
Surrogate-based optimization

Is it possible to model and optimize 

chemical processes accurately using 

simple surrogate models?

In this context, we identify the most 

appropriate surrogates to simplify the 

leaching flowsheet of rare earths:

Surface approximation

What surrogate modeling techniques are 

the most appropriate for the leaching 

process?

Techniques investigated:

• ANNs

• LASSO regression

• ALAMO (linear, quadratic and PCE-3 

models)

• Polynomials, RBFs, kriging using 

PySMO

Linear vs. Quadratic ALAMO models 

    a) Linear       b) Quadratic

Optimization results

• Correct solution point with little 

deviation in the objective

• DFO requires 1 order of magnitude more 

measurements and 3 orders of 

magnitude more CPU time than SBO

• SBO is two orders of magnitude faster 

than EO

Conclusions

• ANNs, kriging, RBFs are not practical

• Quadratic surrogate models are the 

most appropriate

• DFO and EO are up to 3 orders of 

magnitude more expensive than SBO

• Future work will address more complex 

processes and additional surrogate 

modeling frameworks

Evaluation of Surrogate models

Performance metrics

• All models have very good predictive 

ability

• Training times are 2-6 orders of 

magnitude larger for complex models

Model complexity

• ANNs and RBFs include up to three 

orders of magnitude more model 

parameters than the polynomials

• The inherent complexity of kriging 

models is not depicted by the number of 

parameters
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