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ABSTRACT

In this thesis we introduce a new prototype based classifiers for overlapping
data, where training pattern are overlap on the feature space. The proposed classifier is
based on the prototype from neural network classifier (NNC)[1] for overlap data. The
method automatically chooses the initial center and two radiuses for each class. The
center is used as a mean representative of training data for each class. The unclassified
pattern is classified by measure distance from the class center. If the distance is in the
lower (shorter radius) the unknown pattern has the high percentage of being in this
class. If the distance is between the lower and upper (further radius), the pattern has the
probability of being in this class or others. But if the distance is outside the upper, the
pattern is not in this class. We borrow the words upper and lower from the rough set to
represent the region of certainty [3]. The training algorithm to find number of cluster and
their parameters (center, lower, upper) is presented. The clustering result is tested using
patterns from Thai handwritten letter and the clustering result is very similar to human

eyes clustering.
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2.3.1 NN 9 VRIN1TIANNIANY (Classification)

2.3.1.1 AAEUN3 (Decision Tree)
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(yes) waz ngugnAilaitansuialees (no)

age?

<=30 >40
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student? credit rating?
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2.3.1.2 Bayesian Classification
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Bayesian 1{hiAgn1sdanuaamidnuuumilinendangujnugiuaes Bayes uaziin
o a4 1 . 1 ° o o ' . . g
8aneTnNTe Nqwj Bayesian WugudmFun1sdaumanuy (Native Bayesian Classifier)
v
TaafitugunisAruanimsatianeaaniandy  (Probabiliies)  unAnmndayaainnis
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= . & ° o o o 2 v o - '
nqui) Bayesian Wugnudmiuniesdaunaamy fmuali X udeyasietinedala
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4 o 1 J i 1 A i o/
X lungu C, days X azdnaglungu C, AdAAhaniugagalueulanuanye
C

7849 X 138 m ABRMIUNGNITU C,, C,, C,,...,

P(XIC)P(C) > P(X|IC)P(C)  dmiu1<j<m, i#i (2.1)

o ' = [$73 ¥ o (% aa § dl. a L
natinaNsATstayalaan sl N aNNIANANLAE Bayesian WalATIEN

U U

o1
°

aya X NHAMANUEAI 81g = '<=30", Ml = ‘medium’, anuznwinAnm = ‘yes',

L]

©

ByaIATAA = ‘fair TnadidayanisFauininniseh 2.1 Aelideya 14 days NAmuanwue 4

a =

I v o ' d‘ o ¥
wwy Ae o1y Meld anuznwmaduwindnm waniashin Anquiiarnnsndndulald 2

o

- ' o dgl’ ﬂl a (3 ' d' ,d: Aﬁ. o o
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-t Y4 ' = 1 a «
A15199 2.1 uaasdeyanisiEaud (Training) ndngnAmAadulaTeneuiones

doyadi ang sels  dndnw wAshn nax
1 <=30 high no fair no
2 <=30 high no excellent no
3 31...40 high no fair yes
4 >40 medium no fair yes
5 >40 low yes fair yes
6 >40 low yes excellent no
7 31...40 low yes excellent yes
8 <=30 medium no fair no
9 <=30 low yes fair yes
10 >40 medium yes fair yes
11 <=30 medium yes excellent yes
12 31...40 medium no excellent yes
13 31...40 high yes fair yes
14 >40 medium no excellent no

@ﬁn‘z”lmﬂamsﬁ"ﬂu;”,mummaﬁ 2.1 #RaMsAINAT P(XIC)P(C) § 5L i= 1, 2. e
Arnadaniiluresdeys X lungu C war P(C) Asarainaiilurssusiazngy
aNanT0AaLERE AuanmAn P(C) faw

P(n@:uﬁﬂﬂﬂuﬁmm? = "yes”) = 9/14 =0.643

P(nguitananfamas = “no”) = 5/14 = 0.357
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ansusellAuman P(XIC) , @ i = 1, 2, uazarunsoAniANtnaiiy

19usasAUAN U AR

P(e1t= <30 | neaiidenenfianef = ‘yes") = 2/9 =0.222
P(818)= '<30’ | nfcjuﬁﬂﬂﬂuﬁmm{ = "no”) =3/5 =0.600
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P(HayaiAshin= ‘fair | nﬁuﬁ%ﬂﬂ@uﬁmmﬁf = “no”) =2/5 = 0.400

andayanuianiusiiuunanisafiansansels

A - -
P(X| NQUNTAARNNIURADT = "yes”) = 0.222 x 0.444 x 0.667 x 0.667 = 0.044

'Y
]

P(X| nguATRARNNAAST = “no”) = 0. 600 x 0.400 x0.200 x 0.400 = 0.019

P

-l

P(X| nﬂuwfﬂ'ﬂﬂ'ﬂquma? ="yes' )P(nfcju ﬂﬂ'ﬂNW’JLM‘BT = "yes")=0.044x0.643= 0.028
P(X| nqumﬂﬂﬂqumm = "no")P(nduV;éﬂﬂ’auﬁ’Jlmﬂf ="no”) =0.019x0.357= 0.007
NARNENSSAMINAMYAINN1TAIATIE RS Bayesian | dawiudean X @l
ﬁ]mﬁnﬂm: age = '<=30', income = ‘medium’, student = 'yes’, credit_rating =

1 5
‘fair Aa1saumNann1si 2.1 Idranansadadeya X aglunquidaaauiones

2.3.1.3 HasauLiaasn (Neuron Network: NN)
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2.3.1.4 ALUAN Aand3INN (Genetic Algorithm:GA)
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annsathuiaun lumsmAneufmnzaniigaaeusaziogun  Awfn - Saneify
Sudulaanisafrengiteldunudeyaiidundilszanns  (Population)  Faegilunaes
wigusesAedaya 0 uar 1 fathaduluduneunsdoug  amnsaldguuumes
wagnusevideninailoulasairalastulan (Cromosomes)  eFunugmudieaadil
AndnE0IE A1, A2 uaziingudeyaaeanguiie C1 uaz C2 aamsnarngiiesdune iy
“Grdeyaiinuanmur A1 uarlifiaudneue A2 uddndndeysatlungu C2" s

wnulddaagiuunrsargiuaasan 100 neideyaiargauaes 2 nanduiraunudeys

d9

ADIANILY A1 LAY A2 ANATAY WasdaRaNIaduI1gauNUNgN (NN C1=1, C2=0) Tu
o = o v ' ¥y v 1 o ¥ o6 1Yy [l g
NUDIALINUATINNG I “m‘n'a:ﬂa‘luuﬂmam:rm: A1 Uae A2 LLﬂ'J"‘]ﬂ'J"I‘Il’BNuﬂ'E]q'luﬂQN c1”

annsounulisosgiutreusgiugeshs | 001 qaninisa¥edszansiva

6

(Offsprings) InanseinunszuaunsduilasuAlasTulan (Crossover) WaT NTNAIEING

(Mutation) dalivinnasmageulssainsntisasannimmisatiadranfinalddnlsz@ansnin
raviunaunsGuuidaviunisdnnguiGendinszuounis  fitness  NITLIAUNITAMAN
o a8 ° £ % ] N g I't vd‘

fanasny  aznanisainatlssaansIvaiuasniziounis  fitness - d1aunseialaidaulaans

ANNIINNATLAAIEAFIUNIZLIUNAS fitness NIMNIZANNER

2.3.2 NOBHAN ] URANT5990A2 (Clustering)

AWFuNgEInI9sINEUUL Hierarchical WAz Partition Twineniinugaes

wan 13au0gq [6] Idesuneldaail

2.3.2.1 Hierarchical

\{unsdanguuuy  hierarchical desunedn unisdanguuuy

v

v v v
TansaFauuusrsutulasduuugaasiaaihuiunguisaoiune uarduansgadeys

T

] ¥ v
usiarduardadnduniangu doudunsanatafinainnissaniureanguludunsingn

<4 oA ' :'z d' -1 ala ¥
m‘m:ummmmmnmmmnﬂfamﬂuamnqmﬂwquqmﬂnh wHun ARl

]
<

WAAINIFAANGNULY  hierarchical Fandiuuun Iwaulauny  (dendogram) i

)}

anwuzadalasaaianuusullifgn 2.5
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4 Agglomerative

CeJ (e o B LeJ  oivisive

P~ o ' p s
FUN 2.5 UAMUNUNINAUTALNTNIBINIIANGNULY hierarchical

Ail - - Yo a ' a
a1nguil 2.5 WAl agglomerative axlAiuANTENNINNTINALA

o oWy N ) b, N .
division \asanauisanaldazainndt Fusiuannnisinmedaidunlidnszaziing
resdayadetiunldiaridunisinszasinunug Afn(Euclidean distance) @M130

wanelAAaNNITN 2.2

2
5 (2.2)

) 2 2
d(i,j)= \/|x,, —xj,’ +lx,.2 —szl +...+!x,,, T
' N e Ao Eodn i
Ineh i =(x,,%,5505X,) WOE J = (X, 55, %, ) WAZAT p ABIIUIUATIANHUY
21931038
AANAAINNIE4 agglomerative hierarchical @11130uARILAA

¥
aFNFATNGANFN (dissimilarity matrix) NxN 2239ayaHanun

a a

g a; < o d. <o ¥ o ' d‘d ) ] ¥
MUAINGUNUNDUNUNG A ('lun?m'l‘nﬁan'nuﬂﬂamzwma‘mmmnquwum?:ﬂ:mauﬂﬂ

A

NQn)

nnsdiudgamssndaonlimilew  TauAnsuasingunauwiiuiauiuinngaiiy
' = [

nquLAEa i

v g
N9INTTUIUNIT 2 LAY 3 AUNTZHANRANGULALI

2.3.2.2 Partition

= 1%

N193ANguUUY partition [6] arlaifinnsa¥railulasaairasuliing

' ' o - ' o - o d' 173 o i dn’l’d
UARZNANATLUENIINNULACHILATEALILALIY NN tan g Llﬂ:’ﬂﬂ’ﬂgh&'ﬂ f#HuAD K-

means AFNFUAIENITAIMUAIIUIUNANTHBINITUAT AVFUH VAN BT IBINGN
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WAAFIBLNNITANGNILY K-means 1ARg17 2.6
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80 -
.2
60 4
g

40 4 L] 5

+ 3
07 4
o r r r T T

0 2 4 8 8 10 12

< - .
719 2.6 uanaunun NI xy 1899RY8 1-5 uezAENAuIRINgITugUNINUW

¥
<

ANzl 2.6 anyRddays 5 Anesallil (3,100), (10,70), (6,40), (1,30),

L.

o v

(8,50) LATNIMUARIUIUNGN K=2 HANANHILITNFUN (4,30) LAY (6,100) SanaaAN

o 1a v o '

FunnanulaenisAtuausresi19rE I a A UANTNSNA AN HOIZIBINGHWLYY

9 9

' '
¥ a v U

a 4 o e 4 P A v
'f]N“ﬂVl 1-5 Lu'ﬂﬂ'\uqm?:ﬁl:u'NnUQmﬂnHm:L?Nmu‘ﬂ'ﬂQﬂ@uV] 1 (4,30) 'Vlﬂ:?lﬂu“ﬂ‘l

hoT

o o ¥ AJ 1 ° ] o
70.0, 40.4, 10.2, 3.0, 20.4 A NaIAL HATUIDYAN 1-5 Lﬁﬂmmms‘:ﬂ:mqnu

ADIAN BT FNFUIINGNT 2 (6,100) Anvdayals 3.0, 30.3, 60.0,70.2, 50.0 Azl

'
A v P

dnlungui 1 NawndinAedayad 3, 4, 5 daunguit 2 TaurGinAsteyad 1, 2 uazii

U

n1sATMIUAMANEaRIngN IntiAs ldqaAuinat e arataninazlé dounuln
aeangud 1 1w (5, 40) siaunulmisasngui 2 i (6.5, 85)
navandunInmaNadangulusinasurdounungulva visaly

aunsziaandnlunguliilasuulanidesaunursngulin/fsuuas

2.3.2.3 Density-base
v
N13AANGNULY  Density-base Lunsdanguinaadunugiuaes
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v
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N139ANGNULL Density-base ldw1siiines 2 siaAe Eps: AaAFAll
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wistnlidmiunisdnngn wazlugui 2.8 AMuualian p luanAudnatsuaziovun
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Wuiinanan p urenaweangy Aextiinissiaiuingulinanisiaananninuii
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NNC Architecture

(Neural Network Classifier Architecture)

a‘l’ ' < o ' 1 ad 4‘ e: Y o a o
UNNNAMDIMANNITULNNGNAEUINEANNS Neural Network 1ne113dE184
M.A. ABOU-NASR [1] lhinuannistilddangudeya uazluinentinugiifilindnnis
Waau siaded 3.1 nanatanntinanssusestiasennianesn wade 3.2 uansdanesnunld
ludumnaunnsFaud uasviaden 3.3 uanssaatinsdeyanlddanasiuidnuuanmyaeidays
' v H )
dmsudayailifimsdewiuiuminiy dowluund 4 auflunisinawesuuuulnenld
' "y aa v o o
wisngudayandinisdewiunu
3.1 aanifnanssnaas NNC (Neural Network Classifier Architecture)
NNC (Neural Network Classifier) us#aasagui 3.1 § Tudunn(input layer) L, =
(a,, 3, ay,..,,a,) Usznaudat n Frseu (nefudayadunn P 75 n ananmus uiastiasey
ludu L, azsianutiosauludu L, Aa L, = (b, b, by, ....b,) WAZUIWINAZONAIMUARIN

fasauludu L, lldstasanludu L, amusnnas (3.1)
W, = (ww,..w,)" (3.1)

loew w, =, W, ,..w, ) dudmdnsesanieessof i lutoseudu L,

jan?t"d

g1 3.1 an1ilaenssues NNC

- ® .  d & .-
tasaulutu L, azldunungns uila farunsoa¥waulusendndunauniaGous

(learning) Insannsaaziinnnndmilalisseudmiunguinearin
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H v H
wwmnilddedeys P, dwiuldszysaunguisuuananunsadulfldann

v '
‘ffumfaums‘ﬁ‘uuimmumiﬁ (3.2)
By Cisre g 5B (3.2)

c, Wutiasauluty L, 289 NNC dmiungu k

o ' :’I e; a = v ' ' v
m Lﬂummunqumnuﬂwmmmms‘u‘ﬂugn’lmmnqumw NNC

3.2 2ana3Nnyuas NNC (NNC Training Algorithm)
ganeduaes NNC & p* = {pf, pt....p* L iluBunm Laza11TaLARINITRNIY
Raid
1. afeduuuiiasenludu L, ‘%u’lmié’m?m”mﬂa%uww P Aldanunsnszyngy
4]
2. dstiuinszmireduaesiiosen TTaszezieaesdayautiugAdaEuclidean
distance) luannsii 3.3 udaldszuzmadeniign nefszarnsdananatien
n31A1 threshold mmnq’uﬁ'u 'lﬁé’m'ﬁmgaﬁfagﬂunzimﬁmﬁu FEHINSE AR

aandaya P lisliarau b An

b= | 5, , P (3.3)
s=1

W, , udAnimninszwdnaiiasau b, luduaes L uas aseua, luful,

'
o Sy

o ,ol o ! o~ " J
diusminadsrestivseusandeya P aglndnganinannis (3.4)

baml:/+ 4 .
W, =l io12,.0n (3.4)
e M

w,,.. \dusniminlmiszndnetiaseu | Tudu L, uartioseniluduL,
W, dudniwinidnszwdwiiaseu | Tudu L, uartioseniludu L,
p, \urAanN UL (feature) 183TRYA P

M ifluArawandaysnidmaseuludanaina
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v
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'
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‘ Tingungnaas
v
AU ': y J'

gﬂﬁ 3.2 NNC training algorithm

A1n7U7 3.2 daneinees NNC arunsoutianisineueaniily 4 suuuusaaiude

necdn 1 g 3.3 Weddeyssausndnan NNC aviansairangulmildiudeyaiv

Avualideyatiuiuiiminadssainguuaiadoananindangaviriazinlé  seun
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dl - v a 1 a o o :’ o dl ' v
NBN ﬂuuanqumenumn'lu?ﬂunqmmu NNC f-}:vnm?ﬂs‘uuwunmammnqummum?

