiasiinisanadnulal-
i dl @ N oo & rdl 1=l i o
patlassaniradun doiiduduladnliinansznuseasAlssnauaeadynyin
nsupnIAmIninfifduladasindy yindnuteureaasauiugud

& o = o i ﬁ: 1 =y e
a1 w(n), 0 < n < N-1 uiaiduiniad azlddndyuruicuniauiaduds fe

X, () = x, () w(n), 0<n<N-1 (5.9)

sUwuvreinlndnduntonldlununisdiunisian e wandiulad (Hamming
1 v
window) [9, w1 114] uaziduieiduduladniaenldludnenfinust Honurawanianlad

Wuldmuaunish 5.10

27n
w(n) = 0.54 - 0.46¢c0s ! 0<n<N-1 ...(5.10)

N-1

D8t

06t

0.4

027

0

i [ a a c
71U 5.13 Werduuantiaduing



5.3.1.6 N133LATIZUNITUTE LB LAY (Linear Predictive Coding Analysis)

nMsUsennnud@adu (Linear Predictive Coding : LPC) Lﬂuﬁ‘ﬁﬂqsﬁgnﬁ’muq%ugﬁ@
andnansdedtyayrnifanesstetiann  Taaiinniiassidtyorondesiinudnun
Lﬁamﬂqmmﬁuﬂszawé”faﬁ']mﬂ (predictor coefficient) uﬁnm?ﬁugmmumuﬁmm
LPC A athadesiinan n, s(n) @wnsofiasszanadlAlaanismuuuy@aduaes

o

FoatinAeN Aeuntiiauau p Mo fail
s(n) = als(n—l)+als(n—2)+...+aps(n—p) L(5.11)

e a, a, .., a, An ANdssBviiinnefisuyAlfidudpsinaendasseamsy

NAmed uazilawiy excitation term,Gu(n) asnn1¥aunisd 5.11 wWaeudly

p
s(n) = Zais(n-i) + Gu(n) wi5.12)

138 u(n) A9 normalized excitation UAY G A8 FAINNTIANY Faannaeuannsh

5.12 lglau Z azlddn

P
S@ = Y2,z S(z) + GU(z) (5.13)

i=1
dl o 14 o o ' o c‘d‘
“ﬁd‘ﬂtﬂﬁhﬂﬂﬁﬁﬂ’ﬁuﬂ’]ﬂiﬂu A

S(z) 1 1
H(z) = = = ..(5.14)

GU(z) 1-Zp: 1 AQ)

gﬂﬁ' 5.14 UAMIIIANNMNIEANNENNITT 5.14 tuRe uideinfa normalized
excitation u(n) gRUENEIFEBRIINITIELE G Lm:mLﬂuﬁuv!wiﬁﬁm:uuﬁﬁﬁqﬁ‘ﬁ'ucifmiﬂu
H(z) = 1/A(z) Lﬁ@?{qm%’wﬁmmmﬁm s(n) WAZAINNITNARBINLIY WG excitation
dmiudyandey Andufiasfeaduausuiadiiuianaaiy @iy voiced region)

waziuieridudtyayrousunauuuugn (85 unvoiced region) [9, ¥ 100]
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u(n) s(n)

A ——

G

519 5.14 WLLRIABINITIUENTUAUTBILRENTA

gﬂ‘?'i 5.15 meLmuﬁﬁ@mﬁmmzﬂulmwﬁmﬂmxﬁ”ryfyﬁmlﬁm Tnenannag
APILLY LPC annguaziiudmumasniiin normalized excitation axgniaanlauadndg
firnuaulaadnumniz voiced/unvoiced 109889 11ATBITRIINSTNY G azgnisuiiiv
A ndryaunodides LLazLﬁfamumwmmﬁq@:mLﬂu%uv!wlﬁﬁu digital filter (H(z)) 'ﬁ'r_]n
AILANTIALIAN MO IBNATYTUINIALY (vocal tract parameters) Fafu Armnsmeste
UWULAIREY  AInanaaztsznaumae n1skeandauasd voiced/iunvoiced, sxaizfimd (pitch
period) 289d7% voiced, ANEAPINTUEE  wardullsrAniaed digital filter (a,) N
Fweilimefinaniaz Aou-wasetnein | RINIIAT

