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Soft sensor modeling for multimode process based on adaptive efficient
recursive canonical variate analysis
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Abstract: Because of the mean shift and covariance changes between process modes, the basic assumption of Gaussian
distribution for the multivariate unimode processes does not hold for the complex multimode processes. Disadvantages of
soft sensor based on recursive modeling approach for multimode processes include the following two points: first, recursive
methods have difficulty in timely tracking with the changes of multimode processes; second, the online computational cost
of recursive modeling becomes much more expensive. To solve these problems, we propose a soft sensor for multimode
processes on the basis of the adaptive efficient recursive canonical variate analysis (AERCVA) modeling approach. First,
the exponential weighted moving average is adopted to update the covariance of past observation vectors. Then, the variable
forgetting factor based on the norm of output residuals is used to track the changes of the multimode process. Finally, the
first order perturbation (FOP) is introduced to realize recursive singular value decomposition (RSVD), the computation cost
of RSVD is significantly reduced in comparison with the conventional singular value decomposition. The proposed method
is validated in the Tennessee Eastman benchmark process. Simulation results demonstrate the feasibility and accuracy of
the proposed method.
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2 PVEAZE 3 HT(Canonical variate analysis)
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state vectors based on first order perturbation
theory)
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iable forgetting factor based on the norm of out-

put residuals)
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Table 2 Imposed modifications
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1 50/50 22.89
2 70/30 19.45
3 40/60 19.45
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Table 3 Selected variables as inputs
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11 TR B AR S
12 RIS B2
13 RIS B ERIE T
14 R B2 R
15 TRIBESRAL
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22 AR A EIKH DR

P F / mol%

B 1 AR = e

Fig. 1 Three-dimensional data characteristic of different

operation modes
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Table 4 RMSE and R? on the testing set of

the TE process
#3774 RPLS RCVA AERCVA
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5 458 (Conclusions)
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