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Abstract : In-this paper, a desgn schemefor thrust estimator was proposed based on K-
means clustering and reduced least squares support vector regresson. Firstly, the K-means
clustering algorithm was utilized to cluster the data in the full flight envelope, and the, a
sub-estimator was designed in each cluster using the recursve reduced least squares support
vector regresson (RRLSSVR). In the process of desgning the sub-estimator with RRL SS
VR, the Cholesky factorization was utilized to replace the original iteration methodfor achie-
ving higher numerical stability. Finally, the smulation experiments show that the thrust es
timator can satigy the requirement of direct thrust control for aeroengines, and as compared
with other scheme for thrust estimator , the proposed scheme in this paper is also superior.
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Table 1 Detailsabout each sub-estimator
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10
513 926 495 548 505 500 514 390 381 287
112 185 101 97 100 98 103 81 75 57
45 75 40 55 50 40 40 40 95 35
C 220 220 220 220 220 220 220 220 220 220
y 0.6 0.4 0.4 0.4 0.5 0.8 0.6 0.6 0.3 0.5

Table 2 Information statistics of thrust estimation results

/1073 /10°° /10°° /10°° fms
L SSVR 1.86 4.86 14.1 8.54 10.66
RRL SSVR 1.73 19.9 26.7 27.1 1.05
LSSVR 1.48 4.21 8.70 6.78 10.66
RRL SSVR 1.82 18.0 23.6 24.5 1.05
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