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Table 1 The sample data

-1.00 -0.90 -0.80 -0.70 -0.60 -0.50 -0.40 -0.30 -0.20 -0.100.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 1.00

-1.0
-0.9
-0.8
-0.7
-0.6
-0.5
-0.4
-0.3
-0.2
-0.1
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.00

0 0.31 0.59 0.81 0.95 1.00 0.95 0.81 0.59 0.31
0 0.29 0.56 0.77 0.90 0.95 0.90 0.77 0.56 0.29
0 0.25 0.48 0.65 0.77 0.81 0.77 0.65 0.48 0.25
0 0.18 0.35 0.48 0.56 0.59 0.56 0.48 0.35 0.18
0 0.10 0.18 0.25 0.29 0.31 0.29 0.25 0.18 0.10
0 0 0 0 0 0 0 .0 0 0

0 -0.10-0.18 -0.25 -0.29 -0.31 -0.29 -0.25 -0.18 -0.10
0 -0.18-0.35-0.48 -0.56 -0.59 -0.56 -0.48 -0.35 -0.18
0 -0.25-0.48 -0.65 -0.77 -0.81 -0.77 -0.65 —0.48 —-0.25
0 -0.29-0.56 -0.77 -0.90 -0.95 -0.90 -0.77 -0.56 -0.29
0 -0.31-0.59-0.81-0.95-1.00 -0.95 -0.81 -0.59 -0.31
0 -0.29-0.56-0.77 -0.90 -0.95 -0.90 -0.77 -0.56 -0.29
0 -0.25 ;0.48 -0.65 -0.77 -0.81 -0.77 -0.65 -0.48 -0.25
0 -0.18-0.35-0.48 -0.56 -0.59 -0.56 -0.48 -0.35 -0.18
0 -0.10-0.18 -0.25 -0.29 -0.31 -0.29 -0.25 -0.18 -0.10
0 0 0 0 0 0 0 0 0 0

0 0.10 0.18 0.25 0.29 0.31 0.29 0.25 0.18 0.10
0 0.18 0.35 0.48 0.56 0.59 0.56 0.48 0.35 0.18
0 0.25 0.48 0.65 0.77 0.81 0.77 0.65 0.48 0.25
0 0.29 0.56 0.77 0.90 0.95 0.90 0.77 0.56 0.29
0 0.31 0.59 0.81 0.95 1.00 0.95 0.81 0.5 0.31

0 -0.31-0.59-0.81-0.95-1.00 -0.95 -0.81--0.59 -0.31
0 -0.29-0.56 -0.77 -0.90 -0.95 -0.90 -0.77 -0.56 -0.29
0 -0.25-0.48 -0.65-0.77 -0.81 -0.77 -0.65 -0.48 -0.25
0 -0.18-0.35-0.48 -0.56 -0.59 -0.56 -0.48 -0.35 -0.18
0 -0.10-0.18 -0.25 -0.29 -0.31 -0.29 -0.25 -0.18 -0.10
0 0 0 0 0 0 0 0 0 0

0 0.10 0.18 6.25 0.29 0.31 0.29 0.25 0.18 0.10
0 0.18 0.35 0.48 0.56 0.59 0.56 0.48 0.35 0.18
0 0.25 0.48 0.65 0.77 0.81 0.77 0.65 0.48 0.25
0 0.29 0.56 0.77 0.90 0.95 0.90 0.77 0.56 0.29
0 0.31 0.59 0.81 0.95 1.00 0.95 0.81 0.5 0.31
0 0.29 0.56 0.77 0.90 0.95 0.90 0.77 0.56 0.29
0 0.25 0.48 0.65 0.77 0.81 0.77 0.65 0.48 0.25
0 0.18 0.35 0.48 0.56 0.59 0.56 0.48 0.35 0.18
0 0.10 0.18 0.25 0.29 0.31 0.29 0.25 0.18 0.10
0 0 0 0 0 0 0 0 0 0