P
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i 3 ¥
ngxlnd naciil 3 7107 3.5 nedliliing 2 nquegneuuda uazildeyasalmidnaniangu
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vmninnguindeyaiiiindl threshold uaznsdigainasi 4 g1 3.6 eiidayalusidiun

U
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aragiaay
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I 1 s anmlwi
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s
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gﬂ'ﬁ 3.4 NNC training algorithm NI 2
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Widungu 1
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v
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gﬂ‘?'l 3.6 NNC training algorithm nseih 4
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q

] 3 2= o v v £ o o
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4.2 fanainumldlunudae

CONSTANT SMALL is value for adjust radius.
*  while ((radius reduce) || (new neuron) ) {
for each pattern p in the training patterns{
read pattern p;
for(node=0; node<total neuron; node++){
compute distance = Euclidean distance (weight[node], p);
if (class of p == class [node]){
if(distance < lower|node|)
mark fall flag for adjust weight;
else if (distance < upper[node|)
mark fall flag for adjust weight;
if (distance < (1.2 * upper|node]))
upper|[node] = distance - SMALL; /1 expand upper
else
clear fall flag for create new node
}/ if (class of p == class [node])

if (class of p != class [node|){
if(distance < lower[node|)
y lower[node] = distance - SMALL; Jlreduce lower
else if (distance < upper[node])
if (reduce upper[node] at least 80 % of the pattern)
" upper[node| = distance - SMALL;
/1 'if (class of p != class [node])
I for node
if (pattern not fall in any node with the same class)
create new node (p);
else
average pattern and weight in the nearest node with the same class;
}/ for each pattern p
}// while ( (radius reduce) || (new neuron) )
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16[+12 68| -0.555559| 0.602255| 0.023279| 0.023279| 4| O O 0f 100.00 0.00
17(+18 114] -0.579331| 0.582691| 0.007665| 0.007665| 4 0| 0| 0| 100.00 0.00
18|+6 22| -0.587944| 0.626615| 0.015189| 0.015189| 3| 0 0| 0f 100.00 0.00
19413 69| -0.612403| 0.584182| 0.007295| 0.007295| 2| Of 0| 0| 100.00] 0.00
20|+16 104| -0.582336| 0.542466| 0.006247| 0.006247( 2| Of 0| 0f 100.00 0.00
21[419 115] -0.584182| 0.552867| 0.002279| 0.002279( 2| Of 0| 0f 100.00 0.00
22|+8 24| -0.678229| 0.552867| 0.011565| 0.011565| 1| 0| Of 0| 100.00 0.00
23[9 25[ -0.690199| 0.383379| 0.005544| 0.005544| 1 O Of 0f 100.00 0.00
241410 66| -0.584182( 0.533286| 0.000790| 0.000790| 1| O] 0| 0| 100.00 0.00
25|+11 67| -0.637535| 0.612194| 0.006291| 0.006291| 1( 0| Of 0| 100.00{ 0.00|
26414 70| -0.629887| 0.547121| 0.002594| 0.002594| 1| 0| 0| 0| 100.00 0.00
27(«15 97| -0.622869| 0.584182| 0.001924| 0.001924| 1| 0| 0| 0| 100.00 0.00
28|42 54 -0.572157| 0.681950| 0.040606| 0.040606] 3| 0| 0| 0| 100.00 0.00
29|45 72| -0.5617364| 0.669594| 0.058320| 0.058320( 3( Of Of Of 100.00 0.00|
30|«3 55| -0.552867| 0.517364| 0.019246| 0.019246] 2( 0| Of 0| 100.00 0.00'
3146 6| -0.552867| 0.760297| 0.079454| 0.079454 2( O O 0f 100.00 0.00'
32«1 26| -0.637535| 0.517364| 0.024468| 0.024468( 1| O O 0| 100.00 0.00|
33|+4 71| -0.584182| 0.517364| 0.015112| 0.015112( 1 O 0| 0| 100.00 0.00|
34|w 7] -0.849690 0.376056| 0.044649| 0.044649] 5| o0 o0 0] 100.00[ 0.00|
35|n 8| -0.754115| 0.205668| 0.079948| 0.079948( 2| 0| 0| 0f 100.00 0.00
36|n 119[ -0.601073| 0.326123| 0.020912| 0.020912( 1| 0| 0| 0f 100.00 0.00
37|u 116 -0.787137| 0.132847| 0.069500| 0.069500 1 of O 0| 100.00 0.00
38(u1 9| -0.488689| 0.427806( 0.015776| 0.015776| 6| O| 0| 0| 100.00 0.00
39|u13 93| -0.416541| 0.466979| 0.060985| 0.060985( 6( O O Of 100.00 0.00
40(u4 73| -0.542270| 0.476011| 0.010530| 0.010530( 2| 0| 0| 0| 100.00 0.00
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no. | ch |index0 X Y MAX MIN LS | US | LO | UO | Certain |Uncertain
41|u5 74| -0.601073| 0.454525| 0.016532| 0.016532| 2( O O 0| 100.00; 0.00
42|49 78| -0.568970| 0.457577| 0.009100( 0.009100f 2| O] Of 0| 100.00{ 0.00
43|u15 99| -0.538891| 0.427905| 0.010430| 0.010430/ 2| 0| 0| 0| 100.00 0.00
44,19 107| -0.538891| 0.457577( 0.014391| 0.014391 2| O0f O 0] 100.00 0.00
45|12 27| -0.123350| 0.457577| 0.033150| 0.033150 1| O 0| 0Of 100.00{ 0.00
46|u7 76| -0.554872| 0.443995| 0.003663| 0.003663 1 0| 0| 0] 100.00 0.00
47|u8 77| -0.566144| 0.427905| 0.004973| 0.004973 1 0| 0| 0] 100.00 0.00
48(u10 79| -0.644969| 0.443995| 0.017644| 0.017644| 1 0| 0| 0] 100.00 0.00
49(u11 80| -0.570956] 0.440945 0.009168| 0.009168| 1| O O 0f 100.00{ 0.00
50(u12 92| -0.292091| 0.457577| 0.027015| 0.027015 1| O 0| 0f 100.00{f 0.00
51|uv14 98| -0.535157| 0.435745( 0.004786( 0.004786 1 0o 0| 0| 100.00 0.00
52|u16 100| -0.499939| 0.476380| 0.009247| 0.009247 1 0| 0| 0] 100.00 0.00
53|u17 105| -0.557051| 0.434569| 0.001842| 0.001842 1 0| 0| 0| 100.00 0.00
54(u18 106| -0.535444| 0.443995| 0.005113| 0.005113| 1 0/ 0 0] 100.00 0.00
55(u20 120| -0.515053| 0.427905( 0.002231{ 0.002231 1 ol o of 100.00 0.00
56(u2 57| -0.217701| 0.458301| 0.063764| 0.063764f 3| 0| 0| 0| 100.00 0.00
57(u3 58| -0.091288| 0.448843| 0.033220| 0.033220f 2| 0| 0| 0| 100.00 0.00
58(u5 82| -0.555836| 0.481971| 0.006250| 0.006250| 2| 0| 0| 0| 100.00 0.00
59|u8 85| -0.577989| 0.476380| 0.019004] 0.019004, 2| 0| 0| 0| 100.00 0.00
60{u11 88| -0.319802| 0.450931| 0.021041| 0.021041 2| of O 0] 100.00 0.00
61(u6 83| -0.528955| 0.431108{ 0.003244| 0.003244| 1 o[ 0 o0f 100.00 0.00
62(u7 84| -0.532486| 0.439812| 0.002847| 0.002847 1 o[ 0| o0| 100.00 0.00
63[u9 86| -0.566144| 0.448843| 0.006923| 0.006923| 1 0f 0| 0| 100.00 0.00
64410 87| -0.550508| 0.437343| 0.005778| 0.005778| 1 o 0| 0| 100.00 0.00
65(u12 89| -0.524832| 0.454456| 0.006245| 0.006245| 1 0| 0] 0] 100.00 0.00!
66(u13 108| -0.514667| 0.454098| 0.003496| 0.003496| 1 0| 0] 0] 100.00 0.00!
67{u14 113| -0.517364| 0.457577| 0.003124| 0.003124/ 1| 0| 0| 0] 100.00f 0.00
68|w2 59| -0.737155| 0.417364| 0.016221| 0.016221] 2| 0| O 0] 100.00f 0.00
69(v1 12| -0.746788| 0.405177| 0.006941| 0.006941 1 0| 0| 0] 100.00 0.00!
70|u5 31| -0.727348| 0.376139| 0.013394| 0.013394| 13| 0| 0| 0] 100.00 0.00
71|14 30| -0.579396| 0.374005| 0.026253| 0.026253| 8| O0f 0| 0| 100.00f 0.00}
72|u7 33| -0.622810| 0.369141| 0.037503| 0.037503| 7| 0| 0| 0| 100.00f 0.00
73|43 29| -0.586846| 0.392416/ 0.001711| 0.001711 1 0| o0 o0 100.00 0.00
74(u6 32| -0.612194| 0.427905| 0.005812| 0.005812| 1 0| 0| 0] 100.00 0.00
75(110 101| -0.568027| 0.405776| 0.012052| 0.012052| 1 ol 0| 0| 100.00 0.00
76|u11 102| -0.596017| 0.427905| 0.007940( 0.007940| 1 ol o of 100.00 0.00
77|a2 35| -0.458766| 0.565686| 0.051573| 0.051573| 5| 0| O 0] 100.00 0.00
78|a5 38| -0.728104| 0.559494| 0.041757| 0.041757| 4| O| 0| 0] 100.00 0.00
79(a8 41| -0.785014| 0.519552| 0.095423| 0.095423| 4| 0| 0| 0| 100.00 0.00
80|a4 37| -0.587219| 0.548093( 0.004756| 0.004756| 3| 0| 0 0] 100.00 0.00
81(a11 44| -0.637535| 0.637535| 0.020661| 0.020661 2| 0| O0f o] 100.00 0.00
82(a17 103| -0.575827| 0.550369| 0.008640| 0.008640f 2| O| O] 0| 100.00 0.00
83|a3 36| -0.541354| 0.566144| 0.002946| 0.002946( 1 0o 0] 0] 100.00 0.00
84|a6 39| -0.517364| 0.536596| 0.007704| 0.007704| 1 0| 0| 0| 100.00 0.00
85(a10 43| -0.627818| 0.621098( 0.005232| 0.005232| 1 0 0| 0| 100.00 0.00
86213 46| -0.561091| 0.534775( 0.010773| 0.010773 1 o o0 0| 100.00 0.00
87(a14 47| -0.571796| 0.584182| 0.005742| 0.005742 1 0 0 0| 100.00 0.00
88|a15 48| -0.612194| 0.637535| 0.018060( 0.018060 1 0| o0 0| 100.00 0.00
89|a16 91| -0.622869| 0.582248| 0.001854| 0.001854 1 o[ 0| 0] 100.00 0.00
90(.3 50( -0.091288| 0.589466| 0.104609| 0.104609 2| O0f 0| O0f100.00 0.00
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no.] oh [index0] X 7 MAX MIN | LS [ US [LO [UO | Certain [Uncertain

o[ T17] 0.584182] 0.641334] 0.003718] 0.003718] 1| 0| 0| 0| 100.00] 0.00

92[va 80[ 0.710089] 0.633123| 0,030028| 0.030028] 3| 0| 0| 0| 100.00] 0.00

93wt 76 -0.622869| 0.622869| 0.004557| 0.004557| 1| 0| 0| 0| 100.00] 0.00

94|w2 51| -0.584182| 0.532486| 0.000720| 0.000720 1 0 0 0| 100.00 0.00

95(w3 52| -0.463747| 0.646625| 0.052678| 0.052678 1 0 0 0| 100.00 0.00

96|2 17| -0.184289| 0.637535| 0.005104| 0.005104 1 0 0 0| 100.00 0.00

97l &1] 10.184289] 0.673436] 0.003832| 0.003832] 1| 0| 0| 0| 100.00] 0.00

%8s 798| -0.292091| 0.627444| 0.070334| 0.070334] 1| 0| 0| 0| 100.00] 0.00

9929 90| -0.698200 0.326123| 0,057802| 0.053968| 35| 5| 0| 1| 8537 14.63
700[w3 56[ -0.366938| 0.457129| 0039649 0.035802] 5| 1| 0| 0| 8333 16.67
101|u1 10| -0.490925( 0.450884| 0.022063| 0.011572 3 1 0 0| 75.00f 25.00
102{a12 45| -0.598891| 0.565627| 0.016563| 0.009452 3 1 0 0| 75.00] 25.00
103|= 5| -0.807844| 0.349357| 0.066899| 0.035493 1 1 0 0| 50.00f 50.00
104w 11| -0.730259| 0.399455| 0.027330| 0.005764 1 1 0 0| 50.00f 50.00
105(22 49| -0.236786| 0.676369| 0.059299| 0.052510 3 3 0 1| 42.86| 57.14
1067 23| -0.608499| 0.555494| 0.012766| 0.005684 3 5 0 0| 37.50| 62.50
107|.8 34| -0.753769| 0.360114| 0.054831| 0.039275| 17| 28 0 4| 34.69| 65.31
108|+5 62| -0.551410{ 0.446887| 0.012823| 0.004463 2 3 0 2| 28.57| 71.43
709[29 42| 0.609584| 0.533205| 0.024889| 0.012931 6| 1] 0| 5| 27.27] 72.73
110|a7 40| -0.691612| 0.580099| 0.059003| 0.025546 3 7 0 3| 23.08] 76.92
111|ub 75| -0.514230| 0.457577| 0.020042| 0.000954 1 4 0 1| 16.67| 83.33
TP 73| -0,696998| 0.368618| 0.054518| 0.005544| 9| 48] 0| 3| 15.00] 85.00
113243 19| -0.517680( 0.423243| 0.018519{ 0.003657 2 9 0 4| 13.33| 86.67
114|212 18| -0.617267| 0.427148| 0.029167| 0.003722 1 6 0 2| 11.11| 88.89
115|114 81| -0.487723| 0.476714| 0.034577{ 0.009177 1 6 0 2| 11.11| 88.89
116(x2 28| -0.701975| 0.430558| 0.068187| 0.037557 6| 44 0 9] 10.17| 89.83
117]5 21| 0.525337] 0.564668| 0,046330] 0.014381| 2| 16| 0| 5| 8.70| 91.30
118|a1 14| -0.621711| 0.546793| 0.033005| 0.002524 2| 27 0 9 5.26| 94.74
719x13 | 11| -0.526743 0.440045| 0.000010| 0.000000] 0] 1] 0| ©| 0.00] 100.00
720[17 | 12| -0.566144] 0.544380] 0.000010] 0,000000] 0 1| 0| 0| 0.00| 100.00
121]1 75| -0.184289] 0.644521] 0065748 0.003762] 0| 6| 0| 2| 0.00] 100.00

TOT=354 323 235 0/ 53
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i v
9197 5.4)dayarnilu 47.72 % sasdayaismun

