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Solar Minerology

Developing sustainable energy technologies:   
from minerals to devices

Kesterite Mineral 

Cu2ZnSnS4

Solar Panel



Transparent Electronics

Compounds that conduct electricity and are 
optically transparent 

Copper Wire
IGZO

(InxGayZnzO)
HD-TFT Displays



Metal-Organic Frameworks (MOFs)

Functional porous crystals from organic and 
inorganic building blocks  

Molecular 
Self-assembly MIL-125

Technology
Roadmap



Talk Motivation 

Performance
Cost  

Stability 
Sustainability  

Is computational materials 
design now a reality?

New Materials for 
Energy Technologies
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1. Materials Modelling in 2017
2. From Atoms to Devices



First-Principles Materials Modelling

Structure Properties
Input: Output:

William Hamilton
(Dublin, 1805)

Hamiltonian
(ions and electrons)

Kathleen Lonsdale
(Kildare, 1903)

X-ray Diffraction
(unit cells)

Physical Chemistry 
(stimuli)

Robert Boyle
(Waterford, 1627)



Equations too Difficult to Solve

The Dirac equation doesn’t look too difficult, but here it is in a 
heavily condensed form (thanks to Feynman slash notation and 
tricks from geometric algebra)

Relativistic Quantum Mechanics

“Approximate practical methods of applying 
quantum mechanics should be developed” 

Paul Dirac, 1929



Approximate Theories  

Emergence of Density Functional Theory 

Source: F. Bechstedt – Many-body Approach to Electronic Excitations (2015)



2017 Supercomputers (1017 FLOPS) 

Top500.org Ranking



Exascale Computing (1018 FLOPS) 



Thousands of Interacting Electrons

“With density functional theory as your hammer, 
everything starts to look like a nail”

Chris Pickard (University of Cambridge), 2009



Past: Local Optimisation 

INPUT OUTPUT
Structure Properties
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Past: Local Optimisation 

"Reproducibility in density functional theory calculations of solids”
Science 351, 1415 (2016)



Present: Global Optimisation 

INPUT OUTPUT
Composition Structure
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Future: Materials Design

INPUT OUTPUT

Property Composition 
Structure



Future: Materials Design (USA)



Future: Materials Design (UK)
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Future: Materials Design (EU)



Computational Property Databases

• http://aflowlib.org
• https://materialsproject.org
• http://repository.nomad-coe.eu
• http://materials.nrel.gov
• http://oqmd.org
• http://phonondb.mtl.kyoto-u.ac.jp
• http://www.tedesignlab.org

“We now need a database of databases”
Jonathan Skelton (University of Bath), 2015
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Materials Project (Open Source)  
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Games Are Fun (And Useful) 



Confucius (China, 500 BCE)

Gentlemen should not 
waste their time on 
trivial games -- they 
should study go.



Combinatorial Explosion 

• 19 ⨉ 19 grid
• Black, white, empty
• 3361 = 10172

~ 1080 atoms in the 
universe



Alpha Go

https://deepmind.com



Alpha Go Master (Superhuman)

Late 2016: 
Master beat the world 

number one player Ke Jie
twice, and won 50 out of 51 

games that it played



Inside Alpha-Go

https://deepmind.com

REPRESENTATION EVALUATION OPTIMIZATION

Deep neural network Likelihood of 
winning

Monte Carlo tree 
search

Space of allowed models Scoring function Search algorithm 

Uses machine learning to avoid the need for 
expert knowledge to be coded



From 2D Grid to 3D Lattice  

• 19 ⨉ 19 grid
• Black, white, empty
• 3361 = 10172

• 10 ⨉ 10 ⨉ 10 lattice
• 50 elements 
• 501000 = 101968



Materials Hyperspace

Type and ratio of ions with their arrangement in space 

How to find the optimal materials for:
Property / Performance / Sustainability 



Computational Materials Design

INPUT OUTPUT

Property Composition 
Structure

• Chemical heuristics
• High-throughput screening 
• Data mining
• Machine learning 



Computational Materials Design

INPUT OUTPUT

Property Composition 
Structure

• Chemical heuristics
• High-throughput screening 
• Data mining
• Machine learning 

“Materials 
Genome” 



Predicting Functional Materials (1964)



Machine Learning (1998)



Data Mining (2003)



New Paradigm in Science 
Global Movement Associated with Databases, 

#OpenData and #OpenScience

Agrawal and Choudhary, APL Materials 4, 053208 (2016)



Thermoelectrics: Heat to Electricity 

http://www.tedesignlab.org



Batteries: Electrical Energy Storage 

https://materialsproject.org



Photovoltaics: Light to Electricity 



Photovoltaics: Light to Electricity 

A. M. Ganose et al, Chem. Comm. 53, 20 (2017)



Photovoltaics: Light to Electricity 

A. M. Ganose et al, Chem. Comm. 53, 20 (2017)

BAND GAP OPTICAL
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Infrastructure for 10100 Materials

Open Source Python Package
https://github.com/WMD-group/SMACT



Infrastructure for 10100 Materials

Compositional 
Combinations

Chemical 
Filters

Structure 
Prediction

Structure 
Prediction

Property 
Calculation 

Final Candidates

[LO-FI]

