H39EHE 1M Erl fie 5l Wil T i Vol. 39 ,No. 1
2024 1 A JOURNAL OF ENGINEERING FOR THERMAL ENERGY AND POWER Jan. ,2024

E T SSA-NARX Ui Z &£ sl sh TS BPR A&

BT, EH AP #!

=4
) i 3
(L. b R@A¥ ARG 50 7 TR Z I, bif 200240; 2. L RBA¥ fEAK # %, i 200240)

W E AT LI A B, R R — A T AREM R F %k (SSA) 4L NARX AV 2 M 2509 ) & 4

WA HHEIRT k. AR SSA 3f NARX M & 9L 51k BT 2R FH LM% L& P &6 580 F 52 ak ;A
FHAC)E 9 NARX M 434730 A AP AM T LA XK EEHT T LMK, 2R KM SSA-

NARX 7 7% 8 24k F NARX #= PSO-NARX 7 %, SSA-NARX 7 sk 694 2% N, ,N, Fo #4358 F (EGT) 5 L 5244

0% K ARSI IR £ B AR S, A AR E 3.81% ,1.24% A2 3. 47% ;sh A4k 1, 5 T, 5 L S{E e M xtiz £ 35 /1

F 5% ;2 10 k3K, RN, N, F= EGT 45X 28 B 34 5 M2 £ ¥ 44 RMSE,, %1% 0.29,0.18 #= 1. 50, #

Ayt RSB BETHAEE K,

X 8 RS KL EIRIKD) R R AL RS B R R 2R W 2% S AR BN

i E 4 B TK231 XERERINAG A DOI:10. 16146/j. enki. mdlge. 2024.01. 023

[SI ARSI, I 22,8 W, %, T SSA-NARX Wi s & hWlah & fetE S8R r ik [ ], #aksh 11 T/ ,2024,

39(1) :205 -215. CHEN Zi-qiao, HONG Jun, XIAO Gang,et al. A methodology for aero-engine dynamic characteristic parameter identifi-
cation based on SSA-NARX[J]. Journal of Engineering for Thermal Energy and Power,2024,39(1) ;205 -215.

A Methodology for Aero-engine Dynamic Characteristic
Parameter Identification based on SSA-NARX

CHEN Zi-giao' , HONG Jun®, XIAO Gang®, WEN Xin'
(1. School of Mechanical Engineering, Shanghai Jiao Tong University, Shanghai, China, Post Code: 200240
2. School of Aeronautics and Astronautics, Shanghai Jiao Tong University, Shanghai, China, Post Code: 200240)

Abstract; A dynamic characteristic parameter identification method based on the sparrow search algo-
rithm (SSA) and nonlinear autoregressive exogenous (NARX) neural network was proposed for the aero-
engine dynamic characteristics modeling. SSA was used to optimize the weights and biases of the NARX
network iteratively to enhance its accuracy and generalization capability; the optimized NARX network
was used for identifying dynamic characteristic parameters; simulation tests were conducted using flight
test dataset. The results show that SSA-NARX method is better than the NARX and PSO-NARX methods

obviously. By the SSA-NARX method, the maximum relative error absolute values §,, between the output

parameters N,, N, and exhaust gas temperature (EGT) and actual values are reduced to 3.81% , 1.24%
and 3.47% respectively; the relative errors between the dynamic characteristic indicators T; and T, and ac-
tual values are less than 5% ; through ten cross tests, the mean values of root mean square errors (RMSE )
of validation resulis corresponding to parameters N, , N, and EGT are 0.29, 0. 18 and 1. 50 respectively.
The accuracy, real-time performance and robustness of the model meet the requirements for simulation.
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