< . ° i o i
M990 5.4 UAAIHANTINARRNITeYATAN 2 (test data) NIMAABUALMUWLLATATUANS

A -
NAFBIN 2 (A1T19N 5.3)

data012_4.txt (train data) data011.txt (test data)
no. ch |LS|US|LO|UO)|Certain | Uncertain | | S (US|LO |[UO | Certain |Uncertain
1|n 4/ 0| 0| 0| 100.00 0.00 71 0 5/ 0| 5833 0.00
2(1 8/ 0 0| 0f100.00 0.00 5 0 1 0| 8333 0.00
3[+8 6/ 0| 0| o0f 100.00 0.00 6] 0/ 5/ 0| 5455 0.00
4|49 6/ 0f O] 0| 100.00 0.00 6/ 0| 2 0| 75.00 0.00
5[x11 6/ 0| 0] 0] 100.00 0.00 6/ 0 1 0| 8571 0.00
6«6 4 0| 0| 0| 100.00 0.00 4 o0/ 1| 0| 80.00 0.00
7«4 1 0| 0f 0] 100.00 0.00 11 0 2| 0] 33.33 0.00
8«7 1 0f 0| 0] 100.00 0.00 2| 0| O0f 0] 100.00 0.00
9«10 1 0f o0f 0] 100.00 0.00 6/ 0 1 0| 8571 0.00
10(«12 1 0] 0| 0] 100.00 0.00 1 0| 0| 0] 100.00 0.00
11[+14 1 0f 0| 0] 100.00 0.00 2| 0] 0f 0| 100.00 0.00
12):1 2| 0] of 0| 100.00 0.00 4, 0| 3| 0 57.14 0.00
13|s2 1 0] 0 o0f 100.00| 0.00 8| 0] 22 0| 26.67 0.00
14[.3 1 0f 0f 0] 100.00 0.00 2l 0l 5| 0| 2857 0.00
15(+4 5/ 0f 0] 0| 100.00 0.00 3] 0f 1 0| 75.00 0.00
16(a12 4/ 0/ 0| 0] 100.00 0.00 7/ 0| 4| 0| 63.64 0.00
17[+18 4/ 0] 0| 0f 100.00 0.00 3] 0] 1 0] 75.00 0.00
18|46 3| 0f Of 0| 100.00f 0.00 1 0f 0| 0] 100.00 0.00
19[+13 2| 0} of o0f 100.00 0.00 3| 0] 2 0| 60.00 0.00
20].16 2| 0| oOf O] 100.00f 0.00 1 0} 1| 0} 50.00 0.00
21]+19 2| 0] o0f 0/ 100.00 0.00 of 0o 1 O 0.00 0.00
22|+8 1 0| Of 0| 100.00{ 0.00 1 0} 0| 0} 100.00 0.00
23(<9 1 0/ 0f 0f 100.00 0.00 0l 0f 0o o - -
24|10 1 ©Of 0| 0] 100.00 0.00 1 o0 0| 0| 100.00 0.00
25]a11 1 ©Of 0 0] 100.00 0.00 1 0| 0| 0] 100.00 0.00
26|+14 1 0} 0 0f 100.00 0.00 1 0 0| 0] 100.00 0.00
27(+15 1 ©0f 0 0] 100.00 0.00 0l 0of of O - -
28|42 3| 0] o0 0] 100.00 0.00 2| 0/ 2| 0] 50.00 0.00
29|«5 3| 0] 0] 0| 100.00 0.00 2| 0l 9 o0f 18.18 0.00
30(«3 2| 0| O 0] 100.00 0.00 1 0 3| 0| 25.00 0.00
31|46 2| 0f of o0} 100.00 0.00 2l 0] 7| o0 2222 0.00
32|41 1 0/ 0f 0f 100.00 0.00 0] o 3 O 0.00 0.00
33|«4 1 0f 0 0] 100.00 0.00 of 0o 3 0 0.00 0.00
34w 5/ 0f O 0] 100.00 0.00 3] 0 2 0| 60.00 0.00
35|n 2| 0/ of o] 100.00 0.00 2l 0] 9| of 18.18 0.00
36|n 1 0f 0| 0] 100.00 0.00 0o of of O - -
37|u 1 0| 0| 0] 100.00 0.00 1 0| 5| 0| 16.67 0.00
38|u1 6/ 0| 0 0| 100.00 0.00 1 0| 0| 0] 100.00 0.00
39/u13 6 0 0 0| 100.00 0.00 5 0 4 0| 55.56 0.00
40|u4 2 0f O 0] 100.00 0.00 2| 0| 2 0| 50.00 0.00
41|u5 2| 0f Of o0f100.00 0.00 1 0| 3| 0| 25.00 0.00
42|19 2| O0f 0| o] 100.00 0.00 3] 0| 0| 0] 100.00 0.00
43|u15 2| 0| of o] 100.00 0.00 2| 0| O 0| 100.00 0.00




A9197 5.4 (7a)

data012_4.txt (train data) | data011.txt (test data)

no. ch |LS [US[LO|UO]|Certain [ Uncertain [|S[US[LO [UO [ Certain |Uncertain
44[v19 2| of of o] 100.00] 0.00 of o] 3] of o.00f o0.00
45[1,2 1 o] o o] 100.00] 0.00 11 o[ of o] 100.00] 0.00
46[u7 1] o[ of o] 100.00] o0.00 of of of of - -

47[u8 1] o[ of o] 100.00] 0.00 of of 2[ of o.00] o0.00|
48[u10 1 o] o o] 100.00] 0.00 1] o] of of 100.00[ 0.00
49[u11 1| o] o| o] 100.00] 0.00 1 o] 1| of 50.00] 0.00|
50[u12 11 o] o[ o] 100.00f 0.00 1 o] of of 100.00[ 0.00
51[u14 1] o[ o o] 100.00] 0.00 1 o[ of of 100.00[ 0.00
52[u16 1] of of o] 100.00[ 0.00 of of of o - -

53[u17 1| o of o] 100.00] 0.00 11 o[ 1 of 50.00] 0.00
54[u18 1] o] o o] 100.00 0.00 1 o] of of 100.00[ 0.00
55[u20 1 o] o o] 100.00] 0.00 of of of of - -

56u2 3] of of of 100.00] o0.00 2| o[ of o] 100.00] o0.00
57[u3 2| of of of100.00] 0.00 of of of of - -

58[u5 2| o[ o] of100.00] 0.00 1 o[ of of 100.00] 0.00
59[u8 2[ o[ of o] 100.00] o0.00 2| o 4] o] 3333 o0.00
60[u11 2[ o[ of o] 100.00[ 0.00 1 o[ of o] 100.00[ 0.00
61[u6 1 o[ o of 100.00] 0.00 of of o of - -

62[u7 1] o[ o] o] 100.00]  0.00 1/ o[ of o] 100.00] 0.00
63[u9 11 o] of o] 100.00[ 0.00 1] o[ of o] 100.00] 0.00
64[u10 1[0 o] of100.00[ 0.00 3] o[ of o] 100.00] 0.00
65[u12 1] o] o| o[ 100.00] 0.00 1] o] of of 100.00] 0.00
66[u13 1| of of o] 100.00] 0.00 o[ of of o - -

67[u14 1] o[ 0| o] 100.00] 0.00 of of of of - -

68[w2 2| of o] of 100.00] 0.00 ol of 2[ of o0.00] 0.00
69[w1 1] o[ o[ of 100.00] 0.00 o[ of of o - -

70|45 13| o[ o] o] 100.00/ 0.00 9] of o] of100.00[ 0.00
71]u4 8] of o of100.00] 0.00 5/ o o 0] 100.00] 0.00
72[u7 7| o] o] o] 100.00] 0.00 4l o[ 1] o] 8o0.00] 0.00
73[u3 1| o[ o of 100.00[  0.00 ol of of of - -

74/.6 1| o[ o o] 100.00] 0.00 o[ of 1] o o0.00] o0.00
75410 1| of o] o] 100.00[ 0.00 1/ of 3] o] 25.00] o0.00
76[u11 1] o| o] of 100.00] 0.00 1] o] of o] 100.00] 0.00
77[a2 5] o o o] 100.00 0.00 7| o] 11| o] 3889 0.00
78[a5 4| o o of100.00] 0.00 2| of 2[ o 50.00f 0.00
79[8 4] o of o] 100.00] 0.00 4| o] 26/ o] 13.33] 0.00
80[a4 3] of of o] 100.00 0.00 11 of of o] 100.00] 0.00
81[a11 2| o[ o o] 100.00[ 0.00 2[ o[ o] o] 100.00[ 0.00
82[a17 2| o] o of100.00] 0.00 11 o[ 1] of 50.00] 0.00
83[a3 1 o] o o] 100.00] 0.00 1 o] of of 100.00] 0.00
846 1] o[ o o] 100.00] 0.00 of of of of - -

85[a10 1| o[ of o] 100.00] 0.00 of of of of - -

86[a13 1] o[ o o] 100.00[ 0.00 of of of o - -

87[a14 1] o[ of o] 100.00] 0.00 of of of of - -

88[a15 1 o] of o] 100.00] 0.00 1 o] o| of 100.00] 0.00
89|a16 1 0 0 0| 100.00 0.00 1 0 0 0| 100.00 0.00
903 2| o] o of100.00] 0.00 2[ o] 5] of 2857 o0.00
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M990 5.4 (sia)

data012_4.txt (train data) data011.txt (test data)
no. ch |LS|US|LO|UO |Certain| Uncertain | | S| US |LO |UO | Certain |Uncertain
91w 1 of 0| 0| 100.00( 0.00 1 0| 0| 0] 100.00, 0.00
92|w4 3] O0f O 0] 100.00 0.00 1 of 1 0| 50.00 0.00}
93|w1 1 0l 0| 0] 100.00 0.00 0 0o 0 0O - -
94|n2 1 0| O 0] 100.00 0.00 1 0 0 0| 100.00 0.00
95|w3 1 of o[ 0] 100.00( 0.00 of of 19( of o0.00( 0.00
96 1 o[ o 0| 100.00f 0.00 of of of of - -
972 1 0| 0 o0f 100.00 0.00 0 of 0 O - -
98|x 1 o0f 0| 0| 100.00( 0.00 2| of 3| of 40.00f 0.00
99).9 35| 5/ 0 1| 85.37| 14.63 37 4 M 2| 68.52] 11.11
100{u3 5/ 1 0f 0| 83.33| 16.67 2l O0f O 1| 66.67| 33.33
101 |u1 3 1 0 0| 75.00f 25.00 1 1 1 0| 33.33| 33.33
102{a12 3 1 0 0] 75.001 25.00 1 5 2 8 6.25| 81.25
103|a 1 1 0| 0} 50.00] 50.00 1 1 2 13 5.88| 82.35
104w 1 1 0 0] 50.00f 50.00 0 2 of 10 0.00{ 100.00
105).2 3l 3| 0] 1| 42.86| 57.14 31 1 1 1| 50.00f 33.33
106(s7 31 5| 0 0} 37.50{ 62.50 2| 2| 0 6| 20.00f 80.00
1078 17| 28] 0| 4| 34.69| 65.31 24| 18] 3| 7| 46.15| 48.08
108(+5 2 3 0 2| 2857 71.43 2 1 0 2| 40.00f 60.00
109(a9 6| 11 0 5| 27.27| 7273 3 3 1 6( 23.08/ 69.23
110{a7 3 7f 0| 3| 23.08/ 76.92 3 ~714 1 8| 15.79| 78.95
111|u6 1 4 0f 1| 16.67| 83.33 of 5/ 0] 6 0.00{ 100.00
112[:1 9| 48 0 3| 15.00f 85.00 5| 41 0 6 9.62| 90.38
113[23 2( 91 O 4| 13.33]| 86.67 of 8 1 6 0.00f 93.33
114{+2 1 6| 0| 2| 11.11| 88.89 1 2| of 5| 1250 87.50
115|u4 1 6/ O 2| 11.11| 88.89 1 4 0} 3| 12.50| 87.50
11622 6| 44/ 0] 9| 10.17| 89.83 7291 —31-171'712.50| | 82.14
117|s5 2| 16 0} 5 8.70| 91.30 3( 14/ 0 13} 10.00{ 90.00
118|a1 2( 271 0 9 5.26| 94.74 0] 181|| 0] 45 0.00{ 100.00
119|413 of 1 of 0 0.00| 100.00 0 0f 0o O - -
120|+17 of 1 of O 0.00| 100.00 1 ORLJ 0 50.00 0.00
12121 0| 6 0] 2 0.00} 100.00 0f 4 0 5 0.00{ 100.00
TOT=354 323 235 0 53 272 165 223 140 TOT=570
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ldnaseuduuuunsdanguitdinaueluuni 4 fudeysaneileduusasnes
nwlng 6 ngu Ae na Wy n e Tandl 198 days deyausiazsiadl 2 Arudnwor a1ansn
u.amﬂ”mHaﬁlﬂumzmunw&au;ﬂﬁﬁams‘wﬁ‘ 5.5 uazuansdeyalugli 5.5 laedaneiii
sinnsdadeyanudidudeyaiidinn nanmasesaunsodangudeyadaeiinisda
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FNHAENET09ANIUARIR3UT 5.6 aznudndenfauifieuiunisdangusiands NNC

WamIAagIR 5.5 wudinanismanasiiiniaus (MNNC) arunsadanguldsiuaungui

manzaundlafisuAunIsuLiangNfsaIAI TR N

< o o i
A1919N 5.5 uanvsaatdayandyausililunimasey

naw feature1 feature2
no13 -0.402433 0.248172
n021 -0.409239 0.260210
n010 -0.409239 0.260210
n048 -0.412089 0.265182
2001 -0.528631 0.633205
%002 -0.418121 0.649524
@003 -0.469269 0.668075
W120 -0.748883 0.672864
U017 -0.535157 0.435745
4040 -0.727160 0.404487




d ] J o/
M990 5.6 Nﬂﬂ’\i“/lﬁ@’ﬂ\iﬂ’]i‘llﬁ\lﬂ@ﬂﬂﬂEy'ﬂuxﬂ']'lﬂ"ﬂ‘l!ﬂﬁ’lﬂ MNNC

47

L weight (3AANENANNGN) Threshold(37i&)
NANY | nNqu
feature 1 feature 2 Upper lower
1 n -0.427978 0.2503020 0.1674217 | 0.142593
2 a -0.4102137 0.6829049 0.1264682 | 0.1080466
3 q -0.5864160 0.5769214 0.1268253 | 0.0978127
4 U -0.6641089 0.3833587 0.1300036 | 0.1079414
5 -0.5447880 0.4436110 0.0576791 | 0.0301523
6 | -0.7597150 0.6716670 0.1557313 | 0.1394818
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¥

Fayalulng data012_4.txt WudeyaildluduneuntsGeuf (training data) 199
mamagash 2 uunii 5 Wlndszneudn deyadiuon 354 days N 4 Andnwos

