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Two-Phase Neuro-System Identification Based on Artificial System
Generation

Jaeho Bae*, Gi-Nam Wang**

ABSTRACT

Two-phase neuro-system identification method is presented. The 1"-phase identification uses convention-
al neural network mapping for modeling an input-output system. The 2-phase modeling is also performed

sequentially using the 1*-phase modeling errors. In the 2™-phase modeling, newly generated input signals,
which are obtained by summing the 1st-phase modeling error and artificially generated uniform series, are
utilized as system s I-O mapping elements. The 1%*-phase identification is interpreted as a "Real Model’
system identification because it uses system’ s real data(i.e., observations and control inputs) while the 2-
phase identification as a “Artificial Model” identification because of using artificial data. Experimental
results are given to verify that the two-phase neuro-system identification could reduce the overall modeling

errors.

Key Words : Neuro-System Identification(F2 A28 214]), System Modeling(A| 2% 2d),
Real Model(d4] 249), Artificial Model(E% B9)
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Table 1. Equivalent terms in System Meodeling and Neural

Networks
System Modeling Neural Network
1 Model Structure Network Structure

Model parameters (synaptic) Weights

Estimation Leaming

Off-line Estimation Supervised leaming
Unsupervised Learning
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(Self-organizing Learning)

Intput-Output Observations Network 1-O Values
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Fig. 1 Backpropagation neural network with two hidden layers
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Fig. 2 Block Diagram of a Proposed Modeling Method
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ARQG)+AR(4)+AR(5) 13 -1/3 1/3 -173
AR(2)+ AR()+AR(4)+AR(S) | -173 13 -1/3 113

2014 AA G AFE e 4(3.4)8 TEH] 4
3o 9oz 2F ¢ Aojnl, ttE 2dy FEET of
B e ALdE $o.

Real ModeldlAl #%& Rdo] o] Az HA
22 A FaatA G2 o8 E A43A 58 SSE7H
Z7}51A 9t g58A ¥ HolE & Test ¥ W SSE
7} 27k AL AR(3)29#, AR(4), AR(5)2Y
2HE dolA dolHEY # AR(3)+ AR(4)+
AR(5)2] AlB#ol4e] HId vebdn k. Hx 100
719 dlo]El2 Real Modeld 343 &3 23S
87} (Fig. 6) SSE7} 0.6 vlte 2 vluA &3¢ 54
2 staglth. A9 et e A2 vloledl tist
ol & SSEZF 240 7+ S 0.9065087F Aot (Fig. 7)
old g B BRY vd 72E /e HolHY B+
ggol AUWR o]Foj A Pol LS, Artificial
Modelol £%7]1(Compensator) 4&& al Fo24 23
YEQIAAE 2dPo] AR o] FAAA B}

NEEY
——— A&
2 x}

Real Model SSE=0.599019

1

0.8

0.6
0.4
0.2

0

ARQ3)+AR(4)+AR(S) Training

-0.2
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Fig. 8 Training of AR(3)+AR(4)+AR(5) Artificial Model
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Fig. 10 Training of AR(2)+AR(3)+AR(4)+AR(S5) Real Model
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Fig. 11 Test of AR(2)+AR(3)+AR(4)+AR(5) Real Model
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Fig. 13 Test of AR(2)+AR(3)+AR(4)+AR(5) Artificial Model
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Q49 1l TexasFo AP 8 AHEFY0Z o]
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Table 4 Comparison of SSEs
e 72 I_{eal Model An.ifsc'm\ Model
Leaming Test Leaming Test
AR(3)+AR(4)
LAR(S) 0.599019 | 0.906508 | 0.273434 | 0.265041
AR(2)+AR(3)
+AR(4)+AR(5) 0.474223 | 0.815054 | 0.239486 | 0.197073
Real(03) 2.209959 | 2.548611 | 0.20576 | 0.130261
Real(10) 1.525514 | 1.84974 | 0.194487 | 0.191432
Apsil 1989 4.459272 | 6.344036 | 1.708409 | 2.09604%
4Z B

E dFoxE Non-linear, non-stationary “3#i<|
B33 dole g Rd3 ) A3 Network 1S B4
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208 FAso FLF AANHY 2dY S A=
Network 1] Innovation$ 4% g8 842 AHgste
23 iES A 8% Rd2A B ggo) 7t Al
Y2 (E dPdME -1~19 ¥9& 7HA € Uniform ¥
EE A3 )l A dA 248 EFAIA Neural
Network?] 712 439 d¥tst £4(Generalization
Capacity) S g 2= E sl on], Network 2
E 194 2989 2237](Compensator) H&-& 34
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43 398 2Pk 58] vIEY A9 FFol AdR HA
ASolE viuA Feg 2ddo] siect. B3 22 YE
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E)5¢ 235 24 EYA 3 AURE X T F
k. gutzl A B =844 AL A(])
Maxa,u | xMaxle ]|\t 4(4) Mira,u |~Minle| & AH8-3}
£ Aol A2 AME £ Udol A AFlM AFH
et

AT 48 dd9] AR & & dAY BT A



AT - FAd

2612 wdPste A2g 284 2dg PHS AAG
g )97} 92, Multiple Failure Diagnosis® ¢
= A 28] A4 AHEE & gtk EF 2UA 2Y¥
o] RE A4 AL E3J} U] Bk 194 249
o] 235 & AL ALY W Bt 2 AAE /Y &
4 ot 2vA 2uE A 28 4 Afde o
A2 874 A gslol sed), R ¢4 #E AYs}e
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