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Multivariable chaotic arithmetic for aero-engine performance

forecasting based on boundary values
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Abstract. Firstly, the boundary values of exhaust gas temperature (z,) was extracted

from the original exhaust gas temperature data series . Further analysis on the boundary

values data series indicated that there existed a chaos feature in it. Then, chaotic forecas-

ting arithmetic based on multivariable phase space reconstruction was established to forecast

the data series. Finally, by comparing the series with the red line, the condition of aero-en-

gine was defined. The proposed arithmetic was verified through some type of aircraft aero-

engine ¢, data series obtained from actual flight. The result shows that the proposed arith-

metic can reduce the time complexity and has a better forecast accuracy in the prediction of

outliers. It can be used as a supporting model in the decision making of this aero-engine fault

forecast.
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Table 1 Data series of performance parameters

EGT(t,)/ w/
C T b/

1 10088. 6 382.3 80.5 84.6 7560
2 10088. 6 381.9 80. 4 85 7255
3 10088. 8 384. 6 80 83.9 6607
1398 10088.8 408. 2 81.1 85 6734
1399 10088.8 413.7 79.5  84.9 7667

1400 10088.6 386. 9 79 85.3 7801
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2

Table 2 Characteristic values of performance parameter

Lyapunov

EGT(z,)/C 1 9 0.11
n 1 9 0.05

n, 1 10 0.07
wi/(1b/h) 1 14 0.07

Lyapunov ,

My 57y 5 Wy Leg ,

T, = (9
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Table 3  Actual and forecast values of f., (unit: C )
leg =M log Wi leg =1 ~Wp leg =N ~Wi Leg =N ~ N ~Wi
1 413.8 403.9 410. 6 413.4 419.0 417. 403. 2
2 413.8 407. 8 402. 3 412.1 412.8 442, 441.9
3 402. 8 407.7 405.0 422.0 389.4 393. 410.4
4 401.7 406. 9 411.3 364.9 413.8 402. 408.0
5 391.4 402.7 403. 8 379.2 396.9 422. 383.4
6 387 396.2 397.4 369.8 376.8 358. 364. 3
7 450 398.5 450. 9 416.0 431.1 432. 432.8
8 469. 2 407.5 401. 4 447. 8 434. 2 436. 439.5
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Table 4 Correlation of the variables ’
80 2 )
leg n Ny Wy
Leg ’
Leg 1 0. 37 0.62 0.31 2)
n 0. 37 1 0.76 0.02 ,
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