(feature) uazlunnmaaai 2 14 2 prudnmoizuen

< -
A9 n.1 uandiayslulne data012_4.txt

ch feature1 | feature2 | feature3 | featured no.| ch feature1 | feature2 | feature3 | featured
n013 | -0.402433| 0.248172| 0.753737| 0.246263 178|,083 | -0.644969| 0.443995( 0.426866| 0.573134

n021 |-0.409239| 0.260210| 0.875250| 0.124750 179[,084 | -0.528955| 0.443995( 0.320912| 0.679088
«001 |-0.517364| 0.427905| 0.498553| 0.501447 180[,085 | -0.570956| 0.440945( 0.417015| 0.548919
+004 |-0.618794| 0.440945( 0.403409| 0.596591 181],088 | -0.538891| 0.457577| 0.336773| 0.663227
1004 |-0.695662| 0.096348| 0.723025| 0.269866 182],,090 | -0.352904| 0.484267| 0.262160| 0.728445
1035 |-0.624342( 0.240138| 0.872033| 0.109290 183[,091 | -0.545785| 0.476380| 0.440455( 0.559545
001 |[-0.577896| 0.577896| 0.297348| 0.689103 184[,092 | -0.554872| 0.443995| 0.420203( 0.574506
002 |-0.580406| 0.542443| 0.265239| 0.726844 185,093 | -0.485538| 0.417086| 0.339600| 0.660400
2022 |-0.807844| 0.349357| 0.693878| 0.294290 186],096 | -0.405177| 0.457577| 0.302309( 0.690465
2090 |[-0.825803| 0.413790| 0.657422| 0.336948 187|,100 | -0.601073| 0.451472) 0.385608| 0.579980
«010 |-0.584182( 0.681950| 0.422911| 0.577089 188[y007 | -0.487290| 0.476380( 0.346334| 0.636628
013 | -0.552867| 0.517364| 0.529136| 0.455482 189]4012 | -0.552867| 0.479674| 0.382375| 0.617625
021 |-0.552867| 0.737155| 0.189191| 0.793438 190[4023 | -0.493940| 0.444908| 0.365976| 0.634024
4027 |-0.552867| 0.783439( 0.129096| 0.870904 191]y024 | -0.528955| 0.431108| 0.364567| 0.635433
~018 |-0.847727| 0.360006| 0.774637| 0.194581 192],029 | -0.215761| 0.440945| 0.164193| 0.822029
w041 |-0.852833| 0.388542| 0.777028| 0.206377 1931036 | -0.526743| 0.440945| 0.300274| 0.699726
052 |-0.784810| 0.202388| 0.894435| 0.105565 194/,,039 | -0.571796| 0.476380| 0.318950| 0.681050
2070 |-0.723419| 0.208947| 0.879382| 0.120618 195(,040 | -0.514667| 0.454098| 0.305945| 0.694055
w042 |-0.601073| 0.326123| 0.962913| 0.037087 196/,044 | -0.474851| 0.448843| 0.321059| 0.678941
w031 |-0.787137| 0.132847| 0.863555| 0.118964 197]u049 | -0.584182| 0.476380| 0.395483| 0.604517
1005 |-0.292091| 0.457577| 0.288745| 0.711255 198],1050 | -0.253054| 0.457577| 0.201613( 0.798387
w007 |-0.427905| 0.476380| 0.342092| 0.657907 199(,057 | -0.532486| 0.439812| 0.304463| 0.695537
1005 |-0.184289( 0.476380| 0.246709( 0.753291 200[y063 | -0.566144| 0.448843( 0.404352| 0.595648
4006 |-0.091288| 0.448843| 0.218321| 0.781679 201|069 | -0.509878| 0.478460| 0.449842| 0.543282
»019 [ -0.713336] 0.378008| 0.625184| 0.374816 202,076 | -0.550508| 0.437343| 0.306036| 0.693964
w054 |-0.730259( 0.399455| 0.658730| 0.332416 203[080 | -0.485538| 0.448843| 0.281835| 0.718165
w052 |-0.746788| 0.405177| 0.553711| 0.446289 204[,081 | -0.558804| 0.484267| 0.266422| 0.718334
w080 |-0.737155| 0.417364| 0.667911| 0.320392 205(,082 | -0.326123| 0.460917| 0.255795| 0.744205
4001 |-0.737155| 0.368578| 0.771071| 0.228929 206(,)084 | -0.517364| 0.457577( 0.343606| 0.641117
w002 |-0.729878| 0.378899| 0.639982| 0.349322 207|085 | -0.313481| 0.440945| 0.206259| 0.777143
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2002 |-0.596016( 0.549325| 0.567568| 0.432432 208,087 | -0.524832| 0.454456| 0.255938| 0.744062
004 |-0.588818| 0.546793| 0.377069| 0.608569 209(,y088 | -0.091288| 0.448843| 0.139384| 0.860616
2006 |-0.184289| 0.669594| 0.030794| 0.969206 210(,092 | -0.493940| 0.458981| 0.303362| 0.696638
2007 |-0.233832| 0.666991| 0.047571| 0.952429 211|093 | -0.476380| 0.483305| 0.329882( 0.640438

w
N

w
©

g

w
o

w039 |-0.584182| 0.641334| 0.464387| 0.518348 212[,071 | -0.744932| 0.398406| 0.714017| 0.272475

w
g

w035 |-0.704591| 0.638929| 0.607496| 0.392504 213(,,003 | -0.704052| 0.376882| 0.611599( 0.388401
w042 |-0.711267| 0.630553| 0.431602| 0.555794 214,004 | -0.703836| 0.376142| 0.634450| 0.352013
2096 |-0.184289| 0.673436| 0.054616| 0.945384 215(,,005 | -0.708014| 0.390206( 0.719056| 0.280944

w
~

w
e

392098 |-0.184289| 0.637535| 0.030698| 0.969302 216(,006 | -0.716775| 0.394501| 0.740531| 0.249960
405021 |-0.292091| 0.627444| 0.135477| 0.864523 217(,007 | -0.734136| 0.394501( 0.714291| 0.281555
41[,050 |-0.421758| 0.251352| 0.841478| 0.152506 218],,010 | -0.701653| 0.427905| 0.739317| 0.260683
42|,098 |[-0.412089| 0.265182| 0.903737| 0.096263 219[,,011 | -0.727160| 0.394501| 0.721893| 0.252225
43|4,005 |-0.551352| 0.446599| 0.281926( 0.718074 220,012 | -0.684565| 0.378723( 0.706492| 0.293508
44|4006 |-0.591505| 0.419350| 0.288157| 0.686149 221,013 | -0.707512| 0.463747| 0.753824| 0.219965
4514007 |-0.591505| 0.440945| 0.367687| 0.632313 222[,,015 | -0.692478| 0.376142| 0.630151| 0.361383
46|4008 |-0.615721| 0.434913| 0.463466| 0.531467 223,016 | -0.698200| 0.326123| 0.698892( 0.293254

&
~

+009 |-0.524646| 0.438045| 0.356723| 0.643277 224[,,017 | -0.568027| 0.405776| 0.586526| 0.413474
»010 |-0.562497| 0.422703| 0.426171| 0.573829 225(,,018 | -0.693757| 0.378308( 0.797070| 0.202930

8

4011 | -0.521355| 0.433476| 0.257484| 0.742516 226(,,019 | -0.555806| 0.377781| 0.540509| 0.459491
w013 |[-0.546156( 0.417086| 0.250715| 0.736783 227(,020 | -0.688736| 0.374152( 0.614324| 0.385676

&

o
o




< '
M990 n.1 (A1)

no.| ch feature1 | feature2 | feature3 | feature4 no.|{ ch featuret | feature2 | featured | featured
51|4015 |-0.525233| 0.438858| 0.322299| 0.677701 228(,021 | -0.754798| 0.374997| 0.727934| 0.272066
52|4017 |-0.522862| 0.427263| 0.327043| 0.672956 229(,,022 | -0.712634| 0.368578| 0.730429| 0.269571
534019 |-0.551022| 0.446110| 0.321300| 0.667837 230|,023 | -0.576121| 0.377781| 0.628341| 0.371659
54|4020 |[-0.517364| 0.422656| 0.507852| 0.492148 231|024 | -0.703070| 0.373504| 0.688516| 0.311484
554023 |-0.561091| 0.443995| 0.410270| 0.574125 232|,026 | -0.738775| 0.374997| 0.632356| 0.363416
56|4024 |-0.637535| 0.405177| 0.375103| 0.624897 233|,,027 | -0.737155| 0.368578| 0.597392| 0.402608
57|4025 |-0.557051| 0.427160| 0.401672| 0.598328 234/,,028 | -0.703070| 0.409475| 0.657929| 0.342071
58|4026 |-0.496632| 0.387449| 0.362532| 0.637468 235|,,029 | -0.596017| 0.427905| 0.719528| 0.280472
59|4029 |-0.584182| 0.427905| 0.619848| 0.366381 236(,030 | -0.729797| 0.386866| 0.690955| 0.305069
60|4031 -0.635911| 0.424321| 0.376132| 0.623868 2374031 -0.724414| 0.379762| 0.682855| 0.313296
61(4033 | -0.512732| 0.398081| 0.428701| 0.571299 238/,,032 | -0.587570| 0.391902| 0.616108| 0.371732
62|4035 |-0.580012| 0.423645| 0.368756| 0.591281 239],,033 | -0.618794| 0.384779| 0.633095| 0.366905
63[4036 [ -0.576121| 0.423919| 0.435755| 0.564245 240],,034 | -0.705062| 0.380323( 0.802019| 0.197981
64|4037 | -0.552867| 0.476380| 0.465807| 0.529153 241|,,035 | -0.587054| 0.374997| 0.590991| 0.409009
65|4040 -0.552867| 0.427905| 0.331062| 0.648049 242],,036 | -0.743877| 0.394501| 0.671647| 0.328353
66|4045 |-0.517364| 0.394501| 0.365700| 0.634300 243(,,037 | -0.709321| 0.383379| 0.776462| 0.223538
674047 -0.578377| 0.417364| 0.333483| 0.652483 244|,,038 | -0.612194) 0.427905| 0.777137| 0.216129
68|4049 |-0.573974| 0.419350| 0.346127| 0.643065 245,039 | -0.719996| 0.368578| 0.767172| 0.232828
69|4051 -0.519655| 0.443995| 0.208891| 0.791109 246(,,040 | -0.727160| 0.404487| 0.544036| 0.439042
70{4053 -0.561091| 0.427905( 0.336559| 0.650302 247,041 -0.723179| 0.384148| 0.802858( 0.181315
71{+055 |-0.513625| 0.422656| 0.489382| 0.510618 248(,,042 | -0.753274| 0.343916| 0.611863| 0.384392
72|4057 -0.618214| 0.427905| 0.560980| 0.391241 249(,043 | -0.706384| 0.377461| 0.741702| 0.258298
73|4061 -0.637535| 0.427905| 0.404860| 0.595140 250(,,044 | -0.703656| 0.354516| 0.658682| 0.341318
74|4065 |-0.578790| 0.400331| 0.520912| 0.463662 251,045 | -0.707081| 0.372063| 0.674337| 0.325663
75|4067 |-0.517364| 0.427905| 0.608227( 0.391773 252|,,047 | -0.699369| 0.354557| 0.721168| 0.278832
76|4072 |-0.517364| 0.427905| 0.290140| 0.709860 253|,048 | -0.701653| 0.368578| 0.621361| 0.378639
77|4073 | -0.552867| 0.415441| 0.591942| 0.408058 254|,050 | -0.681950| 0.368578| 0.717445| 0.282555
78|4074 | -0.558077| 0.436194| 0.374708| 0.625292 255,051 -0.681950| 0.368578| 0.742446( 0.257554
79(+080 -0.526743| 0.427905] 0.498952| 0.501048 256,052 | -0.706384| 0.384779| 0.616270| 0.370591
80(4082 |-0.520756| 0.423033| 0.459908( 0.530110! 257(,053 | -0.639575| 0.374152| 0.627151| 0.359183
81|4084 |-0.552867| 0.427905| 0.443486| 0.537875 258|,054 | -0.615914| 0.377781| 0.655559| 0.344441
82(4086 |-0.559765| 0.422445| 0.498427| 0.484932 259(,,055 | -0.696837| 0.368578| 0.616837| 0.383163
83|4090 -0.601892( 0.422445| 0.436247| 0.530570 260,056 | -0.719996| 0.368578| 0.732556| 0.267444
844091 -0.654192| 0.142830| 0.931569| 0.051251 261,058 | -0.701653| 0.368578| 0.681730| 0.318270
85(4092 |-0.558077| 0.436194| 0.339955| 0.644953 262|,060 | -0.701653| 0.368578| 0.613078| 0.373225
86|4093 |-0.556362| 0.422294| 0.388407| 0.605209 263,061 -0.681950| 0.368578| 0.759787| 0.227325
87|4096 |-0.526743| 0.440945| 0.599329| 0.400671 264,062 | -0.699452| 0.360792| 0.731542| 0.268458
88|4097 -0.561091| 0.427905| 0.608393| 0.391607 265|063 | -0.701653| 0.368578| 0.720695| 0.279305
891,077 -0.681950| 0.148584| 0.873068| 0.126932 266(,065 | -0.730259| 0.368578| 0.743202| 0.241416
901,093 -0.578065| 0.131036( 0.867099| 0.115470 267|,066 | -0.580750| 0.360792| 0.675285| 0.324715
91/4003 -0.552867| 0.552867| 0.202720| 0.761784 268|,069 | -0.678229| 0.368578| 0.766158| 0.233842
9214005 |-0.612194| 0.545949| 0.412695| 0.563287 269(,,070 | -0.696312| 0.388542| 0.616926| 0.368781
93(4006 -0.517364| 0.550212| 0.392640| 0.593040 270|071 -0.701653| 0.368578| 0.730932| 0.269068
944009 |-0.552867| 0.601073| 0.373763| 0.615620 271,072 | -0.701653| 0.368578| 0.785513| 0.206683
954012 |-0.584182| 0.620361| 0.427455| 0.572545 272|,,073 | -0.683186| 0.351324| 0.685298| 0.314702
96(4013 |[-0.607347| 0.556362| 0.439954| 0.538338] |273|,,076 | -0.701653| 0.368578| 0.698608| 0.293155
97(<014 | -0.584182| 0.584182| 0.445621| 0.542767 274(,,080 | -0.724414| 0.368578| 0.644476| 0.321151
98(4015 |[-0.584182] 0.584182| 0.377939| 0.614507| |275|,.,081 | -0.719996| 0.368578| 0.751991| 0.239242
9914016 -0.517364| 0.566144| 0.320390| 0.665470 276,082 | -0.596016| 0.368578| 0.745501| 0.254499
100({<019 |-0.584182| 0.637535| 0.390285| 0.597662 277,083 | -0.716775| 0.356289| 0.743050| 0.256950
101|020 |-0.584182| 0.552867| 0.463887| 0.536113 278(,,085 | -0.695820| 0.421695| 0.778260| 0.221740
102]4021 -0.566144| 0.544380| 0.526342| 0.473658 279(,,086 | -0.589466| 0.380323| 0.731648| 0.256699
103{4023 |-0.566144| 0.582786| 0.424924| 0.567751 280(,087 | -0.701653| 0.427905| 0.661492| 0.338508
104(4025 |-0.584182| 0.533286| 0.367813| 0.603729 281,090 | -0.709321| 0.360285| 0.698971| 0.301029
105|027 |-0.532486| 0.584182| 0.263034| 0.720696 282|,091 -0.701653| 0.368578| 0.772521| 0.227479
106(4028 -0.596016| 0.622869| 0.368796| 0.618839 283(,092 | -0.753274| 0.362000| 0.782427| 0.199422

