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Subspace model identification for industrial processes
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Abstract: Subspace model identification (SMI) methods, a new class of black-box algorithms to setting up a linear state
space model directly from input-output data, have drawn much research attention recently. Compared with the classical
linear system identification methods, SMI methods are attractive not only because of their numerical simplicity and stability,
but also their availabilities for the state space form. In this paper, the basic idea of SMI methods and three basic algorithms,
i.e., N4SID, MOESP and CVA, are briefly addressed at first. Then comparison between the SMI methods and the classical
system identification method-PEM (prediction error methods) is made based on the same data sets collected from a real

industrial process.
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Table 1 Performance comparison between SMI and

PEM for feed mixing tank
Bk B/ s €
PEM 9.9 0.563
CVA 4.0 0.606

MOESP 3.1 0.927
N4SID 0.2 0.631

k2 PACRLE L SMI A2 PEM 77 ik fg Hodk
Table 2 Performance comparison between SMI and
PEM for oxidation reactor
AT Al s €
PEM 77.6 2.269
CVA 9.3 2.668

MOESP 8.8 3.933
N4SID 7.4 1.678
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