RAToUULA1aaIRINgUR 5.14 Faldarudniugsend e s(n) uas u(n)

p
s(n) = Zaks(n-k) + Gu(n) ..(5.15)

k=1

Taanisiansanld sm) Ae dyornssunadaiunanissudaduaesiantng

[, k3

Arurynoudesnegnauntii fall

U

P
S) = Y .a,s(n-k) (5.16)

k=1

LAZHENNAIANEANAIATBIN1TNIUNE (prediction error, e(n)) AB

p
e(n) = s(n)-5(n) = s(n)- Zaks(n-k) <(5:17)

k=1

toym1rean1siessd LPC Ae msiansuangesdulss@nssaiiuwe (a)

Tnamseandryeyrnades ieluivunamamiBinisaanuiues digital fiter lugl# 5.15



o7

Tunsdammzidnyoioudey  Wesanauaniiniaufiseudsadsuilainuingn

farhy Andudsr@nsiioan n 1 9 avsiesdrzifiunnaindasdu o esdyoyroadessey o
o & a £ a o Lo o 2

a1 n wannsRug N luNIEaRIedNstEn Ao newaRresdulssAnsninliug

FIUIBIAIANRANAIATBINTNIUNLENNAIAEY (mean-squared prediction error) HAN

d d
ANgA

Pitch Period

Impulse Train

Generator
Time-Varyin s(n)
u(n) - ‘Y g
Digital Filter
Random Noise G
Generator

71% 5.15 uuudnaeINIsduAMTdamAmNgULLILLe LPC

WenazaiannsigunsauimAduilss@nasananls  azllauduounnades

WAZANANNHANAIA L1298 ] Paan n Aall

s, (m) = s(n+m) ...(5.18)

e (m) = e(n+m) ..(5.19)

LASUENNNATINIBIAIANHANA ATBINITN IR NANAIAD

E, = )¢ (m) (5.20)

2
p
=D | s, (m)- Y a,s, (m-k) i(5.21)

k=1
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Tunsufaunisi 5.21 iemdulss@nssaviiung azinlalaunismAteayiusaed

E, Weuiuduilse@ns a, upsliAniugued

OE,
=0, %=12,.p (5.22)
Oak
wazlignaasannig
p
s (m-ik, (m) = .4, D.s, (m-ik, (m-k) .(5.23)
m k=1 m
dll - 4 a Ho o a o 2 4 a
W 4, A geeesdulir@nssaniuig I linasINtedAIANRaNaIA

'
=

PBINIININLENANAIADIN AR NAR

q

wazianium 1 ZSH (m-i)s,(m-k) viJu short-term covariance 989 s,(m) TuAe

@ G,k = Ds, (m-ik, (m-k) (5.24)

1218N90aAgUANNSN 5.23 aald Ty

p
@.G,0) = D4, G,k .(5.25)

k=1

=l o

aunsh 5.25 arliirnaesaunisatuau p aunis tnanfisaudslinsudn p 6 (a,,

8, ..y &) TUHBAMIUMIAT @, (i, K) AL 1 < i< puar 0 < k < p Aawnsatial

o

wiannismAduLss@nasainunafimunzan (a,) 1

flananaly Wunisimmsimnduss@nismiunedanuan p v (p A Sudu
Tunsinue)  aesdygnausiaziisn  TunisafeBunaunniisuasinAndulssansnls
" as ] o [] A=II o Y dl =l ] s
[Ny ninsNNIsaiy (concatenate) Auiuauwsnlaluiadan 5.3.1.4 HAwinAy 42
v 1 v
wan waslidnaniinudilsaenldnsipssinisd ot aduneuny 14 Aau a1uau

AruanEucluuAazBuyALNNITUAzITU 588 AtUANHLE



59

20 T T T T T

1 1 1
0 1000 2000 3000 4000 5000 6000

1 1 1
0 1000 2000 3000 4000 5000 6000

6000
650 1 1 I 1 1
0 1000 2000 3000 4000 5000 6000
®
.60 I I I 1 1
0 1000 2000 3000 4000 5000 6000

@)
A o o s _ e’ s
sU% 5.16 aulanfurssdyorondsanffauiauivanlaniureanisszinnudadududy