56



< '
M19199 n.1 (AR)

no.| ch | feature1 | feature2 | feature3 | featured no.| ch | featuret | feature2 | feature3 | featured
1074037 | -0.637535| 0.612194| 0.370974| 0.611271 284[,095 | -0.718258| 0.388542| 0.734497( 0.265503
108[4039 | -0.566144| 0.607347| 0.284941| 0.699402 285(,097 | -0.715504| 0.378899| 0.736470| 0.263530
109|040 |-0.552867| 0.570729| 0.443668| 0.556332 286(,098 | -0.570562| 0.377781| 0.549808| 0.450192
110|<045 | -0.538891| 0.552867| 0.232757| 0.756019| |287[,099 | -0.616955| 0.339850( 0.692394( 0.307606
111|4046 |-0.612194| 0.566144| 0.387447| 0.594416 288(,100 | -0.673437| 0.368578| 0.758457| 0.241543
113|4048 | -0.517364| 0.544380| 0.448145| 0.551855 290(,005 | -0.603025| 0.553849| 0.459149| 0.540851
114|4050 |-0.612194| 0.560098| 0.536548)| 0.457237 291/,006 | -0.596017| 0.541354| 0.507799| 0.477449
115|4051 -0.584182| 0.584182| 0.387947| 0.588376 292,007 | -0.476380( 0.562294| 0.406590| 0.564914
116|4052 | -0.552867| 0.552867| 0.484956| 0.502069] [293]|,008 | -0.448843| 0.596016( 0.421315| 0.578685
117|4057 |-0.612194| 0.584182| 0.473869| 0.518528 294/,009 | -0.457577| 0.538891| 0.459035| 0.540965
118|4059 |-0.532486| 0.561091| 0.405797| 0.573782 295/,010 | -0.601073| 0.538891| 0.451154| 0.548847
119/,060 |-0.566144| 0.556675| 0.369751| 0.630249 2962011 -0.462186| 0.565083| 0.425911| 0.574089
120|061 -0.517364| 0.584182| 0.426114| 0.573886 2972012 | -0.448843| 0.566144| 0.343158| 0.642673
121|062 |-0.552867| 0.557314| 0.339533| 0.660467 2985013 | -0.541354| 0.566144| 0.341883| 0.658117
122|,064 |-0.517364| 0.596017| 0.211418] 0.780642 299,014 | -0.575827| 0.550369| 0.455225| 0.539929
123|065 |-0.584182| 0.563036| 0.448410| 0.551590 300(5017 | -0.719996| 0.552867| 0.579430| 0.414059
124|067 |-0.629887| 0.547121] 0.422070| 0.572016 3011|2018 | -0.622869| 0.546793| 0.406423| 0.593577
125|4069 |-0.612194| 0.584182| 0.484006] 0.503587 3022020 | -0.517364| 0.536596| 0.402611| 0.580057
126|4071 -0.584182| 0.571796| 0.226711| 0.773289 303]5021 -0.616955| 0.530746| 0.400338| 0.599662
127|073 | -0.678229| 0.552867| 0.449949( 0.516557 304(,022 | -0.612194| 0.532486| 0.310320| 0.657285
128|4076 -0.605427| 0.558077| 0.375468| 0.615725 305(,023 | -0.709321| 0.603025| 0.508202| 0.466735
12914077 -0.538891| 0.594012| 0.379836| 0.588288 3062024 | -0.737155| 0.563036| 0.578858| 0.421142
130{4078 -0.584182| 0.566144| 0.470892( 0.529108 307|2027 | -0.785014| 0.519552| 0.551915| 0.392337
131|083 | -0.544380| 0.566144| 0.467551| 0.527817 308(3030 | -0.712634| 0.592788| 0.536059| 0.458490
132|084 |-0.584182| 0.568499| 0.444867| 0.520215 309/,031 -0.591505| 0.552867| 0.459123| 0.540877
133|085 |-0.612194| 0.552867| 0.489814| 0.503925 310|,032 | -0.612194| 0.563036| 0.408737| 0.563648
134|4088 | -0.584182| 0.552867| 0.500207| 0.499793 3113035 | -0.681950| 0.563901| 0.501237| 0.481653
135/4089 | -0.584182| 0.569470] 0.398722| 0.601278] |312{s037 | -0.660669| 0.569470| 0.529927| 0.451911
136/4092 |-0.622869| 0.584182| 0.288074| 0.701531 313|5040 | -0.622869( 0.538891| 0.532481| 0.452934
137[4096 | -0.690199| 0.383379| 0.753511| 0.246489 314[5042 | -0.606035| 0.524139| 0.532755| 0.448649
138|4097 | -0.584182| 0.542488| 0.541923| 0.458077 315[,043 | -0.622869| 0.582248| 0.530511| 0.458054)
139(4100 | -0.596017| 0.552867| 0.470860| 0.524839 3162047 | -0.517364| 0.584182| 0.417292| 0.582708
140|4014 | -0.552867| 0.517364| 0.553030| 0.446970 317|2049 | -0.517364| 0.596017| 0.434533| 0.565467
141|4017 | -0.566144| 0.681950| 0.341379| 0.639906 3118|3050 | -0.614066| 0.566144| 0.521514| 0.464130
142|4023 | -0.566144| 0.681950| 0.308540| 0.671640 31912051 -0.603025| 0.561091| 0.379806( 0.620194
143|4028 | -0.637535| 0.517364| 0.512367| 0.481958 3205052 | -0.612194| 0.563538| 0.510592| 0.489408
1444030 |-0.584182| 0.517364| 0.532232| 0.467768 321|,053 | -0.627444| 0.558804| 0.514605| 0.477795
145(4034 |-0.517364| 0.669594| 0.235413| 0.746163 322(,055 | -0.681950| 0.584182| 0.541769| 0.433925
146 {4041 -0.566144| 0.544380| 0.647480( 0.345129 323|,056 | -0.627444| 0.622112| 0.493685| 0.500111
147|a047 |-0.852181| 0.384779| 0.767636| 0.213560 324|,057 | -0.637535| 0.637535| 0.505562| 0.463716
148|,,055 |-0.847340( 0.374152| 0.797514| 0.191809 325|,059 | -0.584182| 0.550508| 0.496566| 0.503434
149|4,070 |-0.848370| 0.372802| 0.712674| 0.256864 3326|2061 -0.637535| 0.594729| 0.516972| 0.474472
150|,009 |-0.538891| 0.476380| 0.455808| 0.544192 327|2064 | -0.618794| 0.552867| 0.537838| 0.452224
151|,017 | -0.535157| 0.435745| 0.433066| 0.566934 3285071 -0.727160| 0.562578| 0.472262| 0.456440
152|,019 |-0.601073| 0.457577| 0.474847| 0.525153 329(5074 | -0.660669| 0.552867| 0.550944| 0.415653
153,024 |-0.514230( 0.457577| 0.429160| 0.570840 330(3076 | -0.637535| 0.546793| 0.396980| 0.580462
154,030 | -0.515748| 0.443995| 0.443503| 0.556497 331|a077 | -0.618794| 0.563901| 0.532221| 0.429374
155(,,037 |-0.123350| 0.457577| 0.228399| 0.771601 332(,079 | -0.612194| 0.561091| 0.382683| 0.617317
156(,040 |-0.495194| 0.427905| 0.448756| 0.551244 3333|2080 | -0.588818| 0.546793| 0.555150| 0.444850
157|,043 |-0.368578| 0.457577| 0.209542| 0.782557 3342081 -0.612194| 0.561091| 0.572741| 0.427259
158,044 |-0.498295| 0.427905| 0.465081| 0.534919]| |[335[3083 | -0.609107| 0.538891| 0.499520| 0.478582
159,045 |-0.517364| 0.427905| 0.500836( 0.499164 3365085 | -0.618794| 0.546793| 0.583460| 0.416540
160|047 |-0.394501| 0.448843| 0.327278| 0.672722 337|,086 | -0.592735| 0.566144| 0.537374| 0.462626
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A51¥9N n.1 (A1)

no.| ch | feature1 | feature2 | feature3 | featured no.| ch | feature1 | feature2 | feature3 | featured
161|,048 | -0.380323| 0.437343| 0.230566| 0.754299] | 3384088 | -0.601073| 0.569470| 0.331983| 0.624461
162|,,051 -0.538891| 0.427905| 0.464327| 0.527190 339|090 | -0.561091| 0.534775| 0.496484| 0.503516
163|,052 | -0.339850| 0.457577| 0.272737| 0.727263 340(5092 | -0.633132| 0.544380| 0.487506| 0.497786
164,054 |-0.515053| 0.427905| 0.421284| 0.572299 341[,097 | -0.612194| 0.534172| 0.531079( 0.468921
165|,055 |-0.521917| 0.448843| 0.286588| 0.713412 342,098 | -0.571796( 0.584182| 0.573658( 0.397003
166,056 | -0.493940| 0.427905| 0.437799| 0.562201 343|103 | -0.612194| 0.637535| 0.368281| 0.611012
167|u,057 |-0.521051| 0.448843| 0.401109| 0.598891 3443106 | -0.620360| 0.546793| 0.510792| 0.441381
168,058 | -0.497025| 0.424121| 0.514926| 0.485074 345|,057 -0.222822| 0.671364| 0.073347| 0.926653
169|,060 |-0.481944| 0.427905| 0.451337| 0.548663 346(,059 -0.184289| 0.628186| 0.101619| 0.889555
170[,061 | -0.557051| 0.434569| 0.382397| 0.611644| | 347(,063 | -0.184289| 0.660669| 0.078502| 0.921498
171,064 | -0.566144| 0.427905| 0.432948| 0.552950 348,066 -0.184289| 0.669594| 0.021816| 0.960111
172|,065 |-0.517364| 0.427905| 0.478761| 0.521239 349(,093 -0.253054| 0.690199( 0.020435| 0.979565
173|,068 |-0.466284| 0.440945| 0.387127| 0.612873 350(,099 -0.091288| 0.589466| 0.063107| 0.936893
174(,069 |-0.566144| 0.457577| 0.498828| 0.501172 351|082 | -0.622869| 0.622869| 0.548048| 0.446340
175,072 | -0.499939| 0.476380| 0.435218| 0.564782 352[4083 | -0.584182| 0.532486| 0.555664| 0.433404
176|,077 |-0.571796| 0.457577| 0.441375| 0.558625 353(4084 | -0.463747| 0.646625| 0.388358| 0.603532
177|0,078 | -0.535444| 0.443995| 0.453876| 0.512724 354|4092 | -0.714409| 0.629887| 0.506347| 0.493653




59

dy 1 dl Y o U ¥ dl = } 5 1 Y o ¥ 6 Y ¥
wnanstluenasianulidmsunisidnuienisfinewing eugrelnhlulgusslevimunisin

I =~ O L A Oy agve & - - & A ° %
iquﬂiﬂﬂ,@ﬂﬂﬁau @ﬂVN“W']ﬂJNSLV@@LLUaQLu@VT'] LLaSG]EN@']\“lENﬂQLQWGUENL@ﬂaqiwﬂﬁiﬂwmﬂqﬁuqiﬂiﬂj



60

Fayalulnd data011.txt udeyaiililuiuneunimaasy (testing data) 199013

naaasi 2 luund 5 Windlszneudan deyaduau 570 deya N 4 udnma (feature)

wazlunnsmaassd 2 14 2 Andnmizuen

a5 2.1 uansdayalulne data011.txt

no. | ch | feature1 | feature2 | feature3 | featured no. | ch feature1 feature2 | feature3 | featured

1(,010 | -0.409239| 0.260210| 0.875250| 0.124750 286(,022 | -0.368578| 0.457577| 0.209542| 0.782557

2[,048 | -0.412089| 0.265182| 0.903737( 0.096263 287(,023 | -0.517364| 0.427905| 0.500836| 0.499164

3|,067 | -0.483305| 0.148584| 0.819063| 0.180937 288(,024 | -0.394501| 0.448843| 0.327278| 0.672722

4|,075 | -0.520790| 0.196092| 0.881577| 0.103226 289,026 | -0.538891| 0.427905| 0.464327| 0.527190

5|,077 | -0.394501] 0.326123| 0.847159| 0.125990 290{,028 | -0.521917| 0.448843| 0.286588( 0.713412

6[n110 | -0.476380| 0.292091| 0.923169| 0.076832 291[,029 | -0.521051| 0.448843| 0.401109| 0.598891

7|n115 | -0.443995| 0.253054| 0.874709| 0.125291 292(,,031 | -0.557051| 0.434569| 0.382397| 0.611644

8|4001 | -0.517364| 0.427905| 0.498553| 0.501447 293(,033 | -0.517364| 0.427905| 0.478761| 0.521239

9|4,003 | -0.551352| 0.446599( 0.281926| 0.718074 294[,035 | -0.566144| 0.457577| 0.498828| 0.501172
10[,004 | -0.591505| 0.440945| 0.367687| 0.632313 295[,039 | -0.571796| 0.457577| 0.441375| 0.558625
11]4005 | -0.524646| 0.438045| 0.356723| 0.643277 296,042 | -0.644969( 0.443995| 0.426866| 0.573134
12]|4006 | -0.521355| 0.433476| 0.257484| 0.742516 297[,043 | -0.570956| 0.440945| 0.417015| 0.548919
13[4007 | -0.546156| 0.417086| 0.250715| 0.736783 298|,046 | -0.545785| 0.476380( 0.440455| 0.559545
14]4,008 | -0.525233| 0.438858| 0.322299| 0.677701 299],047 | -0.485538| 0.417086| 0.339600| 0.660400
15|4009 | -0.522862| 0.427263| 0.327043| 0.672956 300|,065 | -0.584182| 0.517364| 0.470794| 0.512266
16]4010 | -0.551022| 0.446110| 0.321300| 0.667837 301],067 | -0.656635| 0.517364| 0.494192( 0.487353
174012 | -0.561091| 0.443995| 0.410270| 0.574125 302|{y070 | -0.552867| 0.476380| 0.400255| 0.599745
18]4013 | -0.557051| 0.427160| 0.401672| 0.598328 303,073 | -0.584182| 0.476380| 0.452829| 0.538044
19]4015 | -0.584182] 0.427905| 0.619848| 0.366381 304[,074 | -0.571796| 0.457577| 0.438329| 0.554791
20[4,016 | -0.635911| 0.424321| 0.376132| 0.623868 305{,075 | -0.612194| 0.476380| 0.502162| 0.497838
21]|4017 | -0.512732| 0.398081| 0.428701| 0.571299 306(,076 | -0.584182| 0.584182| 0.449879| 0.535311
224018 | -0.580012| 0.423645( 0.368756| 0.591281 307|,078 | -0.637535] 0.552867| 0.451549| 0.526732
234019 | -0.552867| 0.476380| 0.465807| 0.529153 308|,079 | -0.607347| 0.476380( 0.468693| 0.499599
244023 | -0.517364]| 0.394501| 0.365700| 0.634300 309],,080 | -0.571796]| 0.476380| 0.465711| 0.526992
25,024 | -0.578377| 0.417364| 0.333483| 0.652483 310,082 | -0.584182| 0.476380| 0.466681| 0.514846
264025 | -0.573974| 0.419350{ 0.346127| 0.643065 311,085 | -0.501330] 0.545145| 0.446475( 0.527123
274026 | -0.519655| 0.443995| 0.208891| 0.791109 312|,088 | -0.584182| 0.517364| 0.478121| 0.505678
284027 | -0.561091| 0.427905| 0.336559] 0.650302 313],091 | -0.552867| 0.517364| 0.450032| 0.543016
294028 | -0.513625| 0.422656| 0.489382| 0.510618 314],097 | -0.438858| 0.427905| 0.361493| 0.638507
304029 | -0.618214| 0.427905| 0.560980| 0.391241 315/,099 | -0.512880| 0.440587| 0.455933| 0.544067
31|4031 | -0.637535| 0.427905| 0.404860| 0.595140 316,104 | -0.515800| 0.417086| 0.312144| 0.687856
32(4033 | -0.578790| 0.400331| 0.520912| 0.463662 317|u106 | -0.584182| 0.427905| 0.225079| 0.774921
33|4034 | -0.517364| 0.427905| 0.608227| 0.391773 318|y111 | -0.535466| 0.441595| 0.380005( 0.619995
34|4036 | -0.566144| 0.427905| 0.467805| 0.532195 319|y412 | -0.603025| 0.416749| 0.517156| 0.482844
35/4037 | -0.552867| 0.415441| 0.591942| 0.408058 3204113 | -0.432957| 0.423360| 0.332182| 0.667818
364046 | -0.654192] 0.142830| 0.931569} 0.051251 321|y114 | -0.491635] 0.446110| 0.420770| 0.579230
37|4047 | -0.556362| 0.422294| 0.388407| 0.605209 322|y115 | -0.523403| 0.446940| 0.459863| 0.540137
38(4049 | -0.561091| 0.427905| 0.608393| 0.391607 3234117 | -0.512972| 0.440353| 0.415678| 0.584322
394058 | -0.596017| 0.405177| 0.516713| 0.464640 324|003 | -0.184289| 0.476380| 0.246709| 0.753291
40|,060 | -0.584182| 0.427905| 0.607691| 0.392309 325|004 | -0.487290| 0.476380| 0.346334| 0.636628
41|4061 | -0.622869| 0.394501| 0.472375| 0.527625 326|012 | -0.493940| 0.444908| 0.365976| 0.634024
42|4062 | -0.806540| 0.151958| 0.812408| 0.167919 327(4015 -0.215761| 0.440945| 0.164193| 0.822029
43|4063 | -0.660669| 0.427905| 0.148773| 0.843021 328|y020 | -0.571796( 0.476380| 0.318950| 0.681050
44(4,073 | -0.601073| 0.184289| 0.976728| 0.023272 329],023 | -0.538891| 0.457577| 0.325644| 0.666435
45(4076 | -0.517364| 0.476380| 0.511654| 0.468284 330[y025 | -0.584182| 0.476380| 0.395483| 0.604517
46|4082 | -0.558405| 0.233832| 0.916397| 0.050753 331[4029 | -0.532486| 0.439812| 0.304463| 0.695537
47|4086 | -0.416482| 0.466895| 0.515143| 0.484857 332|032 | -0.566144| 0.448843| 0.404352| 0.595648
484087 | -0.130467| 0.413215| 0.273351| 0.726649 3334035 | -0.509878| 0.478460| 0.449842| 0.543282
49(,088 | -0.509516| 0.388542| 0.497943| 0.502057 334|y041 | -0.558804| 0.484267| 0.266422| 0.718334




