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Evolving supply chains
necessitate revolutionizing
critical mineral processing.*
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packs, oil field brine, and seawater, respectively. Data
point colors correspond to geographical locations.’

Membranes can offer
environmentally responsible
processing routes.*

Conventional technology
requires significant resources.

Opportunities for
Process Intensification
with Membranes

Mining/ Beneficiation/ Chemical Separation/
Extraction > Prg-t.reatmgnt > Extraction > Purification
(open pit, in situ, (grinding, crushing, (acid leaching) ! (solvent extraction,
recycling collection) froth floatation) acrd feaching | precipitation)
|
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Bi-directional feedback across scales
de-risks technology development and
scale-up.!
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Supply Chain Optimization

Stochastic programming
iIncorporates uncertainty into
optimization with economic and
environmental objectives.34

Figure: Fattahi

Process Design and
Optimization

Superstructure

Pareto Tradeoffs

Opportunities for Process Intensification with Membranes to Promote Circular

PROMMIS

Process Optimization and Modeling
for Minerals Sustainability

| Plant (K) | [ Port(L) | | Customer (M) |

65

Selected mining
facility

O Selected plant
ed por

T
O Unselected facility

Figure: Canales-Bustos et al.
- i K| IL| KK’ |-e—[K’L’| IL"M|

650 | 350 100 500 ' 400 | 400 | 100 | 100 | 300 |

Superstructure optimization enables rapid design of
customizable membrane cascades, simultaneously
evaluating tradeoffs in ion recovery.®

An Optimal Design

=
o

Co rich product Co rich product Co rich product

i_

——— 10 stages

N

Ny

Li-Co 2 ,
feed ~ 0.8 .
S NN Y —
“— atage \ e’ Recycle
© 0.6
LAAA A A AAA AA A A AdAA L>- ‘ ‘. “i
= 0 el I N g g e | : A N Q H i @ i ':
S 0.4 Isotroplcscatscaﬁlgs with i
o o o o o o - --W... ...mn amfrEE e o o o o o 8 G=SA= 0—.5 E
_l 1(2 M_J o 0.2 Co U 5 i
| "’St"a’ . '1' _| | . . Ry ""'"I | -hSta . :l _|1 No. stages ;
J ~23 0.0 o1l o3 e5 e 7 e 10 St ” St 3
Li rich product . age age
g 00 02 04 0.6 0.8 1.0

Figures: Wamble et al.

Increasing Experimental
Efficiency

Process systems engineering
automation techniques push
towards self-driving laboratories.87

Optimizing Membrane
Modules
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Machine Learning
Accelerating Material Design

The large design space of
membranes?® is efficiently explored
with machine learning techniques

such as Bayesian optimization.?
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| Computational fluid

dynamics optimizes the

o ~~  transport and flow profiles
within membrane devices.3
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