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A Study on the Optimal Design and Application of a
System Identifier Based on Neural Networks

Using Genetic Algorithms

By

Hong Bok Kim

Department of Control and Instrumentation Engineering.

Graduate School, Korea Maritime University

Abstract

This paper deals with nonlinear system modelling using neural networks
and genetic algorithms.

Applications of neural networks to control and identification have been
actively studied because of their approximating ability of nonlinear functions.

It is important to design the neural network which has optimal structure
for minimum error and fast response time. Nowadays, genetic algorithms
have been getting more popular because of their simplicity and robustness.

In this paper, We optimize neural network structure using a genetic
algorithms. The genetic algorithm uses binary coded chromosomes for neural
network structure and searches for an optimal neural network structure of
minimizing error and fast response time. Through extensive simulation and
practical tests, It is verified that the proposed method is effective for

identification of nonlinear system.
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A2 AE =T 7N A" Ad

2.1 = HAEE 9 Levenberg-Marquardt &8 3

2.1.1 74

=E=(Node) &2 &9 (Unit)gtar dZHox= FHNeuron)=> 2174 J=2WHS
TASE 71 doltt FHe 2 (2.1)% o] A 3 =ueo] Azt zhz)
o] A2 FE(Weight)E 7HA 3L, 255 sto] &3t s 9osted AFRAE

Wi, 1 ghs ARgshAl ddh
vi=/fi(h)=( ]él Qw; ;+ wi,O)

a9 218 U JE FEES e,

Wio
a9 21 w4
Fig. 2.1 A Neuron



2.1.2 &% YA EE (Multilayer Perceptron : MLP)
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MLPe A 71 de] ARE- <= a
19 229 #Zrh

AT A4 e SR fEs wo}
d7r FEHE E9
e A @e 245

d

T
O A5 ST
= TR #

Solx= 9 H=(Input Layer), gl 24
Output Layer), 48353 E33 Alolo] $1Aste oF-=
2 FAEo At MLPS &2+

i) =g 0,01= FLE W, £, (% w0t i) + Wl (22)

= AR BES wololz (W, V5, A APl 23 AsE w

a9 22 vs AAER

Fig. 2.2 Multilayer Perceptron



A 7= e ofs] Aeojdn A4 7 #* 2S5 (Training
or Learning)o]&tal st} = A7 s 2o A shFolel e EAHS S8 =A
of AgsEE FAY Ad FEE HSA7E BAoltt
2.1.3 Levenberg-Marquardt €118 &
2 = E 2174d 329S d5537] 918 Levenberg-Marquardt 8t &
a2 FS AREST SFAIE HolHE A (23) o] xdst
ARES [ «(D), (D) ] N } (2.3)

A7IM wHe AA A= Aol y(pe FEACIH. TFo A2 Al
3 slzge 28 ot 2AA W y(pel TPhel HIsEs st Aol

Levenberg-Marquardt ¢i12]52 Hat Ay A (Mean Square Error)E 74
oto g A4 2] E93 AA 939 SHE8S HUrsh

kA, A4 e st A A2 dee ted 2

07w SelA o 5E ArdSE QelE g ey

m
ol

gu+D — g 4 (0 D (2.6)



0= A g E ey, A% g4 Wk 0% 25 Afol=
= yedlt}. Levenberg-Marquardt &858 Gauss—Newton MethodE 7t
o7 322 Gauss-Newton MethodES 2ty ww v}y 72t}

AA =8 y(pe AE F=Z"e FEH (]| oY AE AesH, A
e, O 2 @D o] oAtk
e(t,0) = y(D—v(t]0 (2.7)

Gauss-Newton Method:= 2] (2.7)9 A= HA3Fs7] Y3 2 28)3 &
A8 ARSE A8 ARE-siT)

(1,0 = (1,0 + [&(£06D]T (6—6) (2.8)
= e(,0") — [¢(t,0M)]17(6—6)
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o] ; WA iteration®l Al criterion V,(6,ZV)= ]34,

Vy(0,ZM)=L() = JZ]V i}léz(t,ﬁ) (2.9)

olH,
0= 0" |, Gradient G(9")& v 2l

. (2) . ~ .
GoN=2L D = LS e ) — 3] 69 210

T3k, Gauss-Newton Hessian R(9?)& th&3 ok



. 27 ()
R(e(z)) — _d°L""(0)

| e=o0 = %\,gb(t,e(”)w(t,e(”) (2.11)

Gauss-Newton Hessian R(ONE &2 wrebgo]l 1, Gauss-Newton
Methodt YAv]iEHs Qo2 stu=z Fdsty] gk o] At

w2kA | Gauss-Newton Method®] %4 Wgk(Search Direction)< 2} (2.12)3}
i, 93 EpE HAISE dUolE B A (212)S 4 26)d dYstd 4

(2.13)¥ #Zt.
R(a(i)) f(i) - G(a(i)) (2.12)

plitD — 9O _ R1(9®) G(e?) (2.13)

Levenberg-Marquardt €118l 52 Gauss—Newton Method? fHolE & 2
(212)el A Iy & H7kste] A 214)3% 22 FEHE FH ok