(order) (N)p=4 (Wp=8 (Ap=12 §)p=16 (3)p=20
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532 NAMINARRINUTATAYALRESYARLTNE INg

b

MUUBUNALNNITITUR N seaseulssAnEnwnisudenguiugadeyaideayn

q U

'
=

eI Inaasiivianua 1200 fa anndycunandesiiuriuinly 1200 @es deildnans

o

H k3
Wlhwiaded 5.3.1 Taanmesasazutveandlu 2 Twua Ao TuneRBuiudys (Speaker

o

dl ‘5 3 dl = =
Dependent Mode) LLﬂ:Tuumw1u°ﬂuﬂUQ A (Speaker Independent Mode) TINFEASLDEA

o d“ )
AU

s

)
5321 ‘Cuumwmunugwﬁm (Speaker Dependent Mode)

]
ag =

Tuluuell Buwsunniisuilddwindn (train) wasBunaunwnisunldduiunaaou

1
=

(test) AzUsTNAUALBUNAUNMIATUNNIANBERNANNFIATIBINNAN NATDAD LRENGIAT
AugUIIAWINAaeTaT 5 AT (AN 10 ARY) A1NdwA 12 AuaNTiaiNA 600 (@eaaz1dlu
nsenlAste d9udn 600 I@eTinaeas AN NFUNITMAGEL  NATEINITNARALLAAS

AIM1T9N 5.7 waz 5.8 uargli 5.17

=l o v | ' 2 = o
A1519N 5.7 drsmnnugnsiaslunsuiangugluuuresgateaysdeayasowanimne

Tuumﬁﬁuﬁuémm
AANBINY d1u7u Reference pattern fieis BRTIAVINGNGIY (%)
CCNN 289 93.50
MFHSNN 857 92.33
FAM 189 B7.33

s

= 1 = rall !:r Vo o a A dlﬂll} k%
A19799 5.8 AmsEwei inudanesnu uinuanauiugye

FAM MCCNN CCNN
B Auue LU
Pa V;; o o A A

a nsiFend
0.9 0.5 10 1 0.9929
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Bceny Elmrasay . O ram

120

100 z
= & &

2% g
= 80 g :
2 in |
I ¢ =
£ 40 - £
33 &
® I &
20 2
R
o - _
0 1 2 3 4 5 6 7 8 9

AavY

o

519 5.17 dasrArnugniiasdmiuusiazsaasluluuanauiugye

5.3.2.2 Tﬂﬂﬂﬁ‘lﬂiguﬁ’mjw“m (Speaker Independent Mode)

dmiulvuall Suwsuwmiifunlddmitdn azuianidaayaaemnioee Faee
¥ H
az 10 ANayaRi@anuetnsguauou 6 Au 398 600 @e azldlunstn daudesann

6 AuRWARAElfluNMAGEL HATEININARBLLAAIAIANSINT 5.9 UAE 5.10 Uazgil 5.18

< o | ! =l o
A919A 5.9 dnsAugnAeslunisuingugluunrestadeyadaayasimaniminaly

Twuanlaauiugyn

U

FaNEINN 419 Reference pattern ek ARIIANYNFIBY (%)
CCNN 158 77.00
MFHSNN 583 70.50
FAM 260 £68.50

= | a ey ave o o au i o
A19199 5.10 Anwsfliwmaisalinudanesinulnuan liauiudya

FAM MCCNN CCNN
B Auusauly
P P RETETITEY A A
0.8 0.3 10 1 0.99
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Bcony Ourassy D ram

120

100

(%)

80

kY

BATINNINYNADY

60

e oy el e )

40

T P I S

Y

20

DA S NN s A T

0 1 2 3 4 5 6 7 8 9
Aav

£

d o o o ] o i I o
1% 5.18 dnsrANgnFsdmFuusasaaalulun e liauiugye

NEANIIMAGEY  Nsunguluuvrastadeyaideayasainsni e ingeeeia
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Abstract

In this paper, Modified Cross-Correlation Neural Network
(MCCNN), which is an extension of Cross-Correlation
Neural Network (CCNN) [1], is proposed. Unlike the
CCNN, which utilizes the normalized cross-correlation at
zero lag as a choice function to determine the winning
cluster node, MCCNN uses the maximum of the
normalized cross-correlation instead. In this work, spoken
Thai digits (0-9) are used as the experimental data. The
performance of MCCNN, CCNN and other two well-
known algorithms, Back-propagation and Fuzzy
ARTMAP, are compared. The results show that MCCNN
has the best performance with respect to the recognition
rate.