[HI-FI]



From Materials to Devices
Computational procedure for assessing and 

screening materials interfaces

Lattice strain / Site overlap / Electronic matching

K. T. Butler et al, J. Mater. Chem. C 4, 1129 (2016)



From Materials to Devices

K. T. Butler et al, J. Mater. Chem. C 4, 1129 (2016)

Collaboration with Tokyo 
Institute of Technology 

supported by JSPS
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From Atoms to Devices
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synthesis. It is also interesting to note that 
they did not observe much in the way of 
broader mixtures of compounds that might 
be regarded as irrelevant — such as the 
non-proteinogenic amino acids observed 
by Miller.

It is noted that the network cannot 
yet function in one pot without external 
interference. For instance, the system relies 
on the sequential delivery of reagents such 
as hydrogen cyanide and hydrogen sulfide 
instead of addition of all of the components 
at the start. To address this limitation, 
the authors describe a model scenario in 
which rains hitting mineral deposits on 
early Earth may have sequestered reagents 
that are incompatible early in the synthesis 
in separate streams that merged later. Of 

course, the limitations of this scenario 
render it vulnerable to some of the same 
scrutiny levelled at models that invoke 
multiple disparate reaction systems, such as 
the formose chemistry and Oró nucleoside 
synthesis. The key advantage of the 
Sutherland system is that all of the soups for 
these families are prepared from the same 
broth, even if they must be minded by a 
cook or kept in separate pots.

The most anticipated advances 
in origin-of-life chemistry are those 
systems that develop complexity from 
reasonable prebiotic conditions with as 
little contrivance and intervention from 
the cooks as possible. This new report 
represents a fantastically interesting 
approach, but origin-of-life chemists still 

have plenty of work to do in the kitchen. 
Our hunt for the primordial soup that 
cooks itself continues. ❐

Paul J. Bracher is in the Department of Chemistry 
at Saint Louis University, 3501 Laclede Avenue, 
St Louis, Missouri 63103, USA. 
e-mail: bracher@slu.edu
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Materials chemists are spoiled for 
choice. The 98 naturally occurring 
elements of the periodic table give 

rise to 4,753 potential binary compounds 
(that is, C2

98), 152,096 ternary compounds 
and 3,612,280 quaternary compounds, 
assuming equal amounts of each element 
in a single phase. The combinations exceed 
65 million for a five-component system. 
This is an underestimate of the number of 
accessible materials owing to variations in 
stoichiometry (for example Pb and O can 
form Pb2O, PbO, PbO2 and Pb3O4) and 
atomic arrangement (for example TiO2 is 
naturally found in the anatase, rutile and 
brookite polymorphs, with several other 
phases accessible synthetically). More 
realistic estimates place the total number 
of possible materials as a googol (10100), 
which is more than the number of atoms 
in the known universe (see discussions at 
http://hackingmaterials.com).

The search for new materials thus 
requires navigating a multidimensional 
landscape of bewildering complexity. 
The motivation, however, is strong. 
Every advance in technology, including 
those for energy generation, storage and 
conversion, requires or would benefit 
from new components. The objective is 
to reduce cost, increase performance or 

replace rare elements with more sustainable 
earth-abundant alternatives. Given the 
vast quantity of potential materials, even 
the most extensive high-throughput 
experimental or computational set-up will 
not succeed in screening all possibilities 
given realistic time and funding constraints. 
A key question is how to identify the 
specific arrangement of elements that 
produce the properties of interest as 
efficiently as possible? As they report in 
Nature Chemistry, Kenneth Poeppelmeier, 
Alex Zunger and co-workers have now 
tackled this issue using first-principles 
thermodynamics, and followed up their 

predictions with experimental validation1.
The rapid increase in computer 

processing power and the availability of 
large-scale supercomputers has placed 
simulation at the forefront of the search 
for new materials2. Using quantum 
mechanical techniques, quantitative 
information on the structure and properties 
of a material can be provided at relatively 
modest computational and economic cost. 
Efforts such as the Materials Project have 
succeeded in tabulating the properties of 
many known inorganic systems, with more 
than 33,000 compounds in their current 
database3. For materials discovery, the 

INORGANIC MATERIALS

The quest for new functionality
Building on our understanding of the chemical bond, advances in synthetic chemistry, and large-scale computation, 
materials design has now become a reality. From a pool of 400 unknown compositions, 15 new compounds have 
been realized that adopt the predicted structures and properties.

Aron Walsh

Structural
prediction

Property
simulation

Targeted
synthesis

Chemical
input

Figure 1 | A modular materials design procedure, where an initial selection of chemical elements is 
subject to a series of optimization and screening steps. Each step may involve prediction of the crystal 
structure, assessment of the chemical stability or properties of the candidate materials, before being 
followed by experimental synthesis and characterization. A material may be targeted based on any 
combination of properties, for example a large Seebeck coefficient and low lattice thermal conductivity 
for application to heat-to-electricity conversion in a thermoelectric device.
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