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Solid Oxide Fuel-Cells

on * Motivation: Reduce operating
@ temperature (500°C) — improve
oxygen diffusion kinetics

2~ =P

Fuelln—l l_ Oxidant In | |
" o, * Large experimental space - rapid
Postve 3y screening of new materials
Negative fon * Goal: Obtain physical insight into
e b oxygen diffusion using a grouped
pf:ssl?;f%:::;%“::J LB&%?.L%“G%:ES%L?"" analysis of machine learning
;ﬁmode—‘r T LCathode mOdelS
fon condurto « Why ML? More complicated
SOFC Operating Principle. National Energy Technology relationships than just correlation
Laboratory. https://netl.doe.gov/carbon- o Why grouping’? Negate

management/sofc/operating-principle ) ) 5
& P &P P inconsistencies between models
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* Packing factor is the most
* I[Inconsistent features between
* Top 3 feature of each model

* Permutat
[1] GML, Witman, M., Agarwal, S., Stavila, V., Trinkle, D. R.

(2023)

Individual Feature Importances
for Hydrogen Diffus

Metals[1]



Grouped Features Enable Interpretability for H Diffusion [1]

K-Nearest Gaussian Random Gradient Positive Bayesian o
Meighbors Process Forest Boosting ElasticNet Ridge d PaCklng faCtOI’:
Packing Factor i DifoSion pathwayS
Maximum Oxidation State
°
Electronic Specific Heat . St ru C.lsu fa l
T * Energies
covelent Radi”: * Electronic specific
o heat: H interaction with
Lattice c/a I b u lk
Filled p Electrons ° El_e ctron iC
Stoichiometric 5-Norm propertles
Ground State
Atomic Volume o

0.0 05 0.0 05 0.0 05 0.0 05 0.0 05 0.0 0.5 * Bulk modulus

Scaled Summed Permutation Importances

* Similar features to Flynn and Stoneham’s self-trapping model [2]

2 42 2 2 M: Atomic mass q.m: Radius of Debye sphere
Q _ Mwa 1+v oV q)(q d 77) Wp: Debyg frequency n: fraction of volume change due
360 1—v O m*™ d:Jumpd|’stan9e to dipole component of the strain
v: Poisson’s ratio field
) . ) 6V Lattice dilation due to defect
[1] GML, Witman, M., Agarwal, S., Stavila, V., Trinkle, D. R. (2023) Q: Solvent atomic volume 4

[2] Flynn, C. P., and Stoneham, A. M. (1970)



Database (Perovskites and Pyrochlores)

Perovskite Pyrochlore

Site A Site B \I Site A Site B
Be 1-10 Entries B C N O Be 1-6 Entries
B B 11-20 Entries B mam 7-15 Entries
L 4 4

BEE W 40+ Entries SI|P BN W 30+ Entries

W
N <
V) (Q

Cal|Sc|Ti |V |Cr|Mn|Fe |Co|Ni|Cul|Zn Ge|As |Se V [Cr|Mn|Fe |Co

Y |Zr |[Nb{Mo| Tc |Ru|Rh|Pd|Ag|Cd|In |Sn|Sb|Te SriY Nb{Mo| Tc |Ru [Rh
Ba Hf [Ta|W [Re|Os| Ir [ Pt |Au|Hg| Tl |Pb|Bi |Po Ba[La|Hf|Ta| W |Re|Os| Ir

Ce| Pr [Nd|Pm|Sm|Eu|Gd|Tb |Dy [Ho| Er [Tm|Yb Ce| Pr [Nd{Pm{Sm Eu [Gd|Tb Dy Ho| Er [Tm|Yb

* 76 Perovskites (ABO;) and 42 Pyrochlores (A,B,0-) - oxides with the most
experimental measurements

* Number of times each element appears in the database
* La (62), Ga (60), and Sr (57) most prevalent perovskite elements
e /Zr (34) most common pyrochlore element 5 I



