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Nonlinear System control Using the Runge-Kutta Neural Network

°Si-Il Lee*. Dong-Hee Kim*.

Dept. of Electrical Eng. Kyungpook Nat. Univ.*

Abstract - This paper presents the Runge-
Kutta neural networks(RKNN’'s) using the
Runge-Kutta approximation method and the
orthogonal function for control of unknown
dynamical systems described by ordinary
differencial equations in high accuracy. These
subnetworks of RKNN's are based on
orthogonal function. Computer simulations show
the usefulness of the proposed scheme.
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Fig 1. Structure of the Fourth-Order RKNN

y=f(x,y) 9 Fehe g LA HE Fite
483 e e Runge-Kutta WS A(1)3}
2}(8)
Yiri=yiteé(xi,yi,h)h

¢ = alkl + 02k2+ B a,,k n

= f(x:,54)

kzz f(xi+p1h,yi +q11 klh)

ky= f(xi+t 0k, v+ gu kih+ qnkah)

k,= flxitpuah,yitg.1kik

tgazakeht ot au1a1K a1 k)

7F4 d¥tE <l Runge-Kutta WH 22, 43 Runge-
Kutta WS AH&g},

(1)

()= f(x(), x(0)=x,9 HalA 2(3),(4)

g 9 &S A%Y N(-) 7 230 (4)
y(8) = N(y(D)), v(0) = xq
Hy(txe) —x(Hx)li<e,0<t<T

(3)
(4)

xER™ ,te[0, T]
o] 27 %] 3 Runge-Kutta 2 EFL 4 (53
#o] dA,
Vit1= ¥, h(K0+2K +2K,+ K3)  (5)
Ko“'Nf(Yi: w) »
Ki= Ny(y+4Kohiw)

1 —2699 -



K2=Nf(Yi+°%K1h;w)

K3=Nf(yi+ th;W)

2.2 [u MAY

¥ 2. A7 AA4%
Fig 2. Orthogonal Neural Network
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Fig 3. Block Diagram of Control System
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Fig 4. Outputs of Inverted Pendulum and
RKNN Identifier
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Fig 5. Angle Velocity of Inverted Pendulum
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