Key Words
Neural Network, Cross-correlation, Classification, Data
Mining, Speech Recognition

1. Introduction

Speech recognition has its long history. Many automatic
systems have been embedded with speech recognition
devices because talking is the easiest way for a person to
communicate with a machine. The goal of speech
recognition researches is to create a machine that can
receive spoken information and act appropriately upon
receiving the information. Several approaches have been
proposed to solve the problem. Neural Networks (NNs),
which are parallel distributed processing models, are one
of the most popular approaches in the area of speech
recognition or language processing. Elvira and Carrasco
[2] investigated and compared the performance of six
different NN architectures -- Adaline, Monolayer
perceptron, Back-propagation with the sigmoid function,
Back-propagation with the hyperbolic tangent function,
Radial basis function, and Volterra connectionist model --
in the speech recognition of Spanish words. Two different
data sets were used in their experiment: the Spanish
vowels (/a/, /e/, /i/, /o/, /u/) and the Spanish digits (/uno/,
/dos/, /tres/, /cuatro/, /cinco/, /seis/, /siete/, /focho/, mueve/,

/cero/). The reported recognition rates varied from 62.2 —
87.5% for the vowel recognition and from 56.24 — 69.21%
for the digit recognition. The best recognition rates of
both data were obtained from the Back-propagation with
the hyperbolic tangent function. Arriola and Carrasco [3]
have presented the implementation of a speech
recognition system based on the integration of the Multi-
layer Perceptron and the Hidden Markov model on 10
Spanish digits spoken by seven male speakers. The best
recognition rate was found to be 88%. El-Ramly et al. [4]
applied Time Delay neural network (TDNN) to the
recognition of two Arabic phoneme categories, nasals and
voiced stops. TDNN was chosen for the problem because
of its ability to represent relationships between acoustic
events. The maximum recognition rate obtained for nasals
was 91% and for voiced stops was 82%. Several
researchers -- Kulkami et al., Doye et al., and Simpson [5,
6, 7, 8] -- have focused on another type of neural network
known as the fuzzy neural network, which utilizes fuzzy
sets as pattern classes. Doye et al. [6] proposed the
modified fuzzy hypersphere neural network (MFHSNN),
which is an extension of the fuzzy hypersphere neural
network (FHSNN) [9]. The experiment compared this
modified version of fuzzy hypersphere neural network
with its original version for the speech recognition of
Marathi (language spoken in the state of Maharashtra,
India) digits and found that the former gives better
performance with average recognition rate in speaker
dependent mode at 88.7% and 61.6% in speaker
independent mode.

Modified  Cross-Correlation  Neural — Network
(MCCNN) described in this paper modifies the choice
function used in the original CCNN. The choice function
measures the likeness or similarity between the incoming
input pattern and the reference patterns of each class to
determine the winning cluster node. Unlike the CCNN,
which utilizes the normalized cross-correlation at zero lag
as a choice function, MCCNN uses the maximum of the
normalized cross-correlation at any shifted period instead.
This modification to the choice function can alleviate the
problem of slight misalignments (shifting) of the input
pattern that might occur to the speech signals during the
preprocessing of speech signals.



Following this introduction, section 2 describes the
architecture of the proposed model and its learning
algorithm. The preprocessing and the feature extraction of
speech signals are described in section 3. In section 4, the
experimental results are demonstrated and discussed.
Finally, section 5 is a conclusion.