Easily-Obtained Features

e 139 total features from MAGPIE
[1] - combine elemental

Correlations Between Features Correlations Between Features p ro p ert | es

Spearman Correlation Spearman Correlation

* Oxygen notincluded
10 * Split Aand Bsite

5 5 05 * One-Hot Encoding of the
£ £ . space group number
N « Oxygen partial pressure:
) diffusion mechanism
-1.0 . .
* Oxide properties —band gap,
< <= = << < L - ! bulk modulus, melting
§§ ;S ;31 —si :; mcgu um; _%“ e temperature
s5  2r g5 fgEes BEE fEx S ag e Strong correlations between
SE 22%  ZEL £3 552 22y =8 @2
£§8 soBsg 222 f3f &5 oS features
= s Ngo oX 5 0= = O s 5=
g 25 S “EL 2 3 =g
57 o8 58

[1] Ward, Logan, et al. (2016) 6 I



Feature Reduction
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e Feature reduction occurs first
before model fitting

e Ward hierarchical

clustering

* Groups most correlated
features at each step

* Group A/Bfeatures separately
using combined database

* Choose included feature
using a greedy algorithm to
maximize correlation with
residual

« Same grouping used, but
different features

Feature Used in Model
Perovskite
Only Single Vacancy Pyrochlore
Only All Pyrochlore
Both Pyrochlore

Perovskite and
Single Vacancy Pyrachlore

7 I



Machine Learning Models

* 6 ML models: small datasets

ML Decision Linear Error
 Linear Model - number of features Models Tree Prediction
minimize 80-20% test error K-Nearest
Neighbors
RMSE of Features for Combined Linear Model
0.195 Gaussian
Process
. Random
& 0.185 Forest
E .
oo Gradient
| Boosting
0.175 {|— Training Tree
—— 80-20% Testing
S T e e T T Bayesian
Number of Used Features Rldge
* 3 test-train splits Linear

* All training
 Leave-One-Out
* Random (80-20%)




Combined Machine Learning Model

* Larger standard deviation for pyrochlore activation energies (282 meV) vs. perovskite

(185 meV)
* Linear models have poor training errors — cannot grasp difference between pyrochlores

and perovskites
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Perovskites and Pyrochlores
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Perovskite Machine Learning Model

* Largest experimental activation energy (LaCaO,) also has the largest error (618
meV) almost twice as large as the second largest (372 meV)
* High Oxygen partial pressure
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Pyrochlore Machine Learning Model

* Multiple diffusion pathways:

All Training

LOO Split

80-20% Split

* DFT-based Single vacancy (26) vs. Split vacancy (14) based on cation radii

* Models, especially linear, cannot differentiate
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DFT Energy Difference Between
Single and Split Vacancy

Mo Sn Hf Zr

e

063 066 069 072 0.75
B*" Cation Radius (Angstrom)

Li, Y. and Kowalski, P. M. (2017)




Pyrochlore Single Vacancy

e Similar performance to full pyrochlore models
* Linear model still lacks the ability to fit activation energy
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Pyrochlore Split Vacancy Woes

 Large RMSEs for split vacancy models
* Largerthan the standard deviation (141 meV) for any test data
* Low correlation between activation energies and features: highest correlation = 0.49

All Training
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[ o] iImportant for pyrochlores
I

Std NUnfilled A
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* Agreement between models
* pO,: differences arise from
experimental conditions
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Perovskite Feature Importances

* Mostimportant features: Std Melting Temperature B, Mean Melting Temperature B,
PO,

* Agreement with linear model — features also have high correlation with the
activation energy

Perovskite
KNN GP RF GB BR Linear
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Pyrochlore Feature Importances

* Mostimportant features: Mean Oxide Bandgap B, Mean Melting Temperature B, Std
Oxide Melting Temperature A

* Oxide features are a better representation of pyrochlore features
* Disagreement with linear model

Single Vacancy Pyrochlores
KNN GP RF GB BR Linear
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Explainable Machine Learning Models for Predicting

Oxygen Activation Energies in Perovskites and Pyrochlores
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