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2.2 A&y
2.2.1 Multilayer perceptrons (MLPs)

g Aoz wARG olEe] Fa A AGHI} Ax, 150 o YU/EY RS 2

AR 5 vk Aol

19 2. Multilayer perceptrons (MLPs) % 3. Generalized feedforward networks

2.2.2 Generalized feedforward networks
Generalized feedforward networkst 140°] 3l = A/ So2 Hisl= MLPY dutsE

w3k}, o] 2o glojA, MLPE dwr3ld feedfoward networkE Z4 A& oWl FAE &ldo] 7153
o}

2.2.3 Radial basis function (RBF) networks

Radial basis function (RBF) networks= Z}% 84 (PE)9 3tue +AX S5 Egsie ot
Al v a3y slolBy = EY Ao} o] T2 MLPO 9l3te] A& % & ¥+ sigmoidal 35Xt}
gaussian o5 AHEFTE gaussian®] FTA I F2 WzHEE St o] fste] A éfo

A, AEE Aee Fdzol LR o)s dEaE MLPRY A4 W2 sgee Fe] .

e

rlo
i

2.2.4 Principal component analysis networks (PCAs)

Principal component analysis networks (PCAs)E Z& 9 v 7=d adxn =y o
S AFstt PCAv- YHo=zHE dde Aasr &2 54 78 A5 ¢4
A8 |

FHAgolty. MLP= o5 AES25E HAY &75 357

m

360



19 4. Principal component analysis networks (PCAs)

2.2.5 Self-organizing feature maps (SOFMs)
Self-organizing feature maps (SOFMs)< 99 A9 A4S AP Az JFs v
e 1Y e 23] olatd AmE HPAZIY. o] UYEYA Fo3 FHL
self-organizing @A & AF&3le] diiA EAHo=z AHFIHE Fo] SOFMA 93lo] ALbE =
el ~E ot

% 7. Self-organizing feature maps (SOFMs) ¥ 8 Time lagged recurrent networks (TLRNs)

2.2.6 Time lagged recurrent networks (TLRNs)
Time lagged recurrent networks (TLRNs)= #< 7|7k Wl2g +x25 713 &35 MLPO]

o iR AA ARs 23 ARE Fxe ol AERE 2FET TLRN HAE A AL
=, Ay T8 A HEERA dolA Hal 7Eelth

2.2.7 recurrent networks
Fully recurrent networks: L AFA|o] QoA AR Fo7 I EZolzi)

QL MENIE AT WE PPz A

29 9. recurrent networks 219 10, CANFIS (Co-Active Neuro-Ruzzy Inference System)

2.2.8 CANFIS (Co-Active Neuro-Fuzzy Inference System)

CANFIS (Co-Active Neuro-Fuzzy Inference System)®Z 22 A331A B33k -5 LAMA]
71 wE2A REY AAY UESLAE 7 S HAA dE€E SHeT HA FE A 2"HES

“wausT 7wl WMy §48 Agstel ALga

2.2.9 Support Vector Machine (SVM)
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Support Vector Machine (SVM)2 kernel Adatron algorithm< AF&3}e] 3wt} kernel
Adatron= 1A 54 F 1ol JE€S A Estety, gla olw HAHow A5 AC HgA g
2 AsE g3t 2822 kernel

5 7A7te ¥

=
e
>,
oY
o
fru
o
q

AE olE 99

o
=
Adatrone £3] &

2 gEAY ool tele] 1981~2009971 4] 29, FUBAR 5
3 =g Avs a9 129 2ok A9 FEARC B AZAsh AFYR

MSE versus Epoch

MSE

oozs
2
015
oot
o005
o

1 6553

a9 12, WA ARk ek AAEEE A8A3 2 MSE Versus Epoch(Generalized Feed Forward)

19657 26209

]

Best Network Training Performance inflow
Epoch # 65533 MSE 2118.1665
Minimum MSE 0.001058 NMSE 0.263223
Final MSE 0.001058 MAE 25.9125
Min Abs Error 0.724418
Max Abs Error 135.41935

r 0.95664

#1. Minimum MSE(Generalized Feed Forward) 2. 72t W% @ X (Generalized Feed Forward)

3.4 &

=

g el digh g FAEF ASUHE Feste] & 23, New classification® 3 2+ Ne
B S AWNE Ho Fa 9SS & 5 9

= 2118.1665, NMSE+= 0.263223, MAE+=

roxe

[e]
o1, Generalized Feed Forward®&¢ 7% MSE
25.9125, Min Abs Error7} 135.41935, ro] 0.95664¢] A& Holx 3t}

L oofrte] wolx], W F(H), A4z o) 7%, wshak, 1990
2. °o]d+, GMDH €aelss o
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