2. Architecture of MCCNN

The architecture of the proposed model is a three-layer
feedforward neural network as shown in Figure 1. The
first layer is the input layer, which consists of N nodes.
Each node represents a feature component of the input
data. The second layer is the cluster layer. The nodes in
this second layer are constructed during the training phase
and each node represents a reference pattern. The third
layer is the output layer. Each node in the output layer
represents a class. During supervised learning, the input
vector is presented to the model, together with its
respective target output vector. The input vector is
denoted by Iy = (Ini, ..., In), where h is the h® input
pattern, and N is the number of features in I. Each node in
the second layer is fully connected to the nodes in the
input layer via the connections wj. The weight vector v:'h,
of dimension N represents the reference pattern of the j
node in the cluster layer. Once the model receives the
input and its associated target output (I, Oy), the
maximum of the normalized cross-correlation between the
input vector I, and each weight vector w; is computed and
the outputs of the j™ node, Tj(Iy), in the cluster layer are
then determined.

1; if f(w, 1) 2 mC;
Ti(dy) = 8 . (1
(w;, 1), if fiw;, 1) <mC;
in}’i-p
f(x, ¥) = max ' (2)

153

I

wherei=1,...,N

ji=L ..M

N is the number of features in input vector L.

M is the number of nodes in cluster layer.

f(x, y) is the maximum of the normalized cross-
correlation at any shifted period p.

p is the lag variable, which is between -(N-1) to
(N-1).

mC; is the minimum normalized cross-correlation
value between 0 and 1 initially predefined to be equal to
A However, the value of mC; might be increased during
the training phase. The network uses mC;j to prevent the
overlap between cluster nodes of different classes.
However, the overlap of cluster nodes from the same class
is allowed.
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Next, the system finds all cluster nodes which belong
to the class defined by the target output vector, and have
the output value equal to 1, Tj(I) = 1. If there is at least
one node meeting the above criterion, the remaining steps
in the training process are skipped and the training is
continued with the next input pattern. However, if such
node does not exist, a new cluster node is recruited to
code the input pattern; the connection between a new
cluster node and the target output is created. The
connections between the cluster layer and the output
layer, wy, are either 1 or 0. It is 1 when the j"‘ node
belongs to class k, and 0 otherwise.

WJ = I]'I (3)
1, ifk=K @)
W -]
¥ 70, ifk#K
maxC = max {f{w,, ,)} (5)
geK
A, if maxC <A
mC; =<maxC+g, if A<maxC<l (6)
1, otherwise

where J is the newly recruited cluster node.

K is the class to which J node belongs.

€ is a very small number close to zero.

maxC is the maximum of the normalized cross-
correlation between the reference pattern of node J and
the rest of the input patterns which do not belong to class
K.

During testing, each test vector is applied in turn and its
class is predicted. The class whose cluster node returns
the maximum output value is the result of the prediction.

Target Output Vector

|

Output layer

ij
Tl T2 KK TM

Cluster layer

Wii

Input layer

I | I
Input Vector

Figure 1 Architecture of MCCNN



3. Preprocessing

A list of ten Thai digits (0: soon, 1: neung, 2: sorng, 3:
sahm, 4: see, 5: haa, 6: hok, 7: jet, 8: bpairt, 9: gao) was
presented to 12 speakers. Each speaker was asked to
pronounce the list ten times; each time is referred later in
this paper as a sample. Therefore, the total number of
recorded words was 1200 (120 samples). The sampling
frequency used in the recording processes was 11025 Hz.
The speech signals have then been filtered with band-pass
filter, having cut-off frequencies of 100 and 5000 Hz.
End-point detection is obtained by calculating the energy
of each 100 sampled frame; the frames whose energy is
less than 10% of the maximum energy will be truncated at
both sides. Pre-emphasis with first order system having
transfer function H(z) = 1 — az’', where a = 0.95, have
been used. For windowing, Hamming window with 700
samples has been used with 30% overlap. The 22" order
Linear Predictive Coefficients (LPC) [9] are extracted
from each frame. Then the extracted 22 features of each
frame are concatenated to produce an input patten. By
using the above criteria, the longest-pronounced word
yields 32 frames; therefore, the number of features in
input vector I are 704. Zero padding is performed on the
shorter-pronounced words to make all patterns the same
size. For MCCNN and CCNN, the normalization of
features is not necessary due to the ability of the cross-
correlation function that can deal with arbitrary vectors of
real numbers and with any magnitude. However, the
features are normalized in the range of zero to one in case
of Back-propagation and Fuzzy ARTMAP.

