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Non-singleton fuzzy logic system and its performance of prefilter

ZU Jia“%kui, DAI Guan=zhong, ZHANG Jun
(Department of Automatic Control, Northwestern Polytechnic University, Xi an 710072, China)

Abstract: Non-singleton fuzzifier is adopted to deal with the input data. The prefiltering performance of
non-singleton fuzzy logic system (NSFLS) is analyzed. The back-propagation algorithm is applied to

optimize parameters- According to the simulation results and the performance comparison between

non-singleton fuzzy logic system and singleton fuzzy logic system, it can be seen that the NSFLS has
better prefiltering capability and higher engineering values in practical applications.

Key words: prefilter; non-singleton fuzzifier; fuzzy logic; back-propagation algorithm

1 5l E

2
[

3 T akagi—
Sugeno (2.3
’ , (BP)
4 (4
(
)
: 2001-04-23; : 2001-06-13
(1974—),

) ) , 5 (1937—), ) )



%4

MR ES: BB R FENE 2R B EE A% 477

2 AR AERREE RS

R":1f x1is Fiand  and x.is Fiu Theny is G'

(1)
JFi G UiCR VCR
X = [xnxe, Lxd U< ><Us y V
A= 1,2, M
(D) UxV
Fix >xF. -G U
A , sup—=*
v B'
us'(y) = supxy vfur=< =<ri.¢'(X,y)* ua {X)]
(2
X U A°
, AT , X=X
wiX)=1, X#ZX, wiX)i=0
XY= 1, X X,
w 1X)
X )
ur1X) = we(x1)*  * ue (%0) (3)
(2

us'(y) = uc'(y)supy Dka(xk) url(xk))  (4)

wi(x) = exp[— (wi— my)7205]  (5)
url(xn) = exp[— (xr— m#)?/ 207 (6)

wol(xe) = wx(x8) url (x5) (7

()
= (G me + OFm.) /(0% + 0F)  (8)

, O, o
, xk' M, ,
(8)
Xhma = (Cme + OFxe)/ (G + 0F) (9
(9) , xi
=0 ,Xhos= xt,
xk'

’
(9) N Xk xiz,max

X o, o)
— [ TEREE | B

1

(5),(6), (9) (7,

wol(xn)

) = exp[ - (xi— mr)/ (208 + 207) ]
(10)

l
u()é ( X k, max

n

ZY HUQA(xI

fm(X) =

Z l_lu()/(xk max

Z;’nexp[- (xk = m#)*/ (200 + 20%) ]

g
n

znexp[— (xr — mFi)z/(Z(ﬁ+ 20-12,2)]
(11)

w0
O

SR HIA

2. N,
6‘(i): [fm(X(i)) _ y(l)]zlz’ = 1’2, ,N
(12)

(11)
y',me, ov, O, BP

Y(i+ 1) =

Y = oslf (XY =y RX ) (13)

mrt(i+ 1) =

met(i) = oulfw(X") = '] <



478 % l 5 VS b4 £ 17 %
_ l
F(i) = fa(X")] o X7 (14
[Y(i) = fe(X")] 02()+02F,()<¢?( (14 100
o (i+ 1) = ; [5]
o (i) — 000¥l (i) [f w(X ") - M > : 32
- 0 xf) - mF/ d?( ) ’ BP
. _ 1 X 1) 1
[¥ (i) = f(XT)] () + o (15 100 ) 200
Gli+ 1) = , (SNR)  5.004,
G (i) = 00 (i)[fm(X") - y“’] = 0,
2 - mrl
. 1 2 "
[7() = (X)) 2o )m (16) SNR = 0/, (18)
aaV ,O-IZ
1
[ Jueoi(xhms) (RMSE) (MAXE) (MINE)3
(P(X) = M n (17)
1
! ©, max
2. [ (i) 2 2a) .
0(;70‘"7 Ob"(x ?
(12) )
RMSE = 0.21758, MAXE= 0.681 04
) AN D
4 i FHAIE MINE = — 0.873 63
[1] 3.2
y(k+ 1) = gly(k).y(k= 1)1+ u(k) ’
gly(k),y(k- 1)] = ’
y(by(h= 1) [y(k) + 2.5] «C b ) ! :
T+ y (k) + y(k= 1)
u(k) = sin(2Tk/ 25)
y(k+ 1) = fly(k),y(k - 1) ]+ u(k)
Sly(k),y(k= 1] (1D
1
NSFLS SFLS
SNR
RMSE M AXE MINE RMSE M AXE MINE
oo 0. 000 78 0. 008 93 - 0.000 89 0.064 74 0.093 15 0.335 18
47.50 0.001 83 0.01279 - 0.00116 0.088 48 0.372 27 0.335 19
23.47 0.026 41 0. 238 45 - 0.16073 0. 351 57 3.087 13 0.335 19
14. 47 0.046 19 0.241 62 - 0.31273 0. 49 68 3.087 13 1.325 01
10.91 0.057 04 0.390 76 - 0.32274 0. 586 47 3.087 13 1.462 4
7.095 0. 103 50 0.507 54 - 0.31274 0.828 58 3.087 13 1.615 26
5. 004 0.217 58 0.681 04 - 0.87363 0. 866 28 3.087 13 1.462 45
2. 365 0.387 44 1.318 65 - 1.25074 1.060 19 3.087 13 1.802 14
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