o as A
HanMIUASNYHHNINEIVD

2.1 Unin

Y A Y

msdangudeya AenszuIumMIAuIEAavesluma (model) Faluma (AMUvY

U

q Y ~ Y = Y o ) o ' ) ~ o 1 :
auamﬁlﬂummﬂug) ‘wwm1"1,@%3m"lﬂslﬂi“lumimmaﬂqmawayjammaﬂummm

Y
SU U
] K ' ' & o ] o ~ ] Ay .
veyarueglungula  GamsianguleyaliinszuIumsGeuinuuidaen  (supervised
. @ v9 :/’ 9 3 ' < 1 A 1 AqQ Yo o
learmng) Glumifﬂﬂﬂqmmy‘auu ﬁuagamwm%gﬂum@amﬂu 2 ﬁ?uﬂ@ﬁ’)uﬂi‘ﬁﬁ?ﬁﬁﬂﬂ1ﬁ
~ ¥ .. I AqYo W .
138U (training set) HazaIUN I FAHUSUMINATOU (testing set)
o 19 . . ' Y g A @ 1
m3sdanguioya (classification) dunsausesnlailu 3 Uszian [2] Ao msTangy
o Aa o @ 4 [ 1 Aa aa
Iﬂﬂmﬁﬂﬂﬁﬁﬂuivﬁﬁﬁty‘ﬁﬂym (symbolic learning) mimﬂqwﬁ'ﬂyamanm (statistic) iy
v Y
msdanquieyalaeldnswelszamiion (neural network) Taeluiilaznandunniz
v
neural network 11114

v <3| o o J
TaseiedsannieutunssiaosnssuIummsiauvesusanlseamauesveos

]
S

P A 4 A q v 7y A Yy v =
wypd Tassieiwennvyuyune lslumsnensaldeya nazmaseuiveyanndoyannion
y 9 ] = a dy A A 1
"hum mewﬂsz’dmmﬂwmuﬂﬁzﬂauwugmmiaﬂm perceptron oo perceptron
1 1 = 1 U d v
Uszneudivaiuilsenevdesdn 5 @IuAe input vector, weight, HIAFUNATIN (summing
1 1 4 @ 1 1 3 VA
function), A1 threshold HAZANDINWN (output) AwaAIIUFUN 2.1 A1 threshold HumNg 1
IS Yo 1 dyd ¥y A I o o 1 Yo 4 £ a
Wudimuaes  Taemid Piveidhunasi lumssmuam ldniueninn - daziiasanain
1 a [ 1 4 A
WATINUDN input vector UINATNATINUDY input vector HATUINNIIAT threshold mzm‘nwmm"ls?f
wAWIMAD +1 LAMINAWATINYBA input vector UAIDENIIAN threshold ANBMYNH A9zl

AUNINY -1

*EE e



N

HUIAAUDY perceptron "lﬁ’%umsﬁmm’qj single neuron layer T input vector X il
1 [ Y
Y11 N gnauing InseierumsiFouasved weight W ilvina N wuiu aniuiinsm
[ Y
HATINUDINARNTZTNII input X N1 weight W 1aIA0o0INAUA1 Bias 1o lawasiuiaruaiil
HasiMISeufieuium threshold MINANAIINA1ANAINIAAIAT threshold LiAAIN
d’l o 1 1 d' Y v Y 1 1 d" 1 o
perceptron HITNNWIU uAINAIWAIINA lalA111een 1A threshold perceptron Hog laihau

g‘ﬂﬂ 2.2 LEAAIAI0E1 single neuron perceptron

Weights

Activation
Summation Function

Mode
'_ Output
>

o]

s
k4

a =W1X1 + WZXZ - WN XN + Bias

output = Threshold[a]
1, forall a<0

where Threshold[a] = {1 foralla>0

gﬂﬁ 2.2 UAANAIDYN single neuron perceptron

Tuila9ifudl neuron network a3nlsvgndlylanununainvatodlszian wu ms
ij i‘hgﬂu‘uu (pattern recognition) , optical character recognition w%mi%"umﬂﬂtjmmi‘]tym
(problem classification) udu

a d' d' Y
2.2 UMBENINEIVOI

22,1 An Approach to Word Image Matching Based on Weighted Hausdorff
Distance [3]
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2.2,2 Unconstrained Handwritten Numeral Recognition Using Hausdorff Distance
and Multi-Layer Neural Network Classifier [4]
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2.2.3 Training Algorithms for Robust Face Recognition using a Template-matching

Approach [5]
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2.3 Simplified Fuzzy ARTMAP (SFAM)
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AITUIUNIIINGINYEY Simplified Fuzzy ARTMAP (SFAM)
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