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Abstract
process of product processing are closely related to the output of the process control system; their dynamic models between

The major operational indexes such as quality, efficiency, cost, energy and material consumptions in industrial

the operational indexes and the output of the process control system are often nonlinear and with unclear structure nature
generally. Therefore, it is difficult to obtain an accurate model. However, the prediction of operational index is of great
significance to the operational operations. In this paper, based upon the characteristic that complex industrial systems
often work near an operating point, the dynamic model between the operational indexes and the output of the process
control system is represented by a linear model plus a higher order nonlinear term (unmodeled dynamics). With the
above development, an alternating identification algorithm which consists of improved projection algorithm for the linear
model and an estimation algorithm for unmodeled dynamic are proposed. Finally, through simulation study and a power
forecast experiment using real data of an electric-melting magnesia furnace, the effectiveness of the proposed algorithm is

justified.
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