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The kernel Fisher discriminant analysis-order regression machine
multi-class classification modeling method based on time point partition
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Abstract: To tackle the multi-class classification problem of multidimensional time series, we present a kernel Fisher
discriminant analysis (KFDA) and order regression machine (ORM) multi-class classification model based on the time
point partition. The classification decision function of this method is obtained from the complementarities of KFDA and
ORM. The time point segmentation is used to deal with the multidimensional time series of the samples. The classification
level at each time point is determined by the decision function. The final classification results of the samples in the sampling
period are obtained by using the exponential smoothing. The experimental results show that the algorithm has desirable
results in the classification of multi-dimensional time series, and provides an effective multi-class classification model.
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(24)

TEFRHCTI T, A a )38 38 A8 R I e 30 1D 45040 T
TR R R, a1 5 BB AT ARk A 3%
i), S SCR FH A% 5 VE R 43 AR AR KR 3 P 0 4
FE BT IIAL B, Ao A 25 BT & FLSE.
3.6 BB (Steps of the algorithm)
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Y 3 ) bR il — AR )L B (14 SR T =
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4 SZE(Experiments)
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Fig. 1 The characteristics of the data extraction on the first
two axis of KFDA
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Fig. 2 ORM classification results
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4.2 i E5 851 Hr(Simulation results analysis)
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Rt SVM PCA+KFDA LDA+SVM PCA+SVM KFDA+ORM

W% /% 88 91 92 96 98
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5 45 (Conclusions)
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