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Soft Sensing for pH Value of Raffinate Solution Based on

Nonlinear Partial Robust M-regression
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Abstract
(RBFNs) and partial robust M-regression (PRM) is presented to solve the robust nonlinear system modeling problem.

A nonlinear partial robust M-regression (NLPRM) modeling method combing radial basis function networks

First, an extended input data matrix is formed by RBF transforming. Then, PRM algorithm is used, so that through
iterative computation, consecutive weights are adaptively distributed to transformed data to diminish the effects of outliers
on modeling. Simulation experiment is performed to show the effectiveness of this method. And it is utilized to develop
a soft sensor model for pH value of raffinate solution in hydrometallurgy extraction process, and highly precise prediction

results are obtained compared with partial least squares (PLS), PRM, and RBF-PLS methods.
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