PSO Z|Y RBFNNQ =& AMH

Structural Design of Radial Basis Function Neural Network(RBFNN) Based on
PSO

o* = kX% dokk
428, AYET, 041

Jin-Wook Seok, Young-Hoon Kim, Sung-Kwun Oh

Abstract - ¥ =M= iEHQ 2" mdgy E-TL%—J 0}‘4°] RBF ¥ YlE$¥=(Radial Basis Function Neural
Network)E 2731 2d& AH3slr] Yato HAg dn o1 PSO(Particle Swarm Optimization) ¢ 18 && o] &34
o &, 2l A3t F28 4ge nx:s 2y J}E}“]Fﬁ—‘“ PSO ¢1ng&S o838ty AT Xﬂ?l% RBF %4
YEAAE eYFdXY 4852 dutdoz Pol ALHoX = 719A¢ AYESE AT o Yoprl mele A
H3tE 95t 7 AGPse FARS HCM ZFe 2 Ho) 7|ue 5 %"‘Mk" 2Asla, PSO ¢xndEFE T3ty 7194
G ALEF] EXZAF, 2HFANY wE F a8y gee JEL 1A A% g 2RE TAIG

At Zdo) g Bty 98 Mackey-Glass A A8 23 HIO]Ei?_ 24%6}9&2‘11 Aty Zdel ZAgkel Auks)

= O B 3
s 8& FA%o

Key Words : RBFNN(Radial Basis Function Neural Network), 7}$-Aet #AQ%4, HCM(Hard C-Means)Z 8] AE .
PSO(Particle Swarm Optimization)

1. M2 2. ouixol RBF AW ESY 3

BE ZoklA AdAdn gl sy 2dde Be o RBF wdUEY A dte] &Y Z(hidden layer)3te 7}
g FHEAY FEE AFELS oldstn, BAGezN A3 A= dEdA) T2 WE 8% Az duksHgenerality),
T AEE ofgsted Urh 2y g d45e v Besksimplicity)d SHO2 Qs s dolHE BEa=
FE xS 7] BEe] A4S vgoz g 1E AW udY Axcd 2d8y So L4513 9tk RBF i
o BYUES o83 olEg M e B oelgd B duEdad pHS JAdoluE vEdAY ddse g
SEA Aok mebd mAy Axdle] Ex4gs BEA4e Z3(Input layer), YHES RBFo o8 natd rog u)
A3 8 B A7k AHHD Yot AR A MY d@eE &Y 2(Hidden layer) e4%e ARE AU¥
2 BUSS JRASsL FAsE Aadel B ¢ xdstd dEYRY HE 2ERS ANSE 222 Output
THEE Rdsted @AE 23 layer) &l A 79 ME & Fom o]Ffolx Qlth

RBF(Radial Basis Function) ¥ 49 EHNAE A%y 7z 24929 =2 § § A4+ RBFY £+ 1% ALE
F WA FERAS WA bY el AHEHE HEAL BY Ao o 2¥5w, BYPELE ATEE I PAY
% 8uE dhbe] &Y (hidden layer)To 2 FAE WESY AT SFE AR
A FzoltH1-2]

& =wolXE RBF wHUEYD A4S 98 Auky £ F 1 LuiEol RBFO Hel

Ao 4% ¥4 RBFY Fd|, RBF %419 9% 18]  Table 1. Type of general Radial Basis Functions.
T wEAe dguleleg dAse Aot B A A

o) 22 A A B ondan o Radial Basis Function R(r) = Rlz—ul/o)

71E F = g 5w .8 Ax Q Zo] o -

. T}; 8 FHAR gzl of Gaussian exp(—r?/2)

b HAAFH(Least Square Estimation)g AMg3ie, 2t ; X 2

RBFE HCM E224Hgg 7woz grH[3]. RBFY 224 Thin Plate Spline 7 leg'r \

%t RBFS) 7%, =3 Qedolge Z28s 21 Hxs Inverse Multi-quadratic @+

412 EQl PSO(Particle Swarm Optimization) 228 &< A} Multi-quadratic (r2+&)1?

&3tel ZAATH4] Add 2o H5S Hrss) g8 Cubic r?

Mackey-Glass AlAE F4 d"olEHE HEsgon AHotm Linear T

Zdo] Iatsiel ity SHe EAMg

Az} AT 2 E 2495y FHAFY ¥ ##H3 7)1 (Clustering
A\ RBERAMS ER BRI algorithm)& ©1 8% F4 ZAWDG] & T3 VAL 7
B B OKBEABEK R AR fE4aue Z& AFsHA "o RBFe 4% o 4" F vEY
wexbd BORE C KRUAEBVG HE TBR g - T a9 AANFAE FHAASH TE FASHE(gradient

descent method) ¢ St&5WHel o8 A A

- 381 -



3. Granular computing 2 = X35 2 ng|

o

3.1 HCM (Hard C-Means) 23| Ag 2
e 2E 8 (Clustering)©] &t dlolBie] 855 93

)
-
=
Nz
o

Hio Ao dolHe Wit vxd HE, £4, g 5o
71ES B dlolHE ¥Fstad A —f.—i,‘%_*—% Bels
T RAelth & =FdAME dolHE 9 AYE JlFex
THY AEE FAST, ol wHoz HolHE SAds
vietel dolEEe A& meotsls HCM 228y S
AH&-3F R TH3I.
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Fig 1. Proposal Radial Basis Function Neural Network.
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Table 2. Initial parameters for modeiing
Parameter Value
Max. generation number 100
Swarm size 150

HU )5 Ev,,, HAF 20%

w 2 (2)
B A% [wmin wmaz) [04 09]
AERF G, G 20
E 3 HMotsE RBFNNS| M5 "ot
Table 3. Evaluation performance index of proposed RBFNN
PI EPI L3t A g e
Regression
0.0914 0.0905 -
model
Anfis model 0.0016 0.0015 -
Proposed | 745E-3*5.51E-4 | 7.86E-3+487E-4 | constant
model 1.65E-4+245E-5 | 2.33E-4+4.12E-5 linear
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Fig 2. Emrors of the RBFNN output
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Fig 3. Comparison with original and model output
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