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Decision control based on rough-fuzzy neural network
ZHAN Qian-sheng
(School of information science and technology , Guangdong University of Foreign Studies, Guangzhou Guangdong 510420, China;
School of Mathematics and computing science, Zhongshan University , Guangzhou Guangdong 510275, China)

Abstract: A new rough-fuzzy neural network based on extracting of fuzzy rules is proposed by integrating fuzzy set and
rough set with neural network. It can be effectively used in decision controlling for any uncertain decision system by timely cor-
recting the parameter value of network with error back propagation algorithm. The simulation results of a model recognition indi-
cates that the construction approach of the rough-fuzzy neural network can improve model recognition probabilities.
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2 EEERE RSB v (Intelligent decision sys-

tem description)
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i #0 2 5) $2 %) 75 7% (Creating rough-fuzzy

neural network and its learning algorithm
based on rough set theory)
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3.1 M4 4 (Rough-fuzzy neural network structure)

WL LS 29 BB RB T = (U,4,
C,D) ZB/MILEREGBERE m 1, REEH
EREELA R N 3 AR SCAT 4 5T 40 AR -0
HERMS, EHR T N ZRAZHRL RS, Mgt
1E:

FIE BWAR . RRBARE X, = (x,,2,,

oy ) E P x, KR P RO | N RIFRAEE.

#22 EBLE, BAHHXN m MRAR
(%1 > %p20 """ Xpm ) HRIERRASH 23 1K AR FEAT R R
G BB HEILE , BN «, Hir, NAR
HIBERIALME, r, RIRIREZBRBULE S MR ERHER
BALE A8, T R EM AT /E Rl

(x.—b )
Axy) = ¢ 9
ALBICNE A B BT BLAYES j BRI S ok
by o REWIRBRBNHES =, THERE
B, meES , BERRSFEHTHRE .

HEIE XR5E, BiZESMTERAER I
RARLI 6 i 4 BB 4, 35 AR ST B A /IME, B BER 5 #
1€, Rk LRI {4, SZEENFE 2R R
K A F B b BT & B A E A BRI & . LR
FERB AT EARE-AHE_HNBRMEN
BAEBRMBR/NREEEPHE—FER AN K F
B BT ENEE BN RE, B A
SR —MERIR Zy, (B Zx =N A)) s Mk &
MR SR KR, ] NEEBREs WE;
AN E L.

HA4E GREGE.ZBEENWEMNEAN
N AZEF -V AREN REHFRRLR (G
RN I oS REEEE, HIEAR
BHNU, = T(Zy), 2, RS5EEE ANV SHELN
RS, EWEAR N (EITFR—AREHET
BEEB AR HSEEY), & RE—
Uy = Zu; 58 A0 U, hEANZ, 5 RERE
BT REREATEAE.

FSE B N MHEBEHZSTTHR(N MEREK
RHEX ST A BN, ZEE MM 2T
AR — MR D, KB A FERS A
WETH LA Ry (U), M8 TR A
Rs (U,)

FE 5EsEHMNMAMEEZITE, ZE
KEMEMZ T SHMHMNNNE s BEEMS 4%
B A 4 B EERGEIIN V, 5D, [ 4 KEBERS
IR ! RRD! 5V HEEN, 02 FRD 5V
EHEN, o FRDI 5V KEER, o2 FRD: 512
MEEN ZES M TEV, W EEMZTV BA
A input( v = will_?f)‘( ﬁ,) + w%ll_zj)‘( 0,) )

TH#ZT V2 8 AN inpu(V?) =
R, (U,) + wTR5 (U,). FAHSHRL A %

vi=1,2,,mj = 1,2, r;.


http://www.cqvip.com

332 B o B ® 5 M M B0
output( V!) = max(f;(input(¥!)), f3(input(¥2))), NA ©
- . . = ($(x,) — ¥,(x,)) -
output(72) = min( £, (input(V1)) , fo(input( #2))). 21 2 Z} Inl %) = 2%
1 e-inpuli’i = =
A fi(x) = foilx) = 1+e_,€ [0,1). m‘);'RDI(Ut),

BIE LEMETE.ENDNEES AT
A AR output( V1), output( ¥2), % 44 BP 24 Yo =

output( ﬂ) + output( i/%)

B 1 EEMH RS ERIS
Fig. 1 Stucture of rough-fuzzy neural network

3.2 BiBER#E % 5) M % ( Self-adaptive learning al-
gorithm)
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Table 1 Decision chart
A
al a2 a4 a5 class
1 0 0 0 0 1
2 0 0 1 1 1
3 0 1 0 0 1
4 0 1 0 1 0
5 1 1 0 0 0
6 1 1 1 1 0
7 1 1 1 0 0
8 0 0 1 0 0
9 0 0 0 1 0
2 Hlik
Table 2 Core value chart
A
U
al a2 a4 as class

1 - - 0 o0 1
2 - - 1 1 1
3 0 - - o0 1
4 - - -1 0
5 0
6 - - - - 0
7 - - - - 0
8 - - 1 0 0
9 - - 0 1 0

MER2, T RBZRKRES 2 B/PRE
fER(NEK 3,4).

AT R 3 & 4 EA— DB/ REB RS R
PiBUE /NRAEFR (1), NI 18 PR R G 1 B AR A
35 %, MF:

Ifal =0 &ad4 = 0& a5 = 0 Thenclass=1;
Ifa2 =0 & a4 = 1& a5 = 1 Thenclass=1;
If a4 = 0 & a5 = 1 Then class =0;

If al = 1 Then class=0;

If a4 = 1 & aS = 0 Then class=0.
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Table 3 Reduction decision chart (1)

A
U
al a2 a4 aSs class
1 0 X 0 0 1
2 X 0 1 1 1
4 X X 0 1 0
5 1 X X X 0
8 X X | 1 0 0
A4 BLRRAQ2)
Table 4 Reduction decision chart (2)
A
U
al a2 a4 ab class
1 0 x 0 0 1
2 0 x 1 1 1
4 x x 0 1 0
5 1 x P x 0
8 X X 1 0 0
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Fig. 2 Rough-fuzzy neural network structure of
model recognition simulation
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Table 5 Results of model recognition simulation
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5 %8 (Conclusion)
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