0 -0.10 -0.18 -0.25 -0.29 -0.31 -0.29 -0.25 -0.18 -0.10
0 -0.18-0.35-0.48-0.56 -0.59 -0.56 -0.48 -0.35 -0.18
0 -0.25-0.48 -0.65 -0.77 -0.81 —0.77.-0,65 -0.48 -0.25
0 -0.29-0.56 -0.77 -0.90 -0.95 -0.90 -0.77 -0.56 -0.29
0 -0.31-0.59-0.81-0.95-1.00 -0.95 -0.81 -0.59 -0.31
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Table 2 The discretization method of z, y, =
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£ 3 7/ Rough £ LIKEM N
Table 3 The rules acquired by Rough set theory

z([ -1, —0.6]) AND y([ -1, -0.6])=>=2([ -0.2, 0.2]) OR =z([0.2, 0.6)) OR =z([0.6, 1])
z([-1, —0.6]] AND y([ -0.6, —0.2))=>=z([-0.2, 0.2)) OR z([ - 0.6, —0.2)) OR =z([0.2, 0.6))
z([-1, —=0.6]) AND y([ -0.2, 0.2]]==2([ -0.2, 0.2]] OR 2([ -0.6, —0.2]] OR =([ -1, -0.6))

z([-1, —0.6]) AND y([0.2, 0.6))=>=z([ -0.2, 0.2)) OR z([ -0.6, —0.2)) OR z([ -1, -0.6))
x([ -1, =0.6]) AND y([0.6, 1])==z([ -0.2, 0.2]] OR =([0.2, 0.6]] OR =([0.6, 1])

z([-0.6, —0.2]) AND y([ -1, -0.6))==2([0.6, 1]) OR z([0.2, 0.6))

z([-0.6, —0.2]) AND y([ -0.6, —0.2]]=2([0.2, 0.6]] OR z([ -0.2, 0.2]] OR z([ - 0.6, —0.2))
z([-0.6, -0.2]) AND y([ -0.2, 0.2])==z([ -1, -0.6])

z([-0.6, —0.2]) AND y([0.2, 0.6))==z([ -1, —0.6)) OR z([ -0.6, —0.2)) OR z([ -0.2, 0.2))

(

[ -0.2]) AND y([0.6, 1])=>2([0.2, 0.6)) OR =([0.6, 1])

x([-0.2,0.2]) AND y([ -1, -0.6]]=2([0.2, 0.6]] OR z([ -0.2, 0.2]] OR z([ - 0.6, —0.2))
[ ,0.2]) AND y([-0.6, —0.2))=>=z([ -0.2, 0.2)) OR z([ -0.6, —0.2))

[-0.2,0.2]) AND y([-0.2, 0.2]]==2([ -0.6, —0.2]] OR z([ -0.2, 0.2]] OR 2([0.2, 0.6))
[-0.2, 0.2]) AND y([0.2, 0.6))=>2([ -0.6, —0.2)) OR z([ -0.2, 0.2)) OR z([0.2,'0.6))
z([-0.2, 0.2]) AND y([0.6, 1]1)==([ -0.2, 0.2]] OR 2([0.2, 0.6]] OR z([ - 0.6,

z([0.2, 0.6]) AND y([ -1, -0.6))==z([-0.6, —0.2)) OR z([ -1, -0.6))
(0.2, 0.6]] AND y([ -0.6, —0.2]]=>=z([ -0.2, 0.2]] OR =z([0.2, 0.6]] OR z([ -0.6, —0.2))
2([0.2, 0.6]] AND y([ -0.2, 0.2))=2([0.2, 0.6)) OR =([0.6, 1])

x([0.2, 0.6]] AND y([0.2, 0.6]]1=2([0.2, 0.6]] OR z([ -0.2, 0.2)) OR =z([0.6, 1])

z([0.2, 0.6)) AND y([0.6, 1])==z([ -0.2, 0.2)) OR z([ -0.6, —0.2)) OR z([ -1, —0.6))
z([0.6, 1]) AND y([ -1, —=0.6]]==z([ -1, —0.6]] OR z([ -0.6, —0.2]] OR z([ -0.2, 0.2))
z([0.6, 1]1) AND y([ -0.6, -0.2))==z([ -0.6, —0.2)) OR z([ -0.2, 0.2)) OR z([0.2, 0.6))
z([0.6, 1]) AND y([ -0.2, 0.2]1==([0.6, 1]) OR 2([0.2, 0.6]] OR =([ - 0.2, 0.2))

z([0.6, 1]) AND y([0.2, 0.6))=>z([0.6, 1]) OR z([0.2, 0.6)) OR z([ -0.2, 0.2))

z([0.6, 1]) AND »([0.6, 11)=>=z([-0.6, -0.2]] OR z([ -1, -0.6]] OR z([ -0.2, 0.2))

