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Inferring Uncertain Parameters

Uncertain parameters in repository safety assessment

Challenges of uncertain physical parameters! for THM simulation:

observations of crucial input parameters often indirect, always noisy

spatial variability, anisotropy = Poster Aqeel Chaudry
available data: often only best estimate,
sometimes min, max, confidence interval

® original measurement values/conditions often not reported
® only independently determined values reported

® = Poster Sibylle Mayr
Parameter Symbol/Unit Min Max Mean Std. Dev. Distribution
Total thermal conductivity K/Wm™' K! 1.29 2.45 1.79 0.34 Truncated normal
Total specific heat capacity C/Tkg ' K 774 1182 978 68 Normal
Total density p/kgm™ 2420 2540 2480 30 Truncated normal
Young’s modulus E/Pa 55-10° 20.1-10° 12.8-10” 3.7-10° Truncated normal
Volumetric thermal expansion a /K" 3-107° 75-107 525-107° - Uniform
coefficient of solid skeleton
Intrinsic permeability ky/m? 7.8-1072 22-107 56-1020 55-1020 Truncated normal
Poisson’s ratio v/= 0.2 0.4 0.3 - Triangular
Porosity /= 0.097 0.185 0.15 0.0276 Truncated normal

1Ageel Afzal Chaudhry, Jorg Buchwald, and Thomas Nagel. “Local and global spatio-temporal sensitivity
analysis of thermal consolidation around a point heat source”. In: International Journal of Rock Mechanics
and Mining Sciences 139 (2021), p. 104662. DOI: 10.1016/j.1ijrmms.2021.104662.
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data?
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2Philipp Heidinger et al. “First results of geothermal investigations, Chesapeake Bay impact structure,
Eyreville core holes". In: The ICDP-USGS Deep Drilling Project in the Chesapeake Bay impact structure:
Results from the Eyreville Core Holes. Geological Society of America, 2009. DOI: 10.1130/2009.2458(39).
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data?

Lo e Depth observations of R B
e N W e ® porosity ¢ 10 ‘(I
e :'s *le ® thermal conductivity A 200 [I
* .'fs;" ® ® Saturated measurements of A 250 {{
Ky . difficult to obtain. \

K Best estimate of \?

Depth [m]
g
g
.
Depth [m]
w
8

\
j ) ® temperature T }
400 o 400 ‘
Py Core holes Eyreville Aand B,

b Chesapeake Bay Impact )

450 % o . o Crater Drilling Project 450 y
.t Core
N & hole /V
500 160 500
[4 Postimpact sediments: A /'
2401 Clay y
., g
550 @y 320 ] /
o 400 550 /
¢ 480 7
600 » Exmore beds: Top of crater fill /
se0 o 4
NMSn©n® Polymict,
°eeceocoo o ©o v « 6401 sediment-dominated MmN o O o
(8] S & 720 breceia R
A and Trea
per dry/sat 800 sediment blocks — T-11°C—0.048/mxz
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Approach 1: Infer from porosity using mixing models and As

Arithmetic mean (AM)
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Aam = OAF + (1 — d)As

Ar : fluid thermal conductivity

As : solid thermal conductivity
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

® Determine layer boundaries from porosity
observations, mineralogy
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Allow for uncertainty in ¢, As, Ar, q:

5 x 10% uniform Monte Carlo samples

HA porosity arithmetic mixing (AM) | AM critical porosity geometric mixing heat flow
Ag | s Ag | g Ag | g
0 0.380...0.460 1.82...3.38 19...4.0 3.28...5.67
1 0.425 ...0.605 1.82...3.38 19...4.0 3.28...5.67
2 0.580...0.640 1.82...3.38 0.6 19...4.0 0.6 | 2.98...520 | 0.6 | 0.059..0.071
3 0.460 ... 0.500 1.82...3.38 1.475...3.475 2.64...4.01
4 0.300...0.400 | 1.981...3.679 2.989...4.989 3.13...3.98

