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Abstract: Data from industrial field usually possess nonlinear feature and contain outliers; modeling with nonlin-
ear partial least squares(PLS) method may suffer from these outliers. For this case, combining with radial basis func-
tion(RBF) networks, we present a nonlinear robust PLS method based on the projection pursuit. First, the nonlinear
relationship between independent and dependent variables is changed into a linear one by RBF transformation. Then, pro-
jection pursuit algorithm is employed to extract the robust PLS components of transformed independent variables. Finally
a robust linear regression model is established between robust PLS components and the dependent variable. Applying the
method to the soft-sensor modeling for pH value of raffinate solution in hydrometallurgy, we validate the effectiveness by

the results.
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Fig. 1 The flowchart of nonlinear robust PLS algorithm

based on projection pursuit
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Table 1 Comparing prediction results
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Fig. 2 Prediction values versus measurement values
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