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Abstract

Dynamic neural networks have been applied to diverse fields requiring temporal signal processing. This paper
describes system identification using the hybrid neural network, composed of locally(LRNN) and globally recurrent
neural networks(GRNN) to improve dynamics of multilayered recurrent networks(RNN). The structure of the
hybrid nework combines IIR-MLP as LRNN and Elman RNN as GRNN. The hybrid network is evaluated in linear
and nonlinear system identification, and compared with Elman RNN and IIR-MLP networks for the relative
comparison of its performance. Simulation results show that the hybrid network performs better with respect to
the convergence and accuracy, indicating that it can be a more effective network than conventional multilayered
recurrent networks in system identification.
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Fig. 2. System identification using neural networks

3.1 A3 Al=" 24
Ao AF Al2"l AR e} Po] thE Ao
Ao AEY Al~"g A4
d(k)= 0.921s(k)+0.107s(k—1) +0.336
s(k—2)+s(k—3)+0.3365(k—4) (15)
+0.107s(4—5)+0.921s(£.—6)
AMSE A A o] F2E GRNNY B¢ AA% d8F: &
e 47, sEFH 2859 °‘47HTL Zkzk 879k 1
A2 Ax8xD)E FAsA oD, Tl ulolojx F&
Ftste] AAZEE 784185tk LRNN9| A9 (4x2x1)
Aol wHoz FAHJL, Ads UE AFE MA=S,
AR=6°]t}. AtE LGRNN2l ZAfolE (dx2x1)7he ¥
Hog TALYD, AlYs B AFE MA=4, AR=40)
t}. LRNN7} LGRNNoA] Ao +19] 44 nfojoj
7t AHEE Gl o, dlojojade] Al AAEEA gkt
b Adol Algd 7z AW mde] Ax Ag &
GRNN©] 1127}, LRNNo] 1107}, LGRNNo} 11224
b Age] 8 viestA dAstgion, 7 AA %
L A" ox7) HAV) HEE AHES E§l9
ot 98 AE s(k)€ BEol deolx 1.09 %
zh= WAl 7}2 A ¢HGaussian) WG 4A1Fo|nf,
oA 1000 AZol sl AR FHo] o] Fo)F
10009 8r5& s g5AgE Aund
3 AA Tl FRAg AAT B w2A £Hs
, Alok®l LGRNNS LRNN®T} © ¢tAl® AJ~=

BojFolct

]

ol

o
2

o My ¥

2}

o 32 XN B o f{y w2 o> ool
2ojo 18 3o 8 o oo o
AN
)

me 3 o2 X

7% 3% 4% GRNNz} LGRNN 2o tja ¥E
7+ 100-2007} zf}* F7+ 0-0.5(rad)ol A A|2=® 43
EH Alﬂ‘ﬁ“ﬂr F35 ggeja A
EADF 7 ARY €A

) lo
rO
m%
2
32
iy

Amplitude

A L s L L . . L . L
100 110 120 130 140 150 160 170 180 190 200
Samples

(a) GRNN

T v
—— LGRNN
- — ORG

Amplitude

1 \ \ . . . . " N n
100 110 120 130 140 150 160 170 180 190 200
Samples

(b) LGRNN
a9 3. AZF7 100-20000418) A& A28 A A
Fig. 3. Identification results of linear system in
sample 100-200

4] 0.05 0.1 0.15 02 0.25 03 0.35 0.4 045 0.5

Frequency [rad]
(a) GRNN
40 -

—— LGRNN
— - ORG

30 |

0 0.05 0.1 0.15 0.2 0.25 03 035 04 045 05
Frequency [rad]

(b) LGRNN
9% 4 F9%5 2 0-05lradlol A AR 2w
4823



15 SR AT -

Alzdl Bley mGs 864 1 9 2006.1 / 49

Fig. 4. Identification rsults of linear system in
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