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1
1.1
L4 , Pawlak
S=(UA V.f),
, U , A J,A= cUD, C D
.CND= qv= U . Va a €A
, x€U a€A, FrUXA" Vi f(x,a) € Ve
BcA U :
IND(A ) = {(x,y) €Ul Ya €A, f(x.a)= f(y, a)}-
S, U= (%1, %2 s 2mf, C={ ai, ay - anf, m X m 1
a, f(xi, a) Zf(xj,a) f(xi, D) Zf(x, D), a € C,
ci =
/ P, f(xi,a) Zf(xj,a) f(xi,D)= f(x,D), a € C,
i7j= 1725 cey M, (1)
a, 1= 1,2, ... n vi, 1= 1,2, .-y n, :
f(vi,v2, ~wva; D) = /\{V ¢ 1 <]< i Sm, cj & }, (2)
VA .
. [ 10]
1.2

oo (&),

. S ,
f(x,{d}) ¢f(x,{d,}), b= L2 om1<i,j <m m . () (2
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R: f(x,a1) = v f(x, a2) = viz,
f(x.q)= v f(x.D)= di,c= Hi (3)
L dh € Ve i k= 1,2 cmij= 1,2, 51 Sn, e Hi ,
H: €701+ B-= {b‘i, by, - bj} R : {d}
B :
J - card(POSB’({d}))’ (4)
card( U)
, card(*) : POSB"({d}) {d} B
Ny = lIB"Il, 1<i <n, (5)
e i A , Ni' R’ B’ , R b1 <j <
n :
O'(B. )= ]é 1<i<m 1< <ne (6)
2
2.1
5 , 1 , I 1 )
I v , V .
, [0.1] = Y
21-1Fi= Cl1 /N, Y2« Fi- €IS\
WFi,C,N)=41-2(1 Fi- C1 /N 0<I F;- CI < V2, (7)
0, )
, C, A s 2 . l
, Ck , O: = [0k 1, Ok 2 -5 Ok, k-1, Ok, k, Ok k+ 1, -+, Ok, L],
corj= 0, Zhkiorj= Lj= k° O = [0p.1,0.2 - 0p.1], ci
[
dpr = JIZ‘[ 0. i = on i), (8)
0, ch [0, 1]
W(0,) = IV (1+ (du/fo)), (9)
s fafe .
2.2
m , t n Ii= [Fi1, Fi2, - Fi,4], m n
mXn . l s l F;,
s Mm, i Fumax,i Fmini Fi ,Mi, i Mu,i
[ Fuini, Coi) (G, iy Frax, i ] , F;
Cni= Mu i, C i= My, Chi= My,
Ai= Cni— Criy, Mi= Chi— Cuiy, M,i= (Chi— Cn i)/2° (10)
(7) (10) m n , m X 3n .
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u
1.0—
0.5—
Fam:  Cis Cr Crn Fomn F,
e A > A
Ami —
1 2
m X 3n m .
ek Ni o km ki km % 31 .
Tc . , Tc,, 1, 0,
km % 3n . Ch di,  kn 3
s ke dy , T, km,
. T, Ch, [%i] . 1 i Sk,
Xms 1 Sm Sk, max( card([ xn/ C/.—)) , card(*) , max(*) ,
Xm Tk .
, : N (a).
[10] ) T,
, (3 - 49 (5 (6
2.3
1 .
| I 3 . II1
, IV \Y% , . I III
, I IV . 11 i
1 , l IV >
R , i R' Yo 11 , R’
111 i , g )
b < B 1, i i
LO(B, b)), 1<i <m, 1<) <n, 0, - 0(B.b),1<i <m, 1 <j <ae
o 0o III IV [0,0.01] ‘ )
2.4



