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Nonlinear System Identification; Comparison of the Traditional
and the Neural Networks Approaches

Kil-To Chong*

ABSTRACT

In this paper the comparison between the neural netwaorks and traditional approaches as nonlin-
ear system identification methods are considered. Two model structures of neural networks are the
state space model and the input output model neural networks. The traditional methods are the
AutoRegressive eXogenedus Input model and the Nonlinear AutoRegressive eXogeneous Input model,
Computer simulation for an analytic dynamic model of a single input single output nonlinear sys-
Model validation for the obtained models also has
been done with testing inputs of the sinusoidal, ramp and the noise ramp.

tem has been done for all the chosen models.
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T 74A] 7129 md F2EAE 58] e A
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Fig. 2 Recurrent Multilayer Perceptron.
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Fig. 4 Responses for ARX(3,2,1)Model; Top:Sinu-
soidal Input;Middle:Ramp Input;Bottom:
Ramp Input Noise Added.
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Table 1. Relative Mean-Squared-Errors for Example.
Maodel Sinusoidal Ramp Noise Ram
Structure Input Input Input

ARX(3,2,1) 0.499E+00 0.434E+00 | 0.449E+00

ARX(5,6,0) 0.818E+00 0.435E+00 | 0451E+00

NARX 1.249E-02 3.308E-03 5.023E-03

RMLP 1.995E-03 3.255E-03 1.160E-02

TFFMLFP(3,2,1) | 5.116E-03 1.656E-02 0.161E+00

TFFMLP(5,6,0) | 6.847E-04 | 1938E-03 | 2.134B-02

A% (Nodal Connection)& Z%& 1-5-3-1 RMLP
EYaE 38004 EeEdn, 971A 14l E (14
BAY) L A4 sgrolHE # W deATE A
mlgt), a8al
2E 0.001°13idh, Fig. 7& RMLPRITEE o
g mdlzl BARdd] gt A wolee] $EE B

Fal c)aq_ RMLPd digt MSE®] 2% Table 1
o s} 9l
Hol=
-
o,

ANeE E&e F1EE (.005, Hhol

=

£ 8 do 2 o T 5 (8

zw: Fo] gle 349 olxe e 2]
7= TFFMLP= TFFMLP(@3,2,1) & %715

4
%A TFFMLP(B 2,1)< 679 =28 Ze 94495,
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