15 ( 88 )

2000 7

: 1001— 2060 (2000) 04— 0426— 03

E TR 1A% 70 RBF 1842 48A0 S ET TN

A TRRAN TRE AL ST EPREAXE
TR EAEY, M FH, A AR A E B6E L, A A
FERT TR 0 A5 4 A1 2 R TR A A e e R ] AR
T B %09 TR FRAT —F P RE. (2R TR R
% AN FHBEI I H Eahed, K RE AH TR % AR
o9 Bk b, Bah T B 25 69 ik, B RBF (42 &) A% 20 49
R U8 75 R B FHAE . AL TR AR TR Y 69 F
B, BAFT i# T LR,

; ; RBF ;
. TK124 A
b
[1.3
o b
b b
b
b
b
b b
’
b 2
b
b
b
[2~3
BP ,
: 199—06— 4 :199—10—22

{{(HB11

, 213016)
[4 , RBF (3
1
[ |
T59
AT,
AT()p<<]—vs’ .
X = (.x19
vy x) 0= (0, - Gp)T
x 0
't
y]: yj |t:l‘0+J y](xv e)dtﬁ@,(x’ 9’ y/(tO))
tO
Let
= Constant =y, | << j < m a1
s Vi 1 <_]< m ’
yj<10):yj ‘Fto,lgjgm t*t()
.y (o) = (yi(tg)y - ym(to))To
¢ (x, eayj(to))
yj(l‘o)o yj(to) ,
’ yj(to)
Vi ’ s ,



4

RBF 427 -
% (xs 0, y; (200 xs 0 ) - My
. k .
(A0, p<m. . x . e = 15 (O, O™, 07) ©)
m . e]({min) e]({rmx) e]({min>< ek< 61({1113)0
@ (x, 0,0 =3y, 1<;<m ) I S TP
Or, -y Oy . O <=0™ 14 L. O >
(B0, p=m. 0p -5 0, 0= 6 , > 0"
m , , P 1.
6"1’ sz, ‘oo 6km, Ok ,
(A) . 0. O << 0<C O
. 1— exp[_ (0, — O )] )
A.1) p= m. , Newton- v, = 0 > G(kma"> D)
Raphson ’ Oy ey O, 1— exp[* ‘C[| 0 — 0" Dj ,
A.2) p<< m., ’ 0, << O
" ’ oo : G 1< j<m ,
m X y
E:FEI[‘PJ-(x, 0, y; (o)) —y;] * 3 0,
o , ,
20, = O 1< k<m 4 ’
3[4 G 0y (10) 3] e 2’@k 2, @ A
1< k<m (5 Xy —> M I<k<p ®)
— , BP .
01, . O ’ ’
0 o O , RBF
' Py Py
’ : RBF
’ 3 RBF
2 , RBF s q
Uly =+ Uqs p V1, =% Vso
’ u= Cup, - ug)’ 9
’ ’ ’ v= (v, =) 10)
v v (to) © . 7 - q R p 7
; »Y H ,
O+ O O - . o C> 0), u™,
0;"] 0 E . [ ek']‘;'“, ) (WY <1< 1), o
° < H<_L.RBF RBF .

Py



© 428 - 2000
)
H Cu— up) o
vj hzlehexp — 2 A< j<p an
- h
.gq=ntmq , .
X1s % Xns Vs s Vo p RBF
0, - Gpo
X L.
u= (12) ;
Y
T
Vv = [l‘}“la Tt #}J (13) o
RBF
6(1) < <
(D ke 1< k<< P
D
’ 0.3 0.05 0.02
2 , 0.4 0.15 0.12
y(l)_ 0.5 0.25 0.23
’ - 0.6 0.42 0.40
3 0 1<k<p €D 0.7 0.65 0.63
0.8 0.86 0.85
D 0.9 0.98 0.99
M 1< k<< p. 1 0.99 1.00
D
‘u(l) _ (p'l(l)v ey ‘U.;D )T’ y(l) RBF , .
el ; ;
ox(l)’y(l) RBF .
x(l)
Tl Y RBE 5
y
. RBF
’ ° ’ My
1< k< p. ,
a Cu— up) . RBF
My = Ethexp 2 ) 1<k<p D
h
’
o s
s o
4 o
. . (D [ ] Thompson Michael I, Kramer Mark A. Modeling chemical processes
. 2) . 3) . RBF using prior knovledge and neural networks[ J] . AIChE Journal of
Process system Engineering, 1994, 40(8): 49— 502.
° 3 ’ [2] Ruan RR, Almer S; Zhang]. Prediction of dough theolbgical proper-
3 H 8 ’ 6 ties using neural networks J] . Cereal Chemistry, 1995, 72 (3); 7—
2 . H=38 . 13.
[3] Zhang David D. Neural networks system design methodology[ M] .
20 , 5 )
5 5 Peking: Tsnghua University Press. 1996. 1— 7.
[4 . [ M.
> 3 » 1993, 34— 42.
s 4 [5] Leonard James A, Kramer mark A. Radial basis function networks for
y 5 . 38 chssifying processifying process faulty J] . IEEE. Apnil 1991