4. Experimental Results

The experiments are performed in 2 modes: speaker
dependent and speaker independent. In speaker dependent
mode, five samples of each speaker are used for training
and the remaining five samples are used for testing. The
five samples used for training are sample 1, 3, 5, 7, and 9.
Since each sample consists of 10 pronounced words (0-9),
the total of 600 input patterns are used to train the
network and the remaining 600 input patterns are used as
the testing data. The comparative performance of
MCCNN, CCNN, Fuzzy ARTMAP (FAM) and Back-
propagation (BPN) to the speech recognition of Thai
digits is shown in Table 1 and Figure 2-4. In this work,
the best performances of MCCNN and CCNN are
obtained when the parameter A of both models is equal to
0.5. For FAM, the best recognition rate of 86.33% is
achieved when the vigilance parameter (p,) is set at 0.97;
the learning rate (§) is 0.7 and twenty epochs of training
are used. For BPN, a network of single 400-node hidden
layer and 10-node output layer (one output node for each
class) is used, while leaming rate (1) and number of
epochs used in this training are 0.5 and 5000 respectively.
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Table 1 The Comparative Performance of MCCNN,
CCNN, Fuzzy ARTMAP and Back-propagation
to the Speech Recognition of Thai Digits in

Speaker Dependent Mode
Average Number of RessEieh
Algorithm  Reference Pattern per iy
S Rate (%)
peaker
MCCNN 329 96.17
CCNN 37 92.83
FAM 47.5 86.33
BPN - 76.50
—8— MCCNN —&— CCNN ——FAM
70
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Figure 2 The Comparative Performance of MCCNN,
CCNN and Fuzzy ARTMAP with Respect to
Number of Created Reference Patterns in
Speaker Dependent Mode
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Figure 3 The Comparative Performance of MCCNN,
CCNN, Fuzzy ARTMAP and Back-propagation
with Respect to Recognition Rate in Speaker
Dependent Mode.
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Figure 4 The Recognition Rate of Each Thai Digit in
Speaker Dependent Mode

In speaker independent mode, all samples from
randomly chosen 6 speakers are used for training and
from remaining 6 speakers are used for testing. The
comparative performance of MCCNN, CCNN, Fuzzy
ARTMAP and Back-propagation is shown in Table 2 and
Figure 5. The recognition rates stated in Table 2 are
obtained from the MCCNN and CCNN using A = 0.4;
from the Fuzzy ARTMAP using p, = 0.97, B = 0.4, and
epoch = 20; and from Back-propagation with one hidden
layer of 400 neurons using 1 = 0.3 and epoch = 5000.

5. Conclusion

A modification of CCNN is proposed and its
performances are compared with the original CCNN and
other two well-known algorithms, Back-propagation and
Fuzzy ARTMAP. In comparison to CCNN, MCCNN has
to deal with the shifted versions of input signal; the
training and recall time spent by the algorithm are
therefore larger. However, its recognition rate compared
with CCNN is found to be superior. The maximum
recognition rate obtained in speaker dependent mode is
96.17%, which is about 3.3% higher. In speaker
independent mode, the result is about 4.2% better. In
addition, the number of reference patterns of MCCNN is
also less.

Moreover, the experimental results also show that
MCCNN outperforms both Back-propagation and Fuzzy
ARTMAP by 19.67% and 9.84% in speaker dependent
mode, and by 18% and 7.67% in speaker independent
mode.
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Table 2 The Comparative Performance of MCCNN,
CCNN, Fuzzy ARTMAP and Back-propagation
to the Speech Recognition of Thai Digits in
Speaker Independent Mode

. Number of Recognition
hlgaritlity Reference Pattern Ratflz%)
MCCNN 249 77.67
CCNN 318 73.50
FAM 374 70
BPN - 59.67

A
& BMCCNN
R ———— CICCNN
5 OFAM
e e ey | |50
6

0 20 40 60 80 100
Recognition Rate (%)

Figure 5 The Recognition Rate of Each Thai Digit in
Speaker Independent Mode
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