al '
AN59N 2.1 (A1)
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no. | ch | feature1 | feature2 | feature3 | featured no. | ch feature1 | feature2 | feature3 | featured
514094 | -0.552867| 0.427905| 0.608645( 0.380993 336[{u044 | -0.524832| 0.454456| 0.255938| 0.744062
52|4095 | -0.719996| 0.476380| 0.438149| 0.504522 337(u047 -0.476380| 0.483305| 0.329882| 0.640438
53[4097 | -0.584182| 0.476380| 0.592132| 0.382466 338(4058 -0.405177| 0.457577| 0.122385| 0.870159
54|4099 | -0.584182| 0.517364| 0.400863| 0.599137 339|066 -0.612194| 0.584182| 0.444827| 0.520966
55|4101 | -0.552867| 0.476380| 0.317084| 0.682916 3404070 -0.601073| 0.517364| 0.366674| 0.620902
56|4103 | -0.538891| 0.457577| 0.480764| 0.519236 341|4071 -0.627444| 0.457577| 0.371843| 0.621321
57|4105 | -0.552867| 0.476380| 0.410098| 0.589902 342(,074 | -0.622869| 0.517364| 0.356473| 0.627545
58|4106 | -0.584182| 0.552866| 0.415597| 0.574454 343(4080 -0.637535| 0.552867| 0.402156| 0.597844
59(4107 | -0.517364| 0.427905| 0.620649| 0.379351 344,081 -0.660669| 0.544380| 0.417150( 0.567283
60[4108 | -0.552867| 0.476380| 0.296924| 0.703076 345(y082 | -0.612194| 0.571796( 0.409016| 0.583946
61|4109 | -0.538891 0.457577| 0.352246| 0.647754 346|084 -0.681950| 0.292091| 0.569364| 0.402862
624112 | -0.538891| 0.538891| 0.423719| 0.557884 347,085 -0.627444| 0.457577| 0.383438| 0.585357
63[4113 | -0.552867| 0.476380| 0.330380| 0.669620 348/,089 -0.476380| 0.476380( 0.328933| 0.671067
64|4114 | -0.552867| 0.476380( 0.521880| 0.478120 349/,090 -0.612194| 0.448843| 0.367456| 0.632544
65|4116 | -0.552867| 0.552867| 0.481533| 0.509249 350/4093 -0.660669| 0.517364| 0.446316| 0.543171
66]|4118 | -0.601073| 0.457577| 0.444170| 0.555830 351{4096 -0.576651| 0.544380| 0.330857| 0.655767
67|4119 | -0.517364] 0.517364| 0.567512] 0.416878 35214097 -0.719996] 0.326123| 0.400883| 0.599118
68|4122 | -0.601073| 0.457577| 0.383246| 0.598561 3534098 -0.442313| 0.433053| 0.237625| 0.762375
69|y124 | -0.557193| 0.434794| 0.447370| 0.546208 354(4101 -0.576797| 0.417086| 0.258981| 0.741019
70]4126 | -0.575580| 0.412215| 0.492218| 0.507782 355/4104 | -0.552867| 0.432142| 0.443455 0.556545
71|4127 | -0.541498| 0.479674| 0.546871| 0.453129 356[4105 | -0.548468| 0.437343| 0.405955| 0.594045
72]|4128 | -0.584040| 0.437799| 0.474175| 0.525825 3574106 | -0.593240| 0.412672| 0.356566| 0.643434
73|4129 | -0.566776| 0.428967| 0.442992) 0.557008 35814107 -0.512375| 0.446110| 0.412858| 0.587142
74]|4130 | -0.578313| 0.401372| 0.248141| 0.751859 35914108 -0.525419| 0.443588| 0.376043| 0.623957
75|4131 | -0.566408| 0.421607| 0.489578| 0.510422 360{4110 -0.552867| 0.437343| 0.417973| 0.582027
764132 | -0.549677| 0.420833| 0.552549| 0.447451 361|w010 | -0.743336| 0.378008| 0.625184| 0.374816
77|4134 | -0.550035| 0.427905{ 0.478628| 0.521372 362|w036 | -0.744932| 0.398406| 0.714017| 0.272475
784136 | -0.497665| 0.402572| 0.287026| 0.712974 363{w053 -0.394501| 0.727160| 0.224671| 0.771475
79[4137 | -0.557051| 0.402045| 0.475679| 0.524321 364],055 | -0.637535| 0.753274| 0.148360| 0.784900
80[4139 | -0.522388| 0.402433| 0.432665| 0.567335 365|4058 | -0.427905| 0.709321| 0.236596| 0.754007
81|,090 | -0.601073| 0.184289| 0.929658| 0.054865 366[4059 | -0.493940| 0.719996| 0.122073| 0.848452
82|,091 | -0.581579| 0.134909| 0.965917| 0.030322 367|w062 | -0.589466| 0.712634| 0.186618| 0.773878
83]|.130 | -0.801987| 0.362198| 0.744133| 0.245882 368[w063 | -0.601073| 0.730259| 0.196738| 0.795333
84,018 | -0.624342| 0.240138| 0.872033| 0.109290 369|4095 | -0.737155| 0.427905| 0.763875| 0.217827
85,039 | -0.681950| 0.148584| 0.873068( 0.126932 370|w115 | -0.647256| 0.418121]| 0.663741| 0.336259
86/.047 | -0.578065| 0.131036| 0.867099{ 0.115470 371|{w068 | -0.601073] 0.715906| 0.185375| 0.748888
871,060 | -0.664642| 0.102329| 0.755774| 0.244226 3724069 | -0.538891| 0.712634| 0.195881| 0.793627
88(,076 | -0.782846| 0.292091| 0.685214| 0.314786 3734072 | -0.762350| 0.427905| 0.606269| 0.341885
89/,084 | -0.772157| 0.134909] 0.973096| 0.026904 374|073 | -0.753274] 0.427905| 0.650242| 0.349758
90,109 | -0.566144| 0.517364| 0.697486| 0.276877 375|081 -0.753274| 0.476380| 0.609686| 0.382485
91/.116 | -0.637535| 0.292091| 0.674308| 0.306299 376|w112 | -0.612194| 0.427905| 0.528727| 0.471273
92|,117 | -0.552867| 0.566144| 0.604237| 0.355743 3771001 -0.737155| 0.368578| 0.771071| 0.228929
93,122 | -0.637535| 0.292091| 0.752924| 0.247076 378,002 -0.704052| 0.376882| 0.611599| 0.388401
94|,125 | -0.690199| 0.184289| 0.789751| 0.193808 3794003 -0.708014| 0.390206| 0.719056| 0.280944
95(,129 | -0.572071| 0.271833| 0.767363| 0.232637 380|004 -0.734136| 0.394501| 0.714291| 0.281555
96[,131 | -0.603492| 0.207283| 0.923945( 0.076055 381,006 -0.727160| 0.394501| 0.721893| 0.252225
97(:134 | -0.580790| 0.177948| 0.758412| 0.241588 382|,007 -0.707512| 0.463747| 0.753824| 0.219965
98(,141 | -0.688254| 0.128892| 0.835871| 0.164129 383(,,008 -0.692478| 0.376142| 0.630151| 0.361383
99,144 | -0.447010| 0.240434| 0.911815| 0.088185 384/,,009 -0.568027| 0.405776| 0.586526| 0.413474
100[,145 | -0.662911| 0.144434| 0.884294| 0.115706 385/,010 -0.555806| 0.377781| 0.540509| 0.459491
101|,146 | -0.630280| 0.233832| 0.979829| 0.020171 386|011 -0.754798| 0.374997| 0.727934| 0.272066
102|4001 | -0.577896( 0.577896| 0.297348| 0.689103 38711012 -0.576121| 0.377781| 0.628341| 0.371659
103]4002 | -0.552867| 0.552867| 0.202720| 0.761784 388|014 -0.737155| 0.368578| 0.597392| 0.402608




al '
M990 2.1 (AB)
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no. | ch | feature1 | feature2 | feature3 | feature4 no. | ch feature1 feature2 | feature3 | featured

104[,003 | -0.612194| 0.545949| 0.412695| 0.563287 389|015 -0.596017| 0.427905| 0.719528| 0.280472
105/4005 | -0.552867| 0.601073| 0.373763| 0.615620 390(,,016 | -0.724414| 0.379762| 0.682855| 0.313296
1068|4007 | -0.607347| 0.556362| 0.439954| 0.538338 391(,017 -0.618794| 0.384779| 0.633095| 0.366905
107[,008 | -0.584182| 0.584182| 0.377939| 0.614507 392/,,018 -0.587054| 0.374997| 0.590991| 0.409009
108]4010 | -0.584182| 0.637535| 0.390285| 0.597662 393(,019 -0.709321| 0.383379| 0.776462| 0.223538
109[4011 | -0.566144| 0.544380| 0.526342| 0.473658 394[,,020 | -0.719996| 0.368578| 0.767172| 0.232828
110[s012 | -0.566144| 0.582786| 0.424924| 0.567751 395,021 -0.723179| 0.384148| 0.802858| 0.181315
1111|4013 | -0.584182| 0.533286| 0.367813| 0.603729 396(,,022 -0.706384| 0.377461| 0.741702| 0.258298
112[4014 | -0.532486| 0.584182| 0.263034| 0.720696 397(,023 -0.707081| 0.372063| 0.674337| 0.325663
113[4019 | -0.637535| 0.612194| 0.370974| 0.611271 398(,024 | -0.699369| 0.354557| 0.721168| 0.278832
114]4020 | -0.566144| 0.607347| 0.284941| 0.699402 3991,,026 -0.681950| 0.368578| 0.742446| 0.257554
115[4023 | -0.538891| 0.552867| 0.232757| 0.756019 4001,027 -0.639575| 0.374152| 0.627151| 0.359183
1164024 | -0.598764| 0.556095| 0.265152| 0.723839 401,028 -0.696837| 0.368578| 0.616837| 0.383163
117|026 | -0.584182| 0.584182| 0.387947| 0.588376 402|,031 -0.681950| 0.368578| 0.759787| 0.227325
118[4029 | -0.612194| 0.584182| 0.473869| 0.518528 403],032 | -0.701653| 0.368578| 0.720695| 0.279305
119[4030 | -0.532486| 0.561091| 0.405797| 0.573782 404],033 | -0.730259| 0.368578| 0.743202| 0.241416
120{4031 | -0.517364} 0.584182} 0.426114| 0.573886 4051035 -0.678229| 0.368578| 0.766158| 0.233842
121]4033 | -0.584182| 0.563036| 0.448410| 0.551590 406|,036 -0.701653| 0.368578| 0.730932| 0.269068
122,034 | -0.629887( 0.547121| 0.422070( 0.572016 407,037 -0.683186| 0.351324| 0.685298| 0.314702
123|4035 | -0.612194| 0.584182| 0.484006| 0.503587 408|041 -0.719996| 0.368578| 0.751991| 0.239242
124|4036 | -0.584182| 0.571796| 0.226711| 0.773289 409],042 -0.716775| 0.356289| 0.743050| 0.256950
125(4037 | -0.678229| 0.552867| 0.449949| 0.516557 410(,,043 -0.695820| 0.421695| 0.778260( 0.221740
126|4039 | -0.538891| 0.594012| 0.379836| 0.588288 411,044 -0.701653| 0.427905| 0.661492| 0.338508
127]4042 | -0.544380| 0.566144| 0.467551| 0.527817 412],046 | -0.701653| 0.368578| 0.772521| 0.227479
128[4043 | -0.612194| 0.552867| 0.489814 0.503925 413],048 -0.718258| 0.388542| 0.734497| 0.265503
129]4045 | -0.584182| 0.569470{ 0.398722| 0.601278 414),049 -0.715504| 0.378899| 0.736470| 0.263530
130|4049 | -0.584182| 0.542488| 0.541923| 0.458077 415(,,050 -0.616955| 0.339850( 0.692394| 0.307606
131]4051 | -0.696837| 0.401053| 0.663382| 0.336618 416(,051 -0.724414| 0.313481| 0.702383| 0.278913
132|053 | -0.767425| 0.479051| 0.636800| 0.359437 417[,,053 | -0.685168| 0.378899| 0.748044| 0.227603
133|4055 | -0.678229| 0.513313| 0.589095| 0.394518 418|,,054 -0.747918| 0.368578| 0.696485| 0.239947
1344065 | -0.681950{ 0.612194| 0.308343| 0.691657 419],,056 -0.552867| 0.368578| 0.692758| 0.307242
135|4066 | -0.681950| 0.457577( 0.342107| 0.657893 420|061 -0.724414| 0.313481| 0.771839| 0.228161
136[4072 | -0.762350| 0.457577| 0.460390| 0.539610 421],064 | -0.758523| 0.351324| 0.829735| 0.153353
137|073 | -0.782846| 0.493940| 0.574920| 0.421739 422],,065 | -0.715504| 0.351324| 0.789203| 0.199935
1384074 | -0.731462| 0.620727| 0.361005( 0.621273 4231066 -0.705062| 0.339850| 0.723767| 0.257717
1394075 | -0.712634| 0.594449| 0.349321| 0.639564 424,070 -0.709321| 0.326123| 0.760661| 0.221665
140(4076 | -0.517364| 0.639887| 0.274961| 0.713824 425),071 -0.730259| 0.339850| 0.717179| 0.282821
141|077 | -0.612194| 0.571796| 0.277512| 0.696694 4261,072 -0.696837| 0.351324| 0.722955| 0.277045
142(4081 | -0.427905| 0.651433| 0.206891| 0.793109 4271,073 -0.719996( 0.368578| 0.818596| 0.181404
143|,082 | -0.681950| 0.487290| 0.442923( 0.523716 428(,074 -0.753274| 0.368578| 0.719605| 0.273123
144,084 | -0.552867| 0.633132| 0.235614| 0.728260 42914075 -0.719996| 0.427905| 0.782586| 0.194569
145|,085 | -0.759605| 0.448843| 0.376656| 0.623344 430(,076 -0.732946| 0.351324| 0.733276| 0.266724
146|,086 | -0.668075| 0.533456| 0.367692| 0.632308 431|,077 -0.743877| 0.394501| 0.794110| 0.205890
147|4087 | -0.666180| 0.561962| 0.371406| 0.573416 432,078 -0.737155| 0.427905| 0.785406| 0.214594
148(4088 | -0.549598| 0.608025| 0.355074( 0.644926 433(,079 -0.746788| 0.339850| 0.781508| 0.200489
149(5089 | -0.427905| 0.609583| 0.170736| 0.829264 434,081 -0.730259( 0.339850| 0.693251| 0.306749
150/9106 | -0.612194| 0.584182| 0.393507| 0.585810 435(,084 -0.753274| 0.427905| 0.750920| 0.249080
151|4107 | -0.517364| 0.603769| 0.421496| 0.563968 436,085 -0.732946| 0.351324| 0.720781| 0.279219
1524108 | -0.612194| 0.603769| 0.401157| 0.532986 437,086 -0.732946| 0.351324| 0.718520| 0.281480
153[4113 | -0.517364| 0.552866( 0.381203| 0.618797 438/,,087 -0.758523| 0.405177| 0.719431| 0.258741
154|4116 | -0.561091| 0.614781| 0.294627| 0.649555 439,089 -0.727160| 0.394501| 0.713816| 0.276017
155|4117 | -0.601073| 0.584182| 0.465622| 0.511269 440(,,090 -0.715504| 0.465003| 0.702710| 0.274164
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no. | ch | feature1 | feature2 | feature3 | featured no. | ch feature1 | feature2 | feature3 | featured

