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Abstract Due to the unpredictability and irregularity, the behaviors of chaotic systems are considered as undesirable phenomena to be
avoided or controlled. Thus in this paper, to control systems showing chaotic behaviors, a direct adaptive control method using a radial
basis function network (RBFN) as an excellent alternative of multi-layered feed-forward networks is presented. Compared with an indi-
rect scheme, a direct one does not need the estimation of the controlled process and gives fast control effects. Through simulations on
the two representative continuous-time chaotic systems, Duffing and Lorenz systems, validity of the proposed control scheme is shown.

Keywords Chaos Control, Chaotic Systems, RBF network (RBFN), Direct Adaptive Control, Intelligent Control

1. A&

EE 4L URHoz:s AAHEH wAA s AuiEH
Ze vHEgdog s g Hez FA EAT FHE =2
ole Aoz YUy oz AAge Mg Adsie upFA
A 23 d4oz wolEXn gith3] wetA o] Aol %
< JAE AT A8 A ot LY AlxEe] Uy E
= Alzado o Hz29 A Ao 71¥E<d OGY W[5 Al
2€o] HZ 7}edk osEse e e FUtetd A"
9] BorAT F7) ATE AAZ A7l HoEN A2 of
Aol Hto] FolEtr ¥E AS AHAE B F v O
o] gt} EF 71&2 ForEQ AG Ao WEE o]Rstd F
E A2"Eg Aoste dFE AL Y2], AR ol5as vy
AA Folor s EAZE AR WA vjdPHoln BEHAG
Al e 7% 5L NMAE AF Ao 7IEE o]gdted E
E u|AE AlaE-g Ao dF4,10]8 ohE WHE BE &
#}HQ AnE wvh FH gt FRE JYUYHEAE wEg 5
HJEALS AU HAL 7|AH T4 3 Z%(radial basis function
network: RBFN)9| ¢33t A5 o2 Q3 thd A AAIEY
(multilayered feedforward neural networks)& RBFN 22 th33lel <
A|EEo] ol2ojxjx a vAHE Al2¥e] Aojo] AgE A
TE 23153 g9

ety E =&ojA = RBFN 9 4% 380 weE 59
EAL o]4sle EAHI uME A2y EBE A2 o
81, % (identification) HH-& B g &2 &= IH H§ Ao
A2"E MAlslnx o =3 F A A4 AT EE AL
¢l Duffing AlZ=® 7 Lorenz Al A2®e] it 2o HYE Eal
AAE Aol Al 2w Ao Heg Yol

2. Alo] I} EE WAy Al=H

B E=FdA Aloslnat s EE Alag2 gigAd 45
A7t 2F A 2®<] Duffing Al2=83} Lorenz A2 ol th
2.1 Duffing Ao

Duffing A 4& & Falolx Fo] B 28 2=
ang A9ty 48 fFx=EAD A O3 F& 23 9 3y

oz ZHAIACTH?)

X =X
4 3 ()
Xp =—p1X| — paXy — x| + peos(wi)

4 ()9 Duffing HAAL vl wet BPHoY F7]
ALz FH7E s EEHY FHE Bol7lx 39 EE

219

(o}
&

AAA e dAEE AWE A {pprong)-
1.1,04,18,1.8}9] tg x 9 #He 1Y 17 2o}

¢

State Trajectory of a Duffing E quaton
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Fig. 1| State trajectory of a Duffing equation

24 19 A¥L vif EvAS JHE AUAT AT
2 Hojux % 2EHRIA o EHE|(strange attractor)E
gch 2% 2 Duffing LA digh 2EdQA oEHY

b

2
3

it ok JR

Phase Plane Plot of the Duffing Equation
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Fig. 2 Strange attractor of a Duffing equation
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Fig. 3 State trajectory of a Lorenz equation

Phase Plane Plot of the Lorenz Equation
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Fig. 4 Strange attractor of a Lorenz equation
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Fig. 5 Structure of a simpie MISO RBFN
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Fig. 6 Structure of a direct adaptive control system using RBFN
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Fig. 7 Structure of a direct adaptive control system using a
gain layer
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Fig. 8 Reference input for tracking control of a Duffing system
(Period-1 solution of a Duffing equation)
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Fig. 9 Result of the control of a Duffing system
(dotted: reference input; solid: system output)
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Fig. 10 (a) Control input (b) Gain value of a gain layer
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