-0.2))

.3125, 0.5, 0.1875
.75, 0.1875, 0.0625
.25,0.5,0.25

.625, 0.3125, 0.0625
.4,0.45, 0.15

.75, 0.25

25,0.25,0.5

.25, 0.5, 0.25
.4,0.6

.4375, 0.375, 0.1875
.9375, 0.0625
.5,0.25,0.25
.1875, 0.75, 0.0625
.5,0.35,0.15
.4375, 0.5625

.375, 0.4375, 0.1875
.25, 0.75

.5, 0.3125, 0.1875

05, 0.5, 0.45

.3,0.45,0.25
.1, 0.65, 0.25
.4,0.4,0.2
.1, 0.35, 0.55
.44, 0.24, 0.32

®4 HEBFAERERN

Table 4 The default rules after the reduction

z([-1, -0.6]] AND y([ -0.6, —0.2]]=>

=([-0.2,0.2)) 0.75 (1] Zadeh L A. Fuzzy logic, neural networks and soft

z([-0.6, —0.2)) AND y([ -1, -0.6))=> 0.75 computing [J]. Communications of the ACM, 1994,

z([0.6, 1]) 37(3): 77~84

=(1-0.6, ~0.2]) AND y([ ~0.2, 0.2])= 1.00 (2] Z+LH. EMEHMSEHNEEEHE (M. ®

(=t 06D IR IR T Al K% thRAE L1996

::(([[:(())22: 322]])) AND 5L ~0:6. =021~ 0.9375 [3] Yasdi R. Combining rough sets learning and neural
learning method to deal with uncertain and imprecise

=([=0.2, 0.21] AND »([0.2, 0.61]= 0.75 information [J]. Neuro— Computing, 1995, 7(1): 61

z([-0.2,0.2) ) ,

2([0.2, 0.6)) AND y([ -0.2, 0.2))= 55 ~84 o

=([0.6, 1]) (4] EXFR. #HEEMAKRHANA (M]. JL5 45w

x([0.6, 1]) AND y([ -0.6, -0.2))= 6.6 25 MR K2 th AR AL, 1998, 179~ 186

2 =0,2 023 [5] EEMK. Rough KB SRRHKM (M) HE HE
338 K2 AL, 2001
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A Method of Constructing Fuzzy Neural Network
Based on Rough Set Theory

Huang Xianming, Yi Jikai
( Electronic Information and Control Engineering College , Beijing
University of Technology, Beijing 100022, China)

[ Abstract] A new method of constructing fuzzy neural network is presented and Rough set theory is applied to
this method. Since Rough set theory has strong numeric analyzing ability and fuzzy neural network has exact
function approaching ability, their combination can produce a neural network model with good intelligibility and
fast convergence. First, some rules are acquired from given data set by rough set theory. Then, these rules are
applied to constructing neural cell numbers and relative parameters in fuzzy neural network. Finally the initial
network is trained by BP arithmetic and the whole network design is finished. Also in this paper, an example of
nonlinear function approaching is discussed and the feasibility of this method is proved.

[Key words] fuzzy neural network; rough set; acquire rule; function approaching
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The S — N Curve Fitted by the Least Square Method Considering
the Effect of Length of the Confidence Interval

Yang Xiaohua', Jin Ping', Yao Weixing®
(1. Nawal Aeronautical Engineering Institute Qingdao Branch , Qingdao, Shandong 266041,
China ;2. Nanjing Aeronautical University, Nanjing 210016, China)

[Abstract] The S — N curve is the base of calculating fatigue structural life. Founding on physical
mechanism, this paper presents a weighted least square method in which the weigh of a group of test data is
inversely proportional to the length of the confidence interval. The calculating results show that the S — N curve
which is gained by the least square method considering the effect of length of the confidence interval is more
reliable and secure than the S — N curve which is gained by general least square method.

[Key words] confidence interval; fatigue life; least square method; S — N curve
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