93

, 16°
50,0.8 0.01, (9 .
3
3.1
? * ?
. Bently 5
100 100 240 160 200 , 406 , 2.560 kHz
, 1/2 .
5
0~ 0. 3% 0.40~ 0.49 fr 0.5fr 0.51~ 0.99 fr 1fr 1.5 fr
0.021 078 0.005 169 0. 000 634 0.09 639 0. 554 049 0. 000 421
0.018 861 0.005 207 0. 000 721 0.0%4 279 0. 629 339 0. 000 234
0.080 558 0.012 715 0.001 270 0. 172 561 0. 390 659 0. 000 39
0.051 150 0. 158 81 0.017 531 0. 341 189 0. 070 861 0.001 972
0.026 101 0. 011 H9 0.004 176 0. 088 991 0. 100 204 0.005 173
2 fr 3fr 3~ 5fr odd fr 5~ 10 fr
0.024 612 0.014 019 0. 048 096 0. 022 096 0. 121 80
0.004 016 0.002 40 0. 060 398 0. 004 855 0. 161 830
0.042 751 0.015 978 0. 054 664 0.023 051 0.117 802
0.004 344 0.000 701 0. 055 509 0. 001 885 0. 92 260
0.156 866 0.008 832 0.068 555 0. 013 255 0. 083 852
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
0 1 0 1 1 0 1 1 0 1 0 0 0 0 1 0 0
0 1 0 1 0 0 1 1 0 0 0 0 1 0 0 1 0
0 1 0 0 0 0 0 1 0 0 0 1 1 0 0 0 1
1 0 0 1 0 0 1 1 0 1 0 0 1 0 0 0 1
1 0 0 1 0 0 1 1 0 1 0 0 0 0 1 0 0
18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33
0 1 0 0 0 1 0 0 1 0 0 1 0 0 0 0
0 1 0 0 0 0 0 0 1 0 0 0 0 1 0 0
0 1 0 0 0 0 0 1 0 0 0 0 0 0 1 0
0 0 0 0 1 0 0 1 0 0 1 0 0 1 0 0
0 1 0 0 1 0 0 0 1 0 1 0 0 0 0 0
3.2
, ,
Sawyer[ al 11
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-1 5 - 3
3.3
: Te, 1 <k <5 0.7,
. 4 \ 4 -2
3
()L, (10) L4 (17) Mg <d>
X1 0 1 0 1
Xy 0 0 0 2
X 0 0 1 3
X4 1 1 1 4
X 1 1 0 5
2 , 3 .
Flx18diy) = Li A Ly, (11)
F3(x28d2y) = La A Mg (12)
Fx3,8d3p) = Mg N Li+ Mg A L, (13)
FHxada)) = Mg N Li+ Mg A L, (14)
f(xs3dsp) = Li A Mg (15)
x3 x4, 2
Fi(x3,4d3) = Me A L, (16)
f23(x3, d3)) = Me N Ly (17)
Fi(xa8 ds)) = Ms A Ly, (18)
fﬁ‘(m, ds )= Me N\ L& (19)
() (2) (15 (16~ (19 ,
Y= 0.2 O(Li ANLyLi)=-0.1, O'(Li ALy Ly = 0.1,
Y= 0.6, O(Ls ANMsLs)=—- 0.3, O°(Ls A Mo, L) = — 0.3,
vi= 0.6, Oi(Ms A Li,Me) = 0.3, Oi(Ms A L1,L1)=- 0.3,
vi= 0.6, O3 Ms A Ls, Ms)= 0.3, O3(Mes A La,Ls) = 0.3,
Yi= 0.6, Oi(Ms A Li,Ms)= 0.3, Oi(Me A L1,L1)= 0.3,
Vi= 0.6, O3(Me A Ls,Ms)= 0.3, O3(Mes A La,La) = 0.3,
Y= 0.6 O(Li AMsLi)= 0.3, O'(L1 A Ms,Ms) =— 0.3,
3.4
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11.33105.5

C+ +

?

PCIV/2.4 GHz/ 256 MB

(L1, L4 Ms)

5 4
5
(%) (%)

11.33.555 11.33.1055 11.33_155.5 L, L, Ls L, L,L, L, Ly, Mg M, L,L,
20 65.00 68.75 61.75 2. 00 92.00 86.25 92. 00
40 80. 25 82. 25 78. 00 91.75 91.75 95.75 91.75
60 84.00 67.75 84. 50 9%5.25 95.25 95. 50 95. 25
80 8.5 90. 50 81.00 86. 50 86.50 .00 86. 50
100 0. 75 90. 75 82.25 A, 25 94.25 9. 50 94. 25
150 78. 50 90. 50 93.50 9. 00 95.00 9%. 75 95. 00
200 75.75 90. 00 90.75 RN.75 92.75 9RB. 25 92.75
250 0. 50 94. 25 88.75 95.75 95.75 97. 50 95.75
300 74. 00 91. 00 87.25 9. 00 95.00 9%. 50 95. 00
350 87.25 93.75 92.00 9%. 50 96.50 95.25 96. 50
400 93. 00 94. 25 91. 00 85.75 85.75 %. 25 85.75
500 71.25 92. 00 85.25 9%. 75 96.75 9%. 00 96.75
600 70. 00 92. 25 90. 25 RN.75 92.75 9. 50 92.75

5
11331055 .

)

(L1, L4, Ms)

B
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3%, 13.75%,

(11.337.55) (%) (11.33_105.5) (%)

100 150 200 300 400 100 150 200 300 400

98. 00 98. 00 100. 00 8. 00 98. 00 64.00 86. 00 88. 00 92.00 84. 00
78. 00 &. 00 94.00 . 00 100. 00 70.00 92. 00 82.00 66.00 98. 00
9.83 8. 33 97.50 92.50 9. 67 77.50 9. 82 86. 67 84.17 80. 00
100. 00 100. 00 100. 00 100. 00 100. 00 95.00 R. 75 100. 00 98.75 100. 00
9. 00 98. 00 99.00 9. 00 9. 00 93.00 97. 00 9. 00 90.00 97.00
9.50 9%. 75 98.25 9. 50 8. 50 82.25 93. 50 0. 75 87.25 91. 00

(s) 0.328 0. 500 0. 656 1.000 1.453 0. 876 1.328 1.750 2. 625 3.579

(3]

(4]

(5]
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Fault Diagnosis of Rotating Machinery Using
Knowledge Based Fuzzy Neural Network

LI Ru giang, CHEN Jin, WU Xing
(The State Key Laboratory of Vibration, Shock &Noise, Shanghai Jiaotong University ,
Shanghai, 200030, P.R . China)

Abstract: A novel knowledge based fuzzy neural network ( KBFNN) for fault diagnosis is presented.
Crude rules were extracted and the corresponding dependent factors and antecedent coverage factors
were calculated firstly from the diagnostic sample based on rough sets theory. Then the number of
rules was used to construad partialy the structure of a fuzzy neural network and those factors were
implemented as initial weights, with fuzzy output parameters being optimized by genetic algorithm.
Such fuzzy neural network was called KBFNN. This KBFNN was utilized to identify typical faults of
rotating machinery. Diagnostic results show that it has those merits of shorter training time and higher
right diagnostic level compared to general fuzzy neural networks.

Key words: rotating machinery; fault diagnosis, rough sets theory; fuzzy sets theory, generic algo-
rithm; knowledge_based fuzzy neural network