(R R HE)



4 " 449 -

&Power . — 2000, 15(4). —420~422, 431

Turbogenerator failures and malfunctions are often caused by a multitude of factors. Some of the failures can hardly be i-
dentified and detected by solely relying on frequency spectrum features. Moreovers the variation in the turbogenerator
load, phase and the rotor surface temperature can also sewe as vital infomation for identifying and detecting its failures
and malfunctions, though their influence on the latter may be a strong or weak one. A systematic analysis is conducted of
the effect of various symptom groups on the emergence of turbogenerator failures and faults. By the selection of different
symptoms for different failures a single diagnosis network model has been set up based on the use of a sub-network tech-
nology . This has effectively resolved the problem of symptom function edundancy and insufficiency. An experimental ver-
ification of the model was also fulfilled by a series of illustrative examples. Key words: vibration, thermodynamic param-

eter; failure diagnosis, sub-model; neural network

= Simulation of a Gas Turbine Dynamic Process on the Basis of a Neu-
ralNetwork[ , ]/ ZENG Jin, REN Qing-sheng, WENG Shi-lie, SUN Wei-rong (Applied Mathematics Depart-
ment, Shanghai Jiaotong University, Shanghai, China, Post Code: 230030) // Joumnal of Engineering for Themal Ener-
gy &Power . — 2000, 15(4). —423 ~425
The digital simulation of gas wibines features a variety of advantages such as a high performance-to-cost ratio and a high
simulation accuracy, etc. However, the traditional simulation modeling method often suffers from an inability to simulta-
neously meet the requirements of gas tuibine simulation precision and real-time function. In view of this, the authors have
conducted a huge amount of exploratory work wnceming the construction of neural netwoiks with a large sample space as
well as an intensive study on the network leamning acceleration method. As a result, they have eventually succeeded in
introducing the neural network technology into the simulation of gas turbines, resulting in the constmuction of a new simu-
lation model. This has led not only to a higher simulation precision but also to a retaining of the system original smooth-
ness. Furthermore, it has also satisfied the system real-time function. Key words: gas turbine, simulation, neural net-
work, BP algorithm

RBF = Failure Prediction Based on Both Fuzzy Mathematics and a Radi-
al Basis Function (RBF) Neural Network [ ., |/ BI Mei-hua, XIAO Li-chuan, XUE Guo—~xin (Computer Depart-
ment, Jiangsu Petrochemical Institute, Changzhou, Jiangsu, China Post Code: 213016) // Journal of Engineering for
Thermal Energy &Power . — 2000, 15(4). —426 ~428
It is of crucial importance to have the ability to predict incipient and potential failures of a power plant or chemical engi-
neering pocess unit during its operation by tracing the development trend of relevant variables. A comprehensive research
has been performed in this regard, and a series of promising results have been attained, especially regarding the applica-
tion of intelligent software for coping with the relevant issues. However, all the traditional methods are mostly based on
the analysis of failure modes. In this paper proposed is a fuzzy mathematics-aided method with the use of RBF neural net-
work method to identify failure symptoms. Satisfactory results have been obtained when the proposed method was used to
predict the failure of a coal-fired boiler. Key words: failure prediction, fuzzy mathematics, radial basis function (RBF)
neural network, coal-fired boiler

Elman = Internal Model Control Based on an Improved Elman Network
and its Applications[ . ]/ MA Baoping, XU Zhi-gao (Power Engineering Department, Southeastern University,
Nanjing, Jiangsu, China, Post Code: 210086) // Journal of Engineering for Thermal Energy &Power . — 2000, 15
(4). —429~431
To achieve a better use of the neural network-based internal model control on higher order objects, the present paper pro-

poses .an internal model contwl system based on an improved Elman network . . Furthermore, with the temperature of a bed



