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Introduction

The currently and since years growing water demand worldwide, together with new and more
strict  regulations  for  potable  and  waste  water  levels,  lead  to  the  need  of  better  cleaning
technologies  to  decrease  the  concentration  of  micropollutants  (pharmaceutical  active
compounds,  endocrine disrupting compounds,etc)  in  water  streams,  whose properties affect
environmental  and human health.  Membrane-based technologies (nanofiltration and reverse
osmosis)seem better positioned to remove trace contaminants than conventional techniques.[1] 

There are several  parameters involved in membrane synthesis,  including compositional and
non-compositional. Multi-parameter optimization strategies are extremely useful in membrane
technology  to  minimize  time  and  material  consumption  to  develop  better  performing
membranes.  Combinatorial  synthesis  refers  to  change  in  the  nature  of  the  compositional
parameters.  High-throughput  experimentation(HT)  enables  rapid  and  accurate  collection  of
large  data-sets  essential  for  the  implementation  of  combinatorial  synthesis  together  with
miniaturization (cost, waste reduction).[2] Combinatorial techniques have been used already in
the  pharmaceutical  industry,  material  development  and  catalysis  leading  to  successful
implementation and great revolutionary impact. Its combination with membrane technology is
still incipient but promising to direct membrane synthesis towards better separation properties
(selectivity) of the targeted compounds combined with useful fluxes. 

Objectives

-Optimize polymeric membranes for salt and micropollutants removal in aqueous streams.

-Explore  compositional  and  non-compositional  parameters  of  membrane  synthesis  in  such
membrane optimization strategies.

-Compare different multi-parameter optimization strategies and machine learning methods to
optimize  membrane  performance  (permeability,  selectivity)  for  these  applications.  Evaluate
which one leads to faster convergence and better results.

Methods

Polymeric  NF membranes will  be  prepared  via  phase  inversion.  Their  performance  will  be
evaluated to retain ibuprofen from water. Ibuprofen is selected as one of the smallest molecules
from relevant micropollutants currently present in drinking water. Its succesful removal would
most  probably  also  allow  retention  of  all  other  possible  micropollutants.  High  performance
composite RO membranes will  be prepared by interfacial  polymerzation for see or brackish
water  desalination.  The  parameters  to  be  optimized  will  refer  to  membrane  composition
(polymer concentration, solvent) but also for first time, on the level of the membrane synthesis
process and post treatment (temperature, annealing time), which via classical research have
proven to have a great impact on membrane performance.

Genetic Algorithms (GA), Artificial Neural Networks (ANN) and Active Learning using Gaussian
Processes  (GP)  are  different  multi-parameter  optimization  techniques.  GA,  the  combination
(hybrid) of GA with ANN, and GP will be compared to evaluate which approach leads faster to
the best optimum. GAs are stochastic search techniques inspired by the principles of natural
evolution.  If  a  membrane  is  experimentally  found  to  be  more  successful  it  will  have  more
offspring and more variants (generated by mutation and crossover) of it will be tested in the
following experiments. ANNs are data mining techniques used to model complex functions in



multidimensional spaces and can be trained using earlier observations. A GA can be combined
with an ANN in a hybrid process where the neural network models the fitness of the individuals
of the GA. The model is used to avoid doing experiments defined as very unpromising by the
ANNS in the next generation. This hybrid approach has already shown advantages over the use
of only a GA[3] by reducing the population size and the number of generations. Active learning
has recently been introduced into the field of  function optimization using Gaussian Process
regression as the underlying predictive model. GPs are a fully Bayesian probabilistic modelling
framework. A key property of a GP model is that it provides both a prediction and an uncertainty
interval,  hence allowing the active learning strategy to  explicitly  trade off  exploration of  the
search space against exploitation of the knowledge gained through previous experiments. This
results in finding the optimal points in a smaller number of experiments.
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