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Nonlinear System Modeling Based on
Multi-Backpropagation Neural Network

Jae-Huyk Baeg - Jung-Moon Lee”

ABSTRACT

In this paper, we propose a new neural architecture. We synthesize the
architecture from a combination of structures known as MRCCN (Multi-resolution
Radial-basis Competitive and Cooperative Network) and BPN (Backpropagation
Network). The proposed neural network is able to improve the learning speed of
MRCCN and the mapping capability of BPN. The ability and effectiveness of
identifying a nonlinear dynamic system using the proposed architecture will be
demonstrated by computer simulation.
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Figure 3. The Results of Mulit-BPN

Table 1914 A]ZF& workstation Axil
320614 8§t Ayjo|t}t, gl Reof A9
Az Zr NAZzGL Ao v]s=3 7

Holi ok EX|vE &F A[7he
A B BPNo|l 714 wzx tlz
MR EY, MRCCN 22 LE}

e

£ E

H 2 p

¥ g AN

- 202 -



Table 1. Comparison of the number of

. {a) connections and time (many to one
o ; mapping)
%2 (time: %)
§ 0
% cluster 74 5= |BPN& A XM 42| A3t
s | s t}ZBPN| 5 5%15=75 | 1275
T @ e & 0o MRCCN 75 30295
) BPN 881 20
T ESSUSRCIR U SR
3 A MAY It A 29 59 Yot
T O s 271 A FAME wl = ((Rlyke+ 1) ol T
2 E ; ‘ : d SEMEE FANZ oWE TE
B S R S S exmelon 7 NRH2YE S
02 40 60 8 100 U 9Ads 4743293 MRCCNS A% &

: d¥ AXE A43ET GUBPNAST
Noso1 722 858 &g B9 +
% AYe H43), AR N2"e A4l
2 AT AoZE GEA AR
F& ALgstel Y& ARr} Fig, 6~84 U
L Rt gk

Figure 4. The Results of single BPN

S

N

Ymlk+1)=0.55,(R + (k) (4 3)
Kk)=sin25ﬂ'g‘+sin2ff)& )

yhat({k} and y(k)
o

‘
ha

Fig. 79 @ BPNe| A$ole sgol &
7H58x % MROCNS] % 4-9 th3 935
NAHZREe HEAUT. Table 20 H2
W ooFE 939 AF3E2%ge] MRCCNRT

'
o

2" S5E57 e e ¢ 5 Aok
=
< 0
g Table 2. Comparison of the number of
705 | . ' connections and time (one to many mapping)
i ! : (time : =)
0 20 40 60 80 100 -
k cluster} 5| BPNE& A M 4 | A7t
t}Z-BPN 5 5% 14=70 1437
) MRCCN 64 24652
Figure 5. The Results of MRCCN
BPN 487} 20

- 203 -



u(k)

¥(k) and ym{k)

Figure 6. The Results of Multi-BPN
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