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Introduction
Motivation

Wahrscheinlichkeit
Arsen > 10 pg/I

[J] 0-25%
[125- 50 %
[0 50- 75 %
E 75-100 %

 Purification of drinking water

* Microbiologically safe (free of bacteria etc.)

* Free of heavy metals (arsenate, chromate)
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Introduction
Motivation

Postmodification of Ultrafiltration Membranes

» Can be operated at low TMP (<0.5 bar)

Adsorption

* Flexible introduction of different adsorbing
chemical groups

» Positive Charges by usage of amine groups

« Functional groups covalently bond to polymer
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Modification strategy
Electron beam modification

Background electron beam modification

Wetted Modified
Membrane membrane membrane
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Membranes soaked in Irreversible bonding by electron
modification solution beam irradiation

Electron Beam
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https://uvebtech.com/articles/2015/modification-of-polymer-substrates-using-electron-
beam-induced-graft-copolymerization/ (03.12.2020)
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Modification strategy
Electron beam modification
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« Can we model/optimize the membrane modification?

« Can we predict new membrane modifications?
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Application of Machine Learning * 0= M2(sm. Pores), 1 = M1(big Pores)
. . quaternary amines = 14
Feature Engineering
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» Concentration of the solution (0.5-20 wt%) c [0.5...20]

9
Data Acquisition

& Cleaning « Chosen membranes » « Membrane [0; 1]*
* Irradiation dosis (150 kGy vs. 200 kGy) » * Dosis [150; 200]
» Modification substance , * pKal0...14]*
« Acryl [0; 1]
-> Each modified membrane gets a unique _
set of features to describe the modification * Methyl J0.1]
hereon
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Application of Machine Learning
Feature Engineering

Model Building:

Prediction
Evaluating

Model

Feature
Engineering

Data Acquisition
& Cleaning

« Small amount of data (~50 unique membranes)

- - - sed)
- Artificial Neural Network

ot N Output:
; Zeta-Potential
7/6 Features I OR
P . -
42/51 Datapoints Permeance
2Hidden ) \eurons 16 Neurons
Layers:

50 Epochs; upto 100 training cycles

Supervised Learning Approach:
« Each unique feature combination (membrane) is

combined with a label/output value (zeta-potential/ ‘J I

permeance)

» Possibility to extra-/interpolate
» Possibility to prediction new substances, if describable
with features
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Application of Machine Learning
Prediction of New Membranes a) |
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*Mean value of 100

Application of Machine Learning n |
PrediCtion Of NeW Membranes predictions per point
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Application of Machine Learning
Prediction of New Membranes

Can we predict new membrane modifications?
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Outlook

Generalization

Can we predict new membrane modifications?

MAP4 encoding of jk

Modification substance

r1: O=c |15|c(c)c

eTNY r2: O=c(c)[nH]|15|c(cc)ce

MAE = 185.22 LMH/bar
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« Small and medium data sets can be applied in machine
learning

* Regression models and neural networks showed high
accuracy

* Low computational time
» New modification substances can be predicted

» Generalization possible
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