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Abstract: A fast leave-one-out cross validation method was presented to provide a crite-
rion for kernel-based extreme learning machine (K-ELLM) used for sensor signal reconfigura-
tion of aero-engine. The procedure can avoid N times explicit training (N is the number of
training samples) so that the computation cost was reduced 1/N when compared with normal
leave-one-out procedure. Simulation results show that this method can provide a fast and ac-

curate criterion, allowing to select best kernel parameters for K-ELM,
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Table 1 Estimate time for sinc dataset (unit:s)
FEA e
Bk
500 1000 1500 2000 2500 3000

LOO 0.7491 7.7227 33. 8026 74. 1476 151. 0138 277.2857

10F 0.1641 0.7006 3.1656 2.9968 5.1389 8.0324

FLOO 0.0851 0.2268 1.2960 1.4037 2.5874 3. 8879

% 2 Boston housing [ #E & {4 i+ 5 &
Table 2 Estimate accuracy for Boston housing dataset
RBF figk At A% R K

! Gioo Giioo Gt Gioo Giioo Gior
102 0.416 20 0.45100 0.43200 0.20877 0.22111 0.19978
10! 0.26079 0.27346 0.37001 0.10276 0.11406 0.11424
10° 0.09068 0.09078 0.16412 0. 08604 0.07717 0.10308
10! 0.07475 0.07676 0.10137 0.07375 0.07170 0.10302
10* 0.10673 0.10885 0.11301 0.06916 0.07259 0.10328

% 3 Abalone H{IFEFHITHEE
Table 3 Estimate accuracy for Abalone dataset
RBF ife BT A% R KX

! Gloo G[loo (}1(1[ Gloo (}[loo Gl(\[
1072 0.26021 0.26066 0.26153 0.17534 0.18874 0.18383
10! 0.12178 0.11851 0.12364 0.09174 0.09623 0.09939
10° 0.09149 0.09316 0.09912 0. 08744 0.09188 0.09720
10! 0.08934 0.09218 0.09720 0. 08961 0.09215 0.09930
10* 0.09441 0.09493 0.09888 0.09367 0.09308 0.09941
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