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Abstract: In the seeking control of multivariable aero-engine, general optimization al-
gorithm may find the locally optimal solution. An improved algorithm based on particle
swarm optimization (PSO) and support vector regression (SVR) was applied to aero-engine
stability seeking control, setting the lower limits for surge margin to keep aero-engine work-
ing stably. The working point with minimum surge margin was searched globally. The sim-
ulation results show that the designed stability control algorithm could reduce the surge mar-
gin while keeping the thrust constant and reduce the turbine inlet temperature and specific

fuel consumption effectively.
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Table 1 Results of global optimization by SVR-PSO

PSO SVR-PSO

Sphere (0.139666,—0.122517,0.121828) 0.049359 (1.0576X10"2,—7.8202X10*,2.4726X10"%) 1.18578X10*

Quadric  (—0.057926,0.0250609,—0.067696) 0.0159052 (0.0256529,0.0565367,—0.029581) 0.00924204
Rosenbrock  (—0.717964,0.653253,0.291823) 6.79024 (0.547798,0.290591,0.076 846 9) 0.722528

Griewank (1.77504X107°,—4.43837,5.43321) 0.012321 (0.0630391,0.099811,—0.0835348) 0.0056337
Rastrigrin (0. 955908,0. 043198, —0.0441872) 2.04792 (0.0431981,—0.043198,—0.043198) 1.10388
Schaffer F7 (7.8983,120.122,—148.477) 0.0066756 (—51.3225,—51.378,51.2303) 0.00188329
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Fig.2 T, of intermediate state in optimization
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Fig. 4 s; of afterburner state in optimization
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Fig.5 S, of afterburner state in optimization
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