[ROD) + 297N 7D = —G(o?) (2.14)

g 238 geu g 4 kel thEk Levenberg-Marquardt ¢Hale] &9 g4 v
Gy o2 dagFe §A wEks vk Aot

Gradient
Direction

Levenberg—Marquardt direction
for Various value of ),

A =0

Gauss—Newton
Direction

7\,=<>°

a9 23 1 #ol 3 Levenberg-Marquardt &Hate] <o) eFAlnlak

Fig 2.3 The Levenberg-Marquardt Direction for various value A



A #kol ool EA el Gradient Method =, BP &1L
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VN(a(i)’ZN) _ L(i)(&(i) + f(i)) — %[(f(i))T (G(ﬁ(i))+[/1(i)1]f(i) )] (2.16)
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[321] Levenberg-Marquardt Algorithm

Select an initial parameter vector ‘9 and an initial value 1 .

2. Determine the search direction from
[ROOD) + 297179 = —G(o) .
3. 705 0.5 =20 =29 /2.
4. 40025 =2 =2 %19,
5. If vy (89 4+ f2.7ZV) ¢ vy (8?,2V) then accept

UitD = 9@ 4 FD as a new iterate and let AUTD = 4@ |

6. If the stopping criterion is not satisfied, go to Step 2 .

Levenberg-Marquardt Shs5HH-& H]
o= & Wiks kg H E A
AA st HA G2 AE 2 G
stojof st g 7 FFxeA A 3 5]
ZtA, 719 BP ¢8R Y 9% @342 Levenberg-Marquardt 3h<5H:
= AH&ght
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3§ 5A Axd

MLPE= Al=gle] )& dlolE Afole] wddg 2t
(Nonlinear Dynamic System)®] o]4F A[zF 2 28] (Discrete-Time Modelling)ll

PN
488 5 Ak

input , u(t) System, S output , y(t) R

v

a9 24 3 AH w(h ok @ 2 y(pE = T4 ALE

Fig. 24 A Dynamic System with One Input 4(# and One Output y(7)
te A=Y AlZHSampling Time)= ovstH, yp= A =9, y(1—1)
A old AZFe] E9E& yETh 3 Al fE o] o]k Al7h
N 23 bsedE, B4 Asue A (2173 2ol tEd 4 Q.

() =Sly(t—=1), ..., v(t—n), u(t—1), ..., u(t—m)] (2.17)

=, MLP 4173 3z A 2174 & <A Al7l=d ALg 2 5 3l

olwl, A7 I=F AH (0, 0,, ...)= A= A AA T, pa I
A 9E oz Adeudd. ek MLP 217 sl2%e F9& 2 (218)7 2t

V(O =gl0,00) = B W ALUE w,, 040 + wy ) + W (2.18)
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WA oz MY A" 2 219449 14 2 5 U
y(t) = G(aDuld + H(g™ ) e(d) (2.19)
q71A, ¢ ¢ = A AA A2A(Time Delay Operator) 4 1 7FA+=
e 4 (Transfer Function)ol™, o(H= ¢ &5 9= 34 (Probability
Density Function)o]™, #7 geo] Z=gzx<¢l =l e A5 (White Noise
Signal)e]t}. Al&=®lo] o]9} o] = 4 upH, A]xa®l AW (System
identification) F+ AEdT ¢ & g/t =2 5SS ZAEF Aot Aot

A

21 (219)0 oJ& Al 2® o =2}F(System Predictor)® 2 (2.20)3 7o) AoH
=

y(tlt=1D=H ¢ ") Gla™) uld + [1-H "¢ H] ) (2.20)

=, o= A (Predictor) =

Yt ) = y(tlt—1,0 = g(o(D,0) (2.21)

9, gt SenE wEoi, gt A7 Szl o8] TARE Frolth
Wb, 4 (219 Tt 2ol & 4 glvh

W) = Glg L0 u(t) + Hg™ ', 0 e(d (2.22)
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2.2.3 ARX Model

Hobs B9 TaE 4 (2223 2ol Ui 4 gloi) o

Al
£ dukA el wel 2 (General Model Structure):= &3 a1,

Ao () — o d-Bla) L Q) (2.23)
(g D TR u(t) Da D e( 1)
]1;]_.—3
Al = 1+ag '+ ... +a,q”
Blg ) = by+bg '+ ... +b,q "
Clg™) = 1+cqg '+ ... +cu”
Dig Y = 14+dig '+ ... +dig!
Flg V) = 1+f¢ "+ ... +fq 7
ARX(AutoRegressive eXternal input) 22 %+ they & gASs FHs3h}
1oy —aBl@™h g — —1 (2.24)
G(q ", 0) A H(q ", 0) A(d D
web A, o 22} (Predictor) = tHS-3 2o}
vl O = ¢ Blg Huld) + [1 — Alg” HIv®D
= 07 (neo (2.25)
11;]_.—3
o) = [y(t—1) ... y(t—n) , u(t—d) ... u(t—d—m)]"
0 =1[—ay... —a,, by... b,1" (2.26)
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