156/4118 | -0.552867| 0.605427| 0.285653| 0.677149 441(,091 | -0.701653| 0.368578| 0.678332| 0.321668
1574124 | -0.496216| 0.548142| 0.334097| 0.665903 4421,093 -0.715504| 0.507643| 0.732694| 0.256704
1584125 | -0.170966| 0.571796| 0.215237| 0.784763 443,095 | -0.730259( 0.339850| 0.771093| 0.228907
159]4128 | -0.496328| 0.557988| 0.292212| 0.707788 4441,096 -0.725938| 0.305765| 0.577922| 0.400651
160]4129 | -0.480055| 0.596017| 0.343694| 0.656306 445,097 -0.732946| 0.351324| 0.751465| 0.248535
1614131 | -0.247669| 0.563901| 0.113999| 0.886001 446|,099 -0.693757| 0.405177| 0.714396| 0.285604
162[4132 | -0.199832] 0.561540| 0.133706| 0.866294 447(,105 -0.658099| 0.326123| 0.600317| 0.399183
1634134 | -0.243900| 0.581579| 0.073968| 0.926032 448,106 -0.573063| 0.357840( 0.533261| 0.466739
164[4135 | -0.446110| 0.561962| 0.269699| 0.730301 449(,107 | -0.569914| 0.335326| 0.538485| 0.461516
165/4137 | -0.228850| 0.566071| 0.107045| 0.892955 450[,108 | -0.546479| 0.345032| 0.552955| 0.447045
166[4139 | -0.518633| 0.572830| 0.306122] 0.693878 451(,109 -0.568053| 0.372574| 0.597968| 0.402032
167[+140 [ -0.125981| 0.557193| 0.222338] 0.777662 452(,110 -0.553846| 0.335200( 0.561450| 0.438550
168[4143 | -0.470211| 0.570229| 0.221623| 0.778377 453|111 -0.739773| 0.320555| 0.644252| 0.355748
169[+144 | -0.215761| 0.577896| 0.257246| 0.742754 454,114 -0.749314| 0.335976| 0.840043| 0.159957
170]+145 | -0.207283| 0.578377| 0.250404| 0.749596 455(,115 -0.556834| 0.257679| 0.534738| 0.465262
171|146 | -0.450955| 0.588312| 0.253903| 0.746097 456(,118 -0.573120| 0.344638| 0.544216| 0.455784
17214147 | -0.146069| 0.580406| 0.174490| 0.825510 457,119 -0.550508| 0.292091] 0.452922] 0.547078
173[+148 | -0.460480| 0.578659| 0.290719| 0.709281 458(4,120 -0.572092| 0.348264| 0.601658| 0.398342
174[4151 | -0.504647| 0.572169| 0.307334| 0.692666 459,122 -0.565607| 0.341544| 0.555042| 0.444958
175[4152 | -0.481837| 0.580406| 0.313101| 0.686899 460(2001 -0.618794| 0.553608| 0.470362| 0.529638
176[+153 | -0.221629| 0.615389( 0.230053| 0.769947 461|,003 -0.603025| 0.553849| 0.459149| 0.540851
177[«154 | -0.223156| 0.583860| 0.291935| 0.708065 462|004 -0.476380| 0.562294| 0.406590| 0.564914
178|155 | -0.279765| 0.615246| 0.209588| 0.790412 463|4005 -0.457577| 0.538891| 0.459035| 0.540965
1790050 | -0.824162| 0.468021| 0.677790| 0.318273 46415006 -0.462186| 0.565083| 0.425911| 0.574089
180[4055 | -0.806254| 0.458405| 0.493877| 0.478308 465[,007 | -0.541354| 0.566144| 0.341883| 0.658117
181],056 | -0.854122| 0.457577| 0.661341| 0.301726 466[,009 | -0.719996( 0.552867| 0.579430| 0.414059
182],057 | -0.872208| 0.468251| 0.616192| 0.361352 4672011 -0.616955| 0.530746| 0.400338| 0.599662
183]4059 | -0.753274| 0.507643| 0.645325| 0.354675 468(3012 -0.709321| 0.603025| 0.508202| 0.466735
184|,060 | -0.759605| 0.463747| 0.657904| 0.342096 469|4014 -0.785014| 0.519552| 0.551915| 0.392337
185(2063 | -0.937563| 0.422656| 0.718208| 0.268464 470153016 -0.591505| 0.552867| 0.459123| 0.540877
186|2065 | -0.879000| 0.419350| 0.595189| 0.384722 471|2018 -0.681950| 0.563901| 0.501237| 0.481653
1872069 | -0.766965| 0.525233| 0.502357| 0.475354 47212019 -0.660669| 0.569470| 0.529927| 0.451911
188|2070 | -0.804513] 0.510170| 0.706695| 0.290282 47315022 -0.622869| 0.582248| 0.530511| 0.458054
189]4072 | -0.713244| 0.476380| 0.595304| 0.391077 474|:024 -0.517364| 0.584182| 0.417292| 0.582708
190(,073 | -0.731921| 0.462186| 0.553857| 0.430413 47512025 -0.517364| 0.596017| 0.434533| 0.565467
191(2074 | -0.780305| 0.394501| 0.564590| 0.405791 476{3026 -0.603025| 0.561091| 0.379806| 0.620194
192|,075 | -0.729871| 0.526180| 0.531316| 0.461217 477|:027 -0.627444| 0.558804( 0.514605| 0.477795
193]|4,076 | -0.861238| 0.453995| 0.657101| 0.337584 478(2028 -0.681950| 0.584182| 0.541769| 0.433925
194|077 | -0.807920| 0.469269| 0.550754| 0.443933 47915029 -0.637535| 0.637535| 0.505562| 0.463716
195(,078 | -0.775028| 0.495585| 0.549299| 0.448652 480(2030 -0.584182| 0.550508| 0.496566| 0.503434
196,080 | -0.858235| 0.483305| 0.646246| 0.327122 481(2031 -0.637535| 0.594729| 0.516972( 0.474472
197]2082 | -0.872813| 0.394990| 0.673969| 0.310972 482[,036 | -0.727160| 0.562578| 0.472262| 0.456440
198|2083 | -0.846951] 0.460195| 0.709824| 0.283188 4833039 -0.618794| 0.563901| 0.532221| 0.429374
199(,095 | -0.833642| 0.427905| 0.803222| 0.170313 48415040 -0.612194| 0.561091| 0.382683| 0.617317
200]|4097 | -0.796483| 0.476380| 0.760120| 0.231440 485(2041 -0.612194| 0.561091| 0.572741| 0.427259
201|2105 | -0.830721| 0.427905| 0.726507| 0.263824 486(3042 -0.609107| 0.538891| 0.499520| 0.478582
202|111 | -0.782846| 0.493940| 0.709530| 0.284815 487|2043 -0.618794| 0.546793| 0.583460| 0.416540
203|4112 | -0.821823| 0.356289| 0.725571| 0.197938 488(5049 -0.612194| 0.534172| 0.531079| 0.468921
204|113 | -0.809455| 0.427905| 0.794292| 0.205708 489,052 -0.612194| 0.637535| 0.368281| 0.611012
205/,119 | -0.686676| 0.528225| 0.549931| 0.450069 490|5061 -0.819403| 0.422445| 0.576943| 0.369659
206|9120 | -0.598713| 0.601073| 0.509194| 0.490806 491|5063 -0.785567| 0.382849| 0.700209( 0.256637
207[9123 | -0.551800( 0.595025| 0.386404| 0.613596 49213064 -0.753274| 0.432375| 0.665430( 0.317994
2089131 | -0.557559| 0.603025| 0.466184 0.533816 493|,077 -0.612194| 0.569470| 0.414473| 0.573194
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no. | ch | feature1 | feature2 | feature3 | featured no. | ch | feature1 | feature2 | featured | featured

209]o134 | -0.568027| 0.440887| 0.403375 0.596625 494|,078 | -0.647256| 0.625354| 0.368166| 0.597517
210[4142 | -0.552522| 0.398579| 0.446374| 0.553626 495(3080 -0.660669| 0.552867| 0.498056| 0.501944
211|4007 | -0.552867| 0.517364| 0.529136| 0.455482 4996|5082 -0.674924| 0.517364| 0.471312| 0.504608
212[4009 | -0.566144| 0.681950| 0.341379( 0.639906 49712096 -0.681950| 0.566144| 0.505595| 0.479946
213[4012 | -0.566144| 0.681950| 0.308540| 0.671640 498/,097 | -0.618794] 0.620620| 0.362829| 0.607842
214]4021 | -0.566144] 0.544380| 0.647480| 0.345129 49912100 -0.579463| 0.561091| 0.384656| 0.615344
215[4047 | -0.552867| 0.427905| 0.646770| 0.338670 500{4102 -0.416482| 0.565207| 0.317583| 0.682417
2164056 | -0.591505| 0.215761| 0.904119]| 0.089808 501|103 -0.664642| 0.538891| 0.422662| 0.577338
217|011 | -0.552867| 0.737155| 0.189191| 0.793438 502(3105 -0.411366| 0.562294| 0.369599| 0.630401
218]4014 | -0.552867| 0.783439| 0.129096| 0.870904 503[2106 | -0.425218| 0.578225| 0.301247| 0.698753
219[0,056 | -0.908715] 0.300950| 0.717480| 0.247239 504|3107 -0.407402| 0.572987| 0.388327| 0.601188
220[,,059 | -0.957084| 0.363839| 0.816212| 0.180383 505/2108 -0.394501| 0.566144| 0.316389| 0.683611
221,067 | -0.959180| 0.339850| 0.769588| 0.214652 506|2109 -0.422371| 0.569134( 0.334117| 0.665883
222]0,070 | -0.945270| 0.346992| 0.742038| 0.257963 5072110 -0.404618| 0.566144| 0.320484| 0.679516
223],,074 | -0.695136] 0.329305| 0.676064| 0.306910 508{,004 -0.233832| 0.666991| 0.047571| 0.952429
224[,075 | -0.953114| 0.353806| 0.750242| 0.234365 509|,029 -0.222822| 0.671364| 0.073347| 0.926653
225,081 | -0.752850| 0.345032] 0.772979] 0.222543 510,030 -0.184289| 0.628186| 0.101619| 0.889555
226,109 [ -0.905446| 0.388542| 0.810454| 0.133913 511},032 -0.184289| 0.660669| 0.078502| 0.921498
227[.117 | -0.730856| 0.313889| 0.710729| 0.289271 512(,047 -0.253054| 0.690199| 0.020435| 0.979565
228|119 | -0.777439| 0.289347| 0.770437| 0.229563 513[,050 -0.091288| 0.589466| 0.063107| 0.936893
229,120 | -0.750433| 0.311648| 0.780474| 0.219526 514,062 -0.292091| 0.709321| 0.052077| 0.947923
230121 | -0.651244| 0.300950| 0.708879| 0.291121 515(4001 -0.598631| 0.653205| 0.280521| 0.719479
231127 | -0.637535] 0.233832] 0.722570{ 0.277430 516{2002 -0.418121| 0.649524| 0.315184| 0.684816
232[,130 | -0.764732] 0.351324| 0.754025| 0.245975 51714003 -0.469269| 0.668075| 0.329864| 0.670136
233|131 | -0.830012] 0.326123] 0.813105| 0.183396 518|4004 -0.490819| 0.678229( 0.263788| 0.736212
234(,,132 | -0.646820| 0.310102| 0.703780| 0.296220 51914005 -0.424664| 0.670173| 0.301786| 0.698214
235(0,134 | -0.660669| 0.339850| 0.736671| 0.263329 520|4006 -0.466895| 0.677614| 0.309630| 0.690370
236|135 | -0.641866] 0.307639| 0.783817| 0.216183 521[4007 | -0.497889| 0.676465| 0.358494( 0.641506
237|137 | -0.665785| 0.311990| 0.765233| 0.234767 52214008 -0.422556| 0.675749| 0.334657| 0.665343
238,138 | -0.650040| 0.282801| 0.732586| 0.267414 5234009 | -0.421070| 0.672820( 0.297656( 0.702344
239(,,139 | -0.653371| 0.339850| 0.808962| 0.191038 52414010 -0.405810| 0.672964| 0.264524| 0.735476
240(0,140 | -0.644969| 0.256470| 0.808352( 0.191648 525/4011 -0.415441| 0.675493| 0.370574| 0.629426
241(0,141 | -0.641866| 0.241960| 0.782108| 0.217892 526|4012 -0.476380| 0.670602| 0.382242| 0.617758
242(,,142 | -0.649866| 0.310102| 0.698193| 0.301807 52714013 -0.148584| 0.675493| 0.150265| 0.849735
243|003 | -0.492691| 0.385582 0.476711| 0.523289 528(4014 -0.427905| 0.676759| 0.329146| 0.670854
244|,,004 | -0.516054 0.425387| 0.569079| 0.430921 52914016 -0.386103| 0.681950| 0.294575| 0.705424
245(,005 | -0.500850 0.414777| 0.535023| 0.464977 530(«017 -0.383523| 0.661281| 0.280341| 0.719659
246,007 | -0.513625 0.443995| 0.614756| 0.385244 531|018 -0.418568| 0.671852| 0.287605| 0.706411
247|0,008 | -0.536749 0.483305| 0.544603| 0.455397 53214019 -0.426327| 0.671050| 0.317582| 0.682418
248|009 | -0.503653| 0.420833 0.455862| 0.544138 533|020 -0.434488| 0.681344| 0.334337| 0.665663
249|001 | -0.648506| 0.195147 0.766739| 0.233261 534(4022 -0.398760| 0.679052| 0.289354| 0.710646
250|014 | -0.665287 0.233832| 0.792040| 0.207960 535|4023 -0.405177| 0.677614| 0.276711| 0.715978
251|069 | -0.612194 0.566144| 0.580431| 0.419569 536(4024 -0.426461| 0.669594| 0.275247| 0.724753
252|075 -0.622869| 0.571796| 0.578206| 0.399570 537(1025 -0.422420| 0.663095| 0.319638| 0.680362
253(,079 | -0.596017 0.566144| 0.568122| 0.426370 538{4026 -0.427905| 0.660669| 0.341719| 0.658281
254|,116 | -0.598122 0.535157| 0.656273| 0.343727 539|020 -0.584182| 0.641334| 0.464387| 0.518348
255[5119 -0.600924| 0.570562| 0.574564| 0.425436 540,057 -0.538891| 0.601073| 0.288573| 0.707869
2565120 | -0.570956| 0.528955| 0.593525| 0.406475 541[,064 | -0.184289| 0.660669| 0.032122| 0.946778
257(p121 -0.572710| 0.534964| 0.593287( 0.391363 542(4100 -0.546793| 0.601073| 0.254218| 0.745782
258|5122 -0.442313| 0.535970| 0.417879| 0.555178 543{4w102 -0.251830| 0.676977| 0.227065| 0.772935
25917126 -0.545823| 0.531813| 0.665218| 0.334782 544{,103 -0.161168| 0.678521| 0.168593| 0.831407
260(,021 | -0.852833| 0.388542| 0.777028| 0.206377 545|,104 -0.454316| 0.620360| 0.402094| 0.597906
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no. | ch | feature1 | feature2 | featured | featured no. | ch feature1 | feature2 | feature3 | featured
261[a,024 | -0.852181| 0.384779| 0.767636| 0.213560 546|4w110 | -0.491353| 0.491353| 0.462095| 0.537905
2622028 | -0.847340| 0.374152| 0.797514| 0.191809 547|w118 -0.612980| 0.584182| 0.461880| 0.538120
263|n111 | -0.726887| 0.264646| 0.797083| 0.198084 5484119 -0.150906| 0.594449| 0.147033| 0.852967
264[,114 | -0.876273| 0.184289| 0.835531| 0.164469 549(,120 | -0.623612| 0.593240| 0.432957( 0.563294
265[,051 | -0.912557| 0.148584| 0.909063| 0.074609 550({w121 -0.642078| 0.589724| 0.311711| 0.688289
266[,054 | -0.817695| 0.134909| 0.932328| 0.067672 551|122 -0.526743| 0.591505| 0.223120| 0.776880
267,056 | -0.690199| 0.233832| 0.953231| 0.039167 552[4018 | -0.704591| 0.638929| 0.607496| 0.392504
268[,066 | -0.698200| 0.159117| 0.978269| 0.021731 5534042 | -0.584182| 0.532486| 0.555664| 0.433404
269(p112 | -0.655041| 0.184289| 0.921258| 0.078742 554|1056 | -0.558804| 0.800159| 0.207224| 0.755234
270[a116 | -0.587904| 0.184289| 0.966285| 0.033715 555(4075 | -0.743877| 0.637535| 0.503131| 0.466537
271,056 | -0.806060| 0.190263| 0.734995| 0.242637 556|7076 | -0.759605| 0.690199| 0.415150( 0.549187
272|,078 | -0.728841| 0.176222| 0.899988| 0.100012 557|081 -0.771832| 0.675445| 0.454173| 0.479481
273[,099 | -0.737155| 0.184289| 0.975431| 0.024569 558(4085 | -0.768471| 0.673436| 0.450278| 0.499193
274|,117 | -0.692444| 0.286090| 0.898236| 0.101764 559|091 -0.601073| 0.815903| 0.281089| 0.707082
275|»119 | -0.762350| 0.162361| 0.899143]| 0.100857 560|{w097 -0.782846| 0.666180| 0.524827| 0.456162
276|{w130 | -0.710881| 0.152234| 0.945924| 0.054076 561|w100 | -0.753274| 0.674925| 0.501403| 0.486480
277|134 | -0.584595| 0.145919| 0.963620| 0.036380 562[w117 | -0.741299| 0.675493| 0.426832| 0.573168
278[w139 | -0.680620| 0.147488| 0.966098| 0.033902 5634120 | -0.748883| 0.672864| 0.495886| 0.504114
279[.016 | -0.787137| 0.132847| 0.863555| 0.118964 564|4122 | -0.747042| 0.671192| 0.525546| 0.454499
280,003 | -0.292091| 0.457577| 0.288745| 0.711255 565|2079 -0.184289| 0.757176| 0.045699| 0.909435
281,004 | -0.427905| 0.476380| 0.342092]| 0.657907 566(5082 -0.292091| 0.714409| 0.038332| 0.961668
282[,,005 | -0.538891| 0.476380| 0.455808| 0.544192 5675011 -0.292091| 0.627444| 0.135477| 0.864523
283,009 | -0.535157| 0.435745| 0.433066| 0.566934 5685064 -0.292091| 0.627444| 0.135477| 0.864523
284,010 | -0.601073| 0.457577| 0.474847| 0.525153 569|4150 -0.154755| 0.768471| 0.020721| 0.971661
285(,019 | -0.123350] 0.457577| 0.228399| 0.771601 570(5181 -0.154755| 0.768471| 0.020721| 0.971661
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The classified method for overlapping data
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Abstract: In this paper we introduce a new prototype based classifiers for overlapping data, where training pattern can be overlap
on the feature space. The proposed classifier is based on the prototype from neural network classifier (NNC)[1] for overlap data.
The method automatically chooses the initial center and two radiuses for each class. The center is used as a mean representative of
training data for each class. The unclassified pattern is classified by measure distance from the class center. If the distance is in the
lower (shorter radius) the unknown pattern has the high percentage of being in this class. If the distance is between the lower and
upper (further radius), the pattern has the probability of being in this class or others. But if the distance is outside the upper, the
pattern is not in this class. We borrow the words upper and lower from the rough set to represent the region of certainty [3]. The
training algorithm to find number of cluster and their parameters (center, lower, upper) is presented. The clustering result is tested
using patterns from Thai handwritten letter and the clustering result is very similar to human eyes clustering.

