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Outline

* Research motivation — Geothermal opportunity
estimate, uncertainty quantification and model

selection

* Methodology — Bayesian inference and
Bayesian model selection

« Examples — Application to geothermal
development
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| Great Basin T | =

« The Great Basin region is a world-class geothermal province with ~720
MW electricity of current gross generation from ~24 power plants.
. And an estlmated capablllty of ~30,000 MW electricity!
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Source: ThinkGeoEnergy Research (2020)

Figure: https://en.wikipedia. org/W|k|/Great Basin
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Geothermal opportunity pipeline T | =

» (Geological and geophysical measurements

Original Nevada model from geothermal experts Feedforward network representation
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Geothermal play fairway analysis (PFA)

« Geothermal play fairway analysis (PFA) is a concept adapted from the
petroleum industry to improve the exploration success rate (Doust, 2010).

It involves integration of geologic, geophysical, and geochemical parameters
indicative of geothermal activity (Faulds et al., 2017).
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Uncertainty quantification for geothermal PFA T | =

« Bayesian inference for the original PFA network (“Bayesian neural network”)

Permeability

Intermediate
Permeability

Regional
Permeability

Training data: D = {(x™, yM)}_, = (X, y)
Forward model: y = GO + €,e~N(0,Z,;)
Parameters: 6 € 0, weights of the network

Prior

1 re-1
p(60) = exp (—50 i 9)

Posterior

p(0|D) xp(ylX,0)p(6)
= exp <— % (y— GOz o (y — GH)) exp (— % 9T25730>

Prediction

p(y'|D,x") = [ p(y'lx’,8)p(6]D)d6
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Uncertainty quantification for geothermal PFA i | =i,

Posterior distribution of parameters Posterior predictive fairway map

Posterior mean value
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| Multiple models from Steve...
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I’m a black box
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UQ in a multi-model universe

Q: Who'’s your
favorite superhero
in Marvel Universe?

A: It will be easier
to tell if we can
compare themin a
same scale.
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A big picture of model selection universe IliT | =5

« Choose the best model from a set of candidate models M|, M>,..., M,
M; = {p(y; 6;):6; € ©;}

Goodness Penalty/

Common method of fit Bias correction

Akaike Information Criterion (AIC)
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(Bayesian Model Selection) 2
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A big picture of model selection universe i | =

« Approximate Quality Vs. Computational expense
 (Connection between model selection methods

Bayesian Model
Selection

Approximate Quality

Computational expense
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Why Bayesian model selection?

Reason 1: Reason 2: Rea.son 3: |
Easy to understand Consistent AUtomg'Z%ngam S
neason & Reason o Reason 6:

Conceptually same
for multi-model
selection problems

Do not require nested
models, std. distr., or
regular asymptotics

Can account for
model uncertainty




| Bayesian model selection — Basic concepts i | =52

 The marginal probability of data y given model M,
p(M;ly) x|p(v12;)|= | p(v]6), M; )p(6;|M;)d6;

p(y|M;) : :
Constrained/Simple

model

@' Flexible/Complex
Model

e e \\
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Bayesian model selection — Basic concepts i | =5,

- Bayes Factor (BF)

BF.. — P(YIM,-) _ fp(y\ej,]v[j)p(gj ]\/[j)dgj
J p(y|M;) fp(y|(9i,]\/[l.)p(gi M,)d6;

Mi:y ~N(0,1)

Vs.

My ~ N (p, 1)

40 60
Data size

Sample iteration




Application to Nevada geothermal development mir | =&

M . the original PFA network | VS. |M ,arandom sampled subnet
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Application to Nevada geothermal development i (=
p(YIM,) | o6, M3)p(6,|M)d6,

BFZl —

M . the original PFA network
(13 parameters)

Vs.

M , a random sampled subnet
(241 parameters)

p(y|M;) N fP(Y|91»M1)P(91|M1)d91

v

~ Limited data set prefers
N constrained model M1

15 20 25 30 35
Data size N
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« The uncertainty quantification (UQ) of the geothermal play fairway analysis
(PFA) is important to increase the exploration success rate and reduce the
risk.

« Bayesian model selection calculates marginal probability of data of
different models and therefore can compare models on the same scale; it

selects the best model within the candidate models, and quantify model
uncertainties.

* This work applies Bayesian model selection method to compare multiple
geothermal prediction models and quantify the uncertainties.
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| Thank you!

Email: guchch@mit.edu
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« The uncertainty quantification (UQ) of the geothermal play fairway analysis
(PFA) is important to increase the exploration success rate and reduce the
risk.

« Bayesian model selection calculates marginal probability of data of
different models and therefore can compare models on the same scale; it

selects the best model within the candidate models, and quantify model
uncertainties.

* This work applies Bayesian model selection method to compare multiple
geothermal prediction models and quantify the uncertainties.
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Bayesian model selection — Normal mean i | =52

My ~N(0,1)

Vs.

MZIYNN(ﬂ,l)

20 40 60 80
Sample iteration
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Bayesian model selection — Normal mean i | =2

pr PO _ ] pG/lk Mo)p (M) du
21 — —

p(y|M;) p(y|M;)

M,y ~N(0,1)

Vs.

MZ:)/NN(,U, 1)
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Bayesian model selection — Normal mean
p(YIMy) [ pWlw M)pulMy)du

BF,. = —
“t p(y| M) p(y|My)

M,y ~N(0,1)

Vs.

MZ:yNN(.u) 1)
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