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Abstract:

time, precise and reliable dynamic model of liquid propellant rocket’ s propulsion system. The feed-forward neural network if’ success

It is not only very essential for control system design but also for failure detection and diagnosis to set up a reak

fully trained, ean map the inputs to the desired outputs, so recent years have seen an extensive amount of research to explore its ap
proximation properties. On the basis of studying RBF ( Radial Basis Function) neural networks’ theory and system mechanism, a nom
linear dynamic neural networks” model with multrinputs and multi-outputs for liquid propellant rocket’ s propulsion system was built.
During the modeling, necessary dynamic information was included and parameters of model were also welk chosen. The contrastive re-
sults of outputs of the model and measuring data of one real test-firing demonstrates that the model is of many advantages, such as

short computational time, better reaktime property and good precision. The model is very well fit for the applications of real time conr
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dition monitoring, fault diagnosis and control system design of liquid propellant rocket’ s propulsion system.
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Fig.1 Model structure of neural networks

dx

x= (xl(t)vxl( £J9 ”’9x~( )) x>- E-

y= () (1), 32(0)5 s ya(0) o= G (D)
= (00", V= (y, 37, AR AR

U1 H 4P 3
F:X ER" T YER™ (2)

He x RRWMASEL, > A BN BN E
(REZH , y ot 28 > i S HE
Eon, m AN MARHEELE RGNS HEE. X
B, EFR— MRS o, BE AT DL S S5O & A2 1
KEZ, AN XATLLRG S B BB (B ER),
XN TR S R AR BORT 2R 4 g 0 A0 42 i Sk 56 4
ZtaaFr. ok, hFEEd RS NEE
B N4 T, R T 20 A B 2R ) R o A S e 6 15 31
ERGE. AR, BT T E3RE
3 Y>EENSE B, B R A, A SCE A
PR B 6] B 11 B A =k 2 T U4 A RS A 1 30 38
{5 B x>'v>%l 1

XAk mﬁiﬁ%?}ﬁ, BE BT T REALE
BN X(ER™) M Y( ER™), W — A7 1E 5
— st g, fi

g(X)=Y (3)

IUAE B SRR HY P 28 WS f, MEAS AR SRR R

(BH BN, f g KRR,
3 HEMKIEFESINSEE

i 7E R BRI IR R 2 P BRI T v, 1 e e
28453 1 AT Z B8 A, H A BP( Back- propagar
tion) [ £% f1 RBF( Radial Basis Function) [% 26 /& . A f%
AP LR WERR BT, RBF M4 A0
BP %X 28 — £ A i AULAE ] ) 8 4 A 2 Y pR B, P I
FEEZEHNEET & (8 FIAS R 1 3805 BR %, BP W 2% Hh i)
S22 ol P 1100 A S S 0l R B, G0 Sigmoid bR L,

e pR BB AR A\ 22 B) R JE BROK VG R A R AR A, T
RBF [ 2% FH (/5 i e 5002 R B 1, dnfel 2 B .
& .__‘m
0.5

0833 0] +0.833 >

Fig.2 Transfer function of RBF networks node
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Fig. 3 Comparison on training speeds
of basic BP, modified BP and RBF networks
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Fig. 4 Training error’ s variation of model
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Fig. 5 Comparative analysis of model outputs and real test values

[4] 4HEERE, XIE B, TKIRMG, T KE KDL R G0l 0 sk i
LI S T[] . HEBEEIR, 1993, 14(6) .

[5] Saravanan N, Duyar A, et al. Modeling space shuttle main en-
gine using feed forward neural networks[ J]. Journal of Guid-
ance, Control and Dynamics., 1994, 17(4): 641~ 648.

[6] Whitehead B, Forber H, Ali M. Neural networks approach to space
shuttle main engine health monitoring] R]. AIAA 90-2259.

[71 Nomman A, Maram J, Coleman P. Development of a real time

model based safety monitoring algorithm for the SSME[ R].

AIAA 92-3165.

[8]

[9]

[ 10]

Avampato T J, Saltiel C. Dynamic modeling of starting capabili-
ties of liquid propellant rocket engine[ J] . Journal of Propulsion
and Power, 1995, 11( 2) : 292~ 300.

B G2, 1R PR BRI 2 AN e 2 ) 2% 1 AR S R A
[M], Jb5T: i K AR A, 1996.

Chen S, Cowan C F N, Grant P M. Orthogonal least squares le-
arning algorithm for radial basis [unction networks[ J]. IEEE
Transactions on Neural Networks, 1991, 2 (2): 302~ 309.

(%4 ARR)