Keywords: overlapping data, classifier , supervised leaming, Neural prototype

1. INTRODUCTION

A class is a collection of data object that are similar to one
another within the same class and are dissimilar to the objects
in other class. The process of grouping a set of physical or
abstract objects into classes of similar objects is called
classification. Classification is very close to clustering except
that the classification is a supervised learning where classifier
is trained with known class, Classification has wide
applications including market or customer segmentation,
pattern recognition, biological studies, spatial data analysis.
Web document classification, and many others. Classification
can be used as a standalone data mining tool to gain insight
into the data distribution, or serve as a preprocessing step for
other data mining algorithms operating on the detected
clusters. Classification is a dynamic field of research in data
mining. Many clustering algorithms have been develops.
These can be categorized into hierarchical methods,
partitioning methods, density-based methods, grid-based
methods, and model-based methods [2].

The rest of the paper is organized as follows. In section 2
describe the NNC architecture. Section 3 we present our new
prototype based classifiers for overlap data. Section 4, we
report the experimental tested using patterns from Thai
handwritten letter and the clustering result compare with
human eyes clustering. Section 5 concludes with a summary
and some directions for future research.

2. NNC ARCHITECTURE [1]

The neural network that implements the NNC is shown in
Fig. 1. The input layer Ly,=(a,, a,, as,..., a,) consists of n
neurons, one for each dimension of the input pattern P. Each
input neuron is connected to all the N prototype neurons in
layer Lg=(b;, by, bs,..., b,). The connection weights from
neurons in layer L, to neurons in layer Lp are represented by:

W, = (W, Wy,es Wy ) )
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Where PV, = (Wb = w,,_”2 sees Wy an) is the weight vector

of the ith neuron in layer Lg.

A neuron in layer Ly representing only one pattern class.
Each prototype neuron is added during learning, where there
can be more than one neurons for a single class.

L _LAYER
[}

L LAYER
A

Fig. 1 NNC architecture.

In response to a pattern Py the output of the NNC can be
classified into one of the following class:

2

B5CisiC;sCi

Where

¢, is the class of neuron in layer Lg of the NNC
corresponding to class &,

m is the total number of classes in the training pattern.

If an input pattern P causes neuron by to fire, and by belong to
class ¢y. Then P is classified as class ¢;:

In the context of this work, training the NNC means
ensuring that its can correctly classify any training input

pattern P' ={p/! p; ..., p. } . This can be achieved by doing
the following:

e creating new prototype neuron in layer Lg for any

unclassified P,



e adjusting the connection weights of the nearest
neurons according to the Euclidean distance in
equation (3), if the distance < that neuron threshold
and the class of neuron is the same as the class of
pattern P, Euclidean distance from P to neuron b is

b, =,/Z(wh,., -p,) 3)

Wha, is the connection weight between neuron b;

in L and neuron ag in Ly

The weights are adjust to average the new pattern P
into the nearest neurons as follow:

Wioa TP
W, =—tw _' vi=12..n @)
Pl M +1
M is a popularity measure corresponding to the
number of patterns

o For any neurons that has different class from pattern P
and the distance between P and those neurons < that
neurons threshold, reduce the firing threshold
conditions of those neurons in order to exclude the
pattern P from them.

A flowchart for training NNC is described in Fig. 2.

Start

Classify the Pattern

&>

Modify Connection
Weights to Firing
Neurons

Modify Firing
Threshold Conditions
of Firing Neurons
Modify Firing
Threshold Conditions
Unidentified of Wrong Firing
Prototype Neurons Create a New
Prototype
Modify Connection
c';:;:y"" Weights to the
pe Right Firing Neurons

Fig. 2 NNC training algorithm.

3. PROTOTYPE BASED CLASSIFIERS FOR
OVERLAP DATA

The NNC classifier described in previous section will keep
reducing threshold and create new prototype neuron if the
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training Patterns has overlap as shown in Fig 3. These training
loops start by the threshold reduction of wrong classified
pattern. Then, any the pattern that used to be classified by that
neuron become unclassified and finally new neuron is created
for the wrong classified pattern. The final network will have
large number of neuron, one for each training pattern in the
highly overlap area.

In order to reduce number of neuron in the overlap area,
each neuron has two thresholds (radius), shorter and the longer
one as shown in Fig 3. The shorter radius is to define the
perimeter of the neuron in the same way as the threshold in the
NNC. The longer one is to define the conditional perimeter
where any pattern located in this area can be the same or
different class as this neuron. Hence the pattern in the shorter
radius can be classified but the pattern between shorter and
longer radius is uncertain but has some probability to be in the
neuron class. But the pattern outside the longer radius is
certainly not in the same cluster (neuron). These shorter and
longer radiuses are analogous to the idea of lower and upper in
the rough set [3].

From Fig. 3 Al and A2 is area of class | and 2. BI is area
of probability data of class 1 and other, B2 is area of
probability data of class 2 and other, C is area of data class 1
and class 2.

ower |

class 1 class 2
Fig. 3 area of lower and upper in class 1 and class 2.

The algorithm start by initial lower equal to upper radius
and first data is the center of class (neuron). Then each
training pattern is used to adjust the neuron parameter (center,
lower, upper). The adjustment split into two cases depends on
whether the pattern and the neuron have the different class
(Fig. 4), or same class (Fig. 5). The distance used here is the
same Euclidean distance as NNC.

‘Threshold before pattern fall Threshold after pattern fall Remark

pattern fall in Lower|

Reduce Lower threshold

pattern fall in Upper|

Reduce Upper threshold
when duta lost < 20%

ttern fall out U}
o " do not adjust

Lower. Upper threshold

Fig. 4 adjustment of radius when training data is different
class as the train cluster.



For each training pattern, the distance is calculated for each
neuron. For all neurons that have different class from the
pattern, the radius adjustments depend on location of the
pattern as shown in fig 4. If the pattern is in lower (shorter
radius) then reduce the lower to exclude that pattern out of the
lower region. If the pattern is between upper and lower, we
don’t need to change any radius. But in order to maintain high
class probability of the upper region, the upper is reduce to
exclude the wrong pattern if at least 80 % of the pattern that
used to be in the upper still remain. Certainly, if the pattern is
outside the upper, no change to the radius. The weight of the
neuron is unchanged from the pattern of different class.

For the neuron that has the same class with the pattern,
only the closet one is consider, others neurons are unchanged.
The radius adjustment is as shown in fig 5. If the pattern is in
the lower area no change to the radius since the correct pattern
is already in the neuron lower area. If the pattern is between
lower and upper, still the lower and upper is unchanged. Here
the lower is not expanding to include the pattern because there
may be other class pattern that will be in the lower. If the
pattern is outside the upper area of the closet neuron with the
same class, the upper is expanded to include that pattern if the
distance is < 1.2 upper. Otherwise new neuron is constructed
at that training pattern with the lower equal to the upper. And
the upper extend to the center of the closet neuron.

Threshold before pattern fall Threshold after pattern fall Remark

j*
Fig. 5 adjustment of radius when training data is the same
class as the train cluster.

patiern full in Lower
do net adjust
Lower, Upper threshold

pattern fall In Upper do nel adjust

Lower, Upper threshold

pattern fall out Upper

create new class
b dsnce 1 > 12 pper

Upper i expanded

i the darsace s < 1.2 upper

OBOIONO

As shown in Fig. 6, the distance between a training pattern
and each neuron is calculated in order to reduce the lower or
upper radius of each neuron with different class to the pattern
if the wrong pattern is in the lower or upper region. For the
neuron with the same pattern only the closet neuron weight is
changed by average the new pattern with its weight. But if the
pattern is not in any lower or upper region of any neuron with
the same class, the new neuron node is created at the pattern.
The training is repeated for each training pattern until all
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patterns are tested. If any neuron has radius change or new
neurons are created, the training process is repeated until no
change in the network.

CONSTANT SMALL is value for adjust radius.

While ( (radius reduce) || (new neuron) ) {
for each pattern p in the training patterns{
read pattern p;
for(node=0; node<total neuron; node++){

di h

compute distance = Euclid tance (weight[node], p);

)
if (class of p == class [node]){
if(distance < lower|node])
mark fall flag for adjust weight;
else if (distance < upper|[node]){
mark fall flag for adjust weight;
if (distance < (1.2 * upper|node}))
upper|node] = distance - SMALL;
// expand upper

[e]

else
clear fall flag for create new node
}
Y1 if (class of p == class [node])
if (class of p != class [node]){
if(distance < lower|node])
lower|node] = distance - SMALL;

/Iveduce lower

(e}

else if (distance < upper|node]){
if (reduce upper|node| at least 80 % of the pattern)
upper|[node] = distance - SMALL;
}
Y/ if (class of p != class [node])
}// for node
if (pattern not fall in any node with the same class)
create new node (p);
else
average pattern and weight
in the nearest node with the same class;

}// for each pattern p
}// While ( (radius reduce) || (new neuron) )
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Fig. 6 Algorithm for overlap classifier.

4. EXAMPLE OF EXPERIMENT

We test new algorithm with clustering of 198 patterns from
6 letter THAI handwritten letter. Each pattern has only 2
dimension features in order to create some overlap as shown
in Fig. 7. The clustering result of data into 6 clusters as shown
in Fig. 9. It is hard to compare the classification results for
overlap data since the classification accuracy depend on how
much data overlap, especially for large number of class and
patterns. Hence, in this paper we intend to use small number
of classes (6 letter) and only 198 patterns in order to compare
the clustering results with human approximate cluster.

As expected, the NNC create higher number of neurons in
the overlap area. On the contrary overlap classifier create less
number of neuron but with uncertainty ring region (between
upper and lower).




E o g
x 1 i~
- ..
+r "'
g+ .y
*° 3 *"o -
1 :'-“ | {

sown cwmm emow arme osmen asweD AwT a%om A ascove ommed

Fig. 7 Sample two feature THAI alphabet 198 data.
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Fig. 8 Result is the NNC classifier described in section 2.
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Fig. 9 Result of prototype based classifiers
for overlap data.
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5. CONCLUSIONS

In this paper, we propose a prototype based classifiers and
algorithm for overlap data. Our algorithm is an extension of
neural classifier, NNC [1] where the concept of class
boundary is extend to have lower and upper boundary instead
of just one radius to represent class boundary. This clustering
has the same fast training time as neural classifier [1] which is
much faster than normal gradient descent based back
propagation neural classifier. Example has been provided that
demonstrates the ability of overlap classifier in continuous
classification problems with overlapping data. The technique
used to set and modify the threshold conditions of its
prototype is described in this paper. Future work improves
algorithm for efficient and effective cluster analysis in large
databases. Active themes for research focus on scalability of
clustering methods, the effectiveness of methods for clustering
high-dimensional techniques.
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