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Abstract

Given the complexity of the wastewater treatment process and the difficulties in online instrument mainte-
nance, soft measurement with the use of a computer has become a valid way to evaluate the performance of the
wastewater treatment process. We propose a novel online soft measuring model based on multi-attribute Gaussi-
an kernel function FAST relevance vector machine (MAG-FASTRVM). This novel model establishes a Bayes-
ian matrix with MAG kernel functions and accelerates the update speed with fast marginal likelihood algorithm.
Experiment results verify that the proposed model can reduce the number of relevance vectors and improve pre-

diction accuracy compared with the support vector machine, the relevance vector machine, the FASTRVM, and
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several multi-kernel function FASTRVMs. The computation time of modeling is also significantly reduced. The

proposed model is effective for online soft measurement in the wastewater treatment process.
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Fig.2 Contrast curves of the absolute values of the BODy prediction errors
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Fig.3 Contrast curves of the absolute values of the COD prediction errors
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MAG-FASTRVM and its contrast models

RUIKERS PR MOCEA K /A BT /s
SVM 0.017 4 75 340.249 1
RVM 0.021 8 60 36.057 76
FASTRVM 0.034 2 36 25.477 286
MUPL-FASTRVM ~ 0.043 0 25 19.545 296
C-FASTRVM 0.034 5 33 24.800 076
MAG-FASTRVM ~ 0.039 6 21 17.051 350
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Tab.5 The COD online prediction results from the
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C-FASTRVM 0.041 8 20 28.515 41
MAG-FASTRVM ~ 0.039 4 7 14.953 07
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