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Introduction: ■

• Find a suitable functional redox material for storing
concentrated solar energy

Demonstrate effectiveness for thermal storage or solar fuel
using a thermodynamic model derived from experimental
data.

• Calculate the uncertainty of components that feed into
thermodynamic efficiency to quantify the uncertainty of the
efficiency

Current Opinion in Green and Sustainable Chemistry

Schematic of a general two-step solar powered thermochemical cycle
for splitting water using nonstoichiometric metal oxides.

McDaniel, Current Opinion in Green and Sustainable Chemistry. 2017



The Model
Four models

, T ; c)

Pressure (p) , Temperature (T) , Parameters (c)

Three data sets:
Zinkevich and Panlener: Ce02, a material used for
solar fuels by splitting water and carbon dioxide
Goldyreva: Ca0.6_ySr0.4LayMn03_ 6 , a material for
thermal storage

Model Fit Graph
ceria-zinkevich model A
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Steps to Calculate Uncertainty ■
of Efficiency

ting the model to the data, using MCMC

Compare Models using Evidence values

Use Forward Propagation to Find the
Uncertainty of Enthalpy Change

A

1
Use Enthalpy Change with Uncertainty to

Calculate Efficiency



Bayesian Inference: Basics •

Bayes' Formula
Likelihood Prior

PPIC)P(C)

lc) ..--"--Np(c)

p(c17)) =  p 
2=31)

Evidence

Likelihood is the probability of the data given the
parameters

The prior is our prior beliefs about the posterior
knowledge (uniform of our problem)

Evidence can be viewed as a normalizing factor here

Posterior measures how likely that particular set of
parameters fits the data



Use Markov Chain Monte Carlo to
get a probability density of posteriors

• Use Markov Chain Monte
Carlo (MCMC) to sample
the parameter space to
get Maximum a posteriori
(MAP) parameters and
distribution

Diagonals show the
marginalized posterior
distributions
Off diagonals show the

correlations between
parameters.
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sing MCMC, Models are Fitting
Both Data Sets Well
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Predicted vs. Observed 5
ceria-zinke ich model A
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Steps to Calculate Uncertainty
of Efficiency

Fitting the model to the data, using MCMC

Compare Models using Evidence values

Use Forward Propagation to Find the
Uncertainty of Enthalpy Change

A

1
Use Enthalpy Change with Uncertainty to

Calculate Efficiency

•



12
Comparing Different Models:
Ceria-Zinkevich Examples
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Using Model Evidence to Compare
Different Models
Bayes' Formula

r:ILISter

p(CI
VI)

Likelihood p.rior

1=77iP(C) P(E)Ic
P(D)
Ev idence

P(c)

•

• Use evidence values to compare different models

• Formula to calculate evidence

P(D) = f p(plop(c)dc
Calculated in a variety of methods



rFaiU21

MOU3lode! Evidence for Ceria-Zinkevich
Data Set

These values were
calculated using
Gaussian estimation

Higher evidence
value means better fit
to the data

All are increasing,
overfitting has not yet
occurred
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Steps to Calculate Uncertainty N
of Efficiency

[ Fitting the model to the data, using MCMC ]
Compare Models using Evidence values

Use Forward Propagation to Find the
Uncertainty of Enthalpy Change

p A.
Use Enthalpy Change with Uncertainty to

Calculate Efficiency

1

4



Forward Propagation of Uncertainty •
using Posterior Distribution

Take samples from
posterior
distribution
Calculate desired

quantity with those
parameters
• Find mean and
standard deviation
of calculated
quantity
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20 Calculate Enthalpy Derivative using
Forward Propagation

ceria-zinkevich tH graph

• Error bars show 1 standard deviation
• May need change in enthalpy to calculate model efficiency
• Maximum error was less than 3%



21 Calculate Average Enthalpy Change
using Forward Propagation

Uncertainty in Average Enthalpy Change
Ceria-Zinkevich

- rractel_A 1173K

model_B1 11731C

- rnodeLB2 1173K

- mcideLC 1173K

• Error bars show 1 standard deviation
• May need change in enthalpy to calculate model efficiency
• Maximum error was less than 2%

•



Steps to Calculate Uncertainty N
of Efficiency

[ Fitting the model to the data, using MCMC ]
Compare Models using Evidence values

[ Use Forward Propagation to Find the
Uncertainty of Enthalpy Change

Use Enthalpy Change with Uncertainty to
Calculate Efficiency



Next Steps - Calculating Efficiency ■

Use the calculated enthalpy change to calculate the
thermodynamic efficiency

Use the calculated uncertainty of the enthalpy
change to determine the uncertainty of the efficiency



MOU15

Uncertainty Quantification Toolkit
(UQTk) Tutorial

Built using the Uncertainty Quantification
Toolkit (UQTk)

• Will develop into a tutorial for the toolkit
• Code was developed with generalization in mind
•Wilt be made available to others in the hydrogen
community

http://www.sandia.gov/UQToolkit/
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Conclusions •

Bayesian inference allows us to determine
the confidence in the inferred parameters.
Forward propagation allows us to
determine the uncertainty in the derived
quantities.
Our workflow allows us to predict the
uncertainty of the thermodynamic
efficiency of a hydrogen conversion process
based on new material.
The tutorial shares this work with the
hydrogen community.
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