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Abstract: A novel aeroengine lubrication monitoring method based on support vector ma-
chines is presented in this paper. Basic theory analysis of support vector regression in time series
forecasting is introduced in detail and a multi-step forecasting formula is presented ,Final Predic-
tion Error (FPE) principle is suggested to select the embedding dimension. Compared with gener-
al autoregressive forecasting method it adopts new type of structural risk minimization principle
and thus it owns excellent generalization ability. During numerical simulations, we infer that Au-
to-Regressive (AR) forecasting method is suitable to short intervals while Support Vector Ma-
chines (SVM) still possesses good robustness and fault-tolerant virtue in metaphase intervals

forecasting. Finally,some typs of aeroengine’s lubrication metal content have been monitored for

feasibility validation and test results are satisfactory.
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Fig.1 Architecture of support vector

regression machines
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Fig. 4 One step ahead forecasting results
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Table 1 Forecasting step ahead and mean

relative error

WM svm AR
1 0. 0009 0.1285
2 0. 0025 0.1618
3 0. 0131 0.1741
4 0. 0653 0.1923
5 0. 1525 0. 2157
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Table 2 Single step ahead forecasting mean relative error under different

parameters selection condition

e 3 il o) € o Ty iRE
1 1000 0.005 0.5 0.0053
2 10000 0. 005 0.5 0. 0053
3 100000 0. 005 0.5 0.0189
4 1000000 0. 005 0.5 0. 0673
5 10000 0. 0001 0.5 0. 0009
6 10000 0.001 0.5 0. 0022
7 10000 0. 005 0.5 0. 0053
8 10000 0.01 0.5 0. 0107
9 10000 0. 0001 0.25 0. 0025
10 10000 0. 0001 1.5 0. 0019
11 10000 0. 0001 3.8 0. 0028
12 10000 0. 0001 5.0 0.0153
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