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Fig.1 The flow diagram of MKL algorithm based
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Tab.1 The test results of one-variable function

based on different /,-norm static MKL
P E'ms En t/s

1 0.008 1 0.072 4 0.985 2

4/3 0.006 4 0.052 7 0.744 3

2 0.005 0 0.038 1 1.016 5

4 0.004 1 0.024 4 0.999 5

o 0.003 6 0.018 9 1.178 9

k2 BRERBAELFA - BETHFH
HENHASEZHFAMNKE R (w=

50)

Tab.2 The test results of one-variable function
based on different /,-norm dynamic
MW_MKL (w = 50)

P Erms/1071 E. t/s

1 2.370 4 0.001 6 5.833 9
4/3 1. 808 6 0.001 1 4.632 7
2 1.331 5 0.000 8 5.268 6
4 1.037 7 0. 000 5 4.072 2
o 0.783 6 0.000 3 9.605 8

M 3 R 4 AT LUE AN [R] T A% pR AR, A
RUFUIN ORI A S BEE p (HIHE R4, p
B /N Bl A K A () 1 BE R 2 PR AR, p=4/3 I,
A5E A 10 T A0SR A . [RIRE T L3R 3 AR 4, AT LA
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Tab.3 The test results of multivariable function

based on different /,-norm static MKL
P Eimns E. t/s

1 0.019 7 0.063 1 4.288 1

4/3 0.019 4 0.061 3 3.067 9

2 0.020 3 0.069 8 2.9379

4 0.021 2 0.065 1 2.924 3

©0 0.022 3 0.071 6 3.172 2

4 ST EBERBEFRL-BETHELHEF
3 A L F SR R (w=50)

Tab.4  The test results of multivariable function based
on different /,-norm dynamic MW_MKL (w =
50)
P Ems/1071 E.n t/s
1 3.764 3 0.002 16 4.013 3
4/3 3.629 7 0.002 03 3.693 3
2 3.855 6 0.002 15 3.932 3
4 3.986 7 0.002 20 3.636 0
4.105 7 0.002 23 4.029 8
5 &4 ik
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Multiple kernel LSSVM modeling algorithm based on moving window

LI Qi", DU Xiaodong, ZHANG Honglie, XING Liping

( School of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China )

Abstract: In order to solve the problem of modeling in the time-varying industrial process which has
lower modeling generalization and adaptation, a multiple kernel least squares support vector machines
(LSSVM) modeling algorithm based on moving window technology is proposed by using multiple
kernel functions. Multiple kernel groups are used to replace single kernel in this algorithm based on
least squares support vector machines, which can improve model’s generalization performance. The
algorithm increases the dynamic recognition ability for the time-varying industrial process and updated
efficiency of model through moving window technology. The simulation result shows that the

algorithm has better generalization performance.

Key words: dynamic modeling; kernel function; least squares support vector machines (LSSVM);

moving window