99th, 90th, 70th, 50th percentiles in each layer (AMCP)
Example: = Poster Thermobase

Mayr (BGR) / Ernst (TU Chemnitz)

MeQUR Stats

50 1 —_—
L I 0 I 0 I I I 0 I TI—
100 150 200 250 300 350 400 450 500 550 600
depth [m]

January 2025, Potsdam

6/13



Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Approach 2: Invert T measurements for A (based on Tiop, Gbottom)

Fourier's law + conservation of energy
~> 1D boundary value problem relating A = X\(z) with T = T(2)

1\/
(AT =0, 2y < Z < Zoo,
7—|Z:Zo - TO!
!
AT ‘z:zOO = (eo-
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Approach 2: Invert T measurements for A (based on Tiop, Gbottom)

Fourier's law + conservation of energy
~> 1D boundary value problem relating A = X\(z) with T = T(2)

(AT"Y =0, 20 < 2 < Zoo,
T|z:zo - To,
>\T"z=zoo = (-

Given temperature measurements { T(z;)}/_,, estimate A (piecewise constant)
by least squares (LS) minimization

> [T(zi2) = T = min,
j=1
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Comparison with mixing model
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Modeling uncertainty via Bayesian inference

Procedure:
1 Prior: model uncertain A = X\(z) as random function drawn from a
probability distribution po on Clzp, Zo]-
2 Data: inform prior distribution by incorporating temperature measurements
{T(z) gy
3 Posterior: model reduced uncertainty in A due to measurements by
conditional distribution u = po|[{ T(z)} -,
4 Statistics: infer statements on X from statistics of posterior distribution

such as posterior mean
A= Exuu [A]
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Modeling uncertainty via Bayesian inference

Prior distribution: Correlated Gaussians at layer centers
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Modeling uncertainty via Bayesian inference

Comparison of layer-wise UQ approaches: variation of 5 layer values of A
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Inferring Uncertain Parameters
Case study: inferring thermal conductivity from observational data
Bayesian inference in function space

Function space prior: Samples from Gaussian process on [y, Zx]
constant mean from data, correlation length 140 m

—— Prior Mean
95th %ile Prior
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Inferring Uncertain Parameters
Case study: inferring thermal conductivity from observational data
Bayesian inference in function space

Posterior distribution: Posterior mean and variability
prior with constant mean (no layer information)
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Inferring Uncertain Parameters
Case study: inferring thermal conductivity from observational data
Bayesian inference in function space

Prior distribution: Samples from Gaussian process on [zy, Zso]
discontinuous mean at 1 layer boundary

AMail
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Bayesian inference in function space

Posterior distribution: Posterior mean and variability
last layer jump in prior
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Inferring Uncertain Parameters

Case study: inferring thermal conductivity from observational data

Bayesian inference in

Posterior distribution: Posterior mean and variability
low-dimensional state space (smoother realizations)

function space
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Outlook

Data-Free Inference (Berry et al., 2012)

Is it enough to model each parameter independently?

Marginal density
e o o
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Conclusions / Ongoing Work

Probabilistic assessment of parameter uncertainty

® Crucial for assessing variability of simulation inputs
3

Combination of geological expertise and statistical computing

® Model uncertainty in choice of mixing models

3Sibylle 1. Mayr et al. “Uncertainty-Guided Interpretation of Thermal Measurements in Sedimentary
Units". In: In preparation (2025).
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® Probabilistic assessment of parameter uncertainty
® Crucial for assessing variability of simulation inputs
e Combination of geological expertise and statistical computing®
® Model uncertainty in choice of mixing models
Ongoing:
® DFI| to recover dependencies between uncertain parameters
(allows reduction in parameter combinations)

® Neural networks for Bayesian posterior via conditional optimal transport

3Sibylle I. Mayr et al. “Uncertainty-Guided Interpretation of Thermal Measurements in Sedimentary
Units". In: In preparation (2025).
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Thank you for your attention ©.
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