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Net-Zero goal by 2050:
hundreds of Gt of CO; captured worldwide

Extensive CCS deployment to meet the IPCC 1.5 °C target

UK CCS targets
(Mt /y)

IOGP map of existing and planned
O 2030 @ 2035 @ 2050 CO2 storage projects in Europe
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https://www.nstauthority.co.uk/the-move-to-net-zero/carbon-capture-and-storage/
https://www.nao.org.uk/wp-content/uploads/2024/07/carbon-capture-usage-and-storage-programme.pdf

De-risking of subsurface CO; storage

UNCERTAINTIES ON FAULT-RELATED LEAKAGE

Injection well
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Rizzo et al. (2024)
Geological Uncertainties

Deterministic VS Sensitivity Analyses

Trust the model ? Empirical Laws ?

Calibrating hydraulic conductivities

R. E. Rizzo, N. F. Inskip, H. Fazeli, P. Betlem, K. Bisdom, N. Kampman, et al. (2024), ECO-AI WORKSHOTP
International Journal of Greenhouse Gas Control (https://doi.org/10.1016/jijggc.2024.104105)
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Data Uncertainties

Heterogeneities ?
Noise ?
Scale ?

olll] o N

rn
u)

Modelling

Uncertainties

Fault Properties ?
Prior distributions ?



Al driven Uncertainty Quantification

BRIDGE THE SCALES -

* Physical Models

Objective 2
Data constraint

* Experimental Data
* Pore-scale Uncertainties

BALANCE THE OBJECTIVES

2. Bayesian Inference
& Inverse Problems

Pareto-optimal
front exploration

Objective 1

Physics-based constraint
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Overburden
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Injection well

Upscaling & ML
Macro-scale Uncertainties

Model Calibration

3. Propagate the uncertainties

Data & Modelling Uncertainties
Data-driven & Physics-based

Multi-scale & Multi-objective
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BAYESIAN PHYSICS-INFORMED NEURAL NETWORKS
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L. Yang, X. Meng, and G.E. Karniadakis (2021), ECO-AI WORKSHOP 5

Joutnal of Computational Physics (https://doi.otg/10.1016/j.jcp.2020.109913)
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CHALLENGES OF BAYESIAN PINNS - UNBIASED UQ ?
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ROBUST UQ FOR THE BAYESIAN PINNS

/ oflc
i i Enhanced stability & accuracy
: Physical Model M |
|  with unknown parameters |

““““““ ;n;;tg“”’ Faster convergence & Pareto front exploration

Bayesian Neural Network
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Physics-based constraint
S. Perez, S. Maddu, I. F. Sbalzarini, P. Poncet (2023)

“Adaptive weighting of Bayesian physics informed neural networks
for multitask and multiscale forward and inverse problems”

Journal of Computational Physics ECO-AI WORKSHOP 7




Uncertainty on FaultRelated Leakage

MODEL MISSPECIFICATION ON HYDRAULIC CONDUCTIVITY
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2D Darcy flow-based
upscalin,
< a,, >?2 pseaing
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CL 12
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Guiltinan ez /. (2020)
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u [prm)

~e' No roughness effects &

Overestimation of fracture conductivity

Cubic Law K; & Darcy Kgm fail !

E. J. Guiltinan, J. E. Santos, M. B. Cardenas, D. N. Espinoza, Q. Kang (2020),
Water Resources Research (https://www.digitalrocksp ortal.org/ projects /314)

y L)

K,™ =~ 201 um?

KNS = 195.98 ﬂmz

Kys = 174.31 um?
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Uncertainty on FaultRelated Leakage

CORRECT MODEL MISSPECIFICATION ON HYDRAULIC CONDUCTIVITY

Bayesian Inference Problem:

Infer latent hydraulic aperture field ay (x,y)

Data
such that @ (X, ¥) = apn(X,¥) +[$a | uncertainty
with ap(x,y) < a,,,(x,y) and
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uncertainty
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Initial distribution on &,
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<am> £0,

—— Gaussian distribution

Mechanical aperture field
@ (x,y) in Q2P

|

Local Cubic Law

-F»

Hydraulic aperture
field a,(x,y)
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Robust Bayesian-PINNs
for multi-objective problem
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Patterns identification, generalization & Darcy upscaling to fracture networks
ECO-AI WORKSHOP 9
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CORRECT MODEL MISSPECIFICATION ON HYDRAULIC CONDUCTIVITY

Initial distribution on an,
<am>
<am> *0,,

Final distribution on 2, . v Adaptive correction given mechanical aperture maps
G Automatic
distribution shift

Data-based, Geometric & Local

JRC =10.31
v Uncertainties on hydraulic aperture a;(x,y)
Automatically account for roughness
2I0 3I0 4I0 5I0 GIO TIO BIO
Aperture values (um)
Original mechanical Mean prediction on Uncertainty on

hydraulic aperture map ag(x, y) hydraulic aperture map ay(x, v)
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CORRECT MODEL MISSPECIFICATION ON HYDRAULIC CONDUCTIVITY

Original permeability
map Kg['(x, y)
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v’ Uncertainties on fracture permeability

Automatically account for roughness

v Infer local permeability field K ,f,‘,’\’,(x, y)
Compatible with Stokes and Darcy upscaling

Uncertainty on
permeability map Ky (x, y)
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Permeability estimates (um?)
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Initial distribution on K7
Final distribution on K},
Ko = 20833
Kys = 174.31

JRC =10.31

T T T T T
100 200 300 400 500
Permeability values (um?)

—— Upscaled mean on K3,
Cumulated uncertainty on Kgj,
=== Kys=174.31
Adaptive steps —== K¢ =208.33
0 25 50 75 100 125 150 175 200

Sampling steps
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CORRECT MODEL MISSPECIFICATION ON HYDRAULIC CONDUCTIVITY
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A (X,y)
|
< a,, > K "(x,y) 3D @, (%)
! ! ! !
Roughness  Cubic Law Darcy (Navier) Stokes Bayesian PINN
2 JCR KcL K™ KnNs Mean on K /sy, UQon K /%,
@ N1 N |
—gn / pm? pm? pm? pm? pum?
& 0 208.33 209.94 208.33 [208.3328; 208.3333]
: 4.86 201.98 105.98 189 [178; 199]
S 5.85 208.33 201.75 190.36 191 [184; 199]
a 7.52 201.61 184.92 187 [177; 196]
10.31 201.55 174.31 171 [153; 189]
!
ap
am ap ap Ko ap(x,y) and KNaA’;(x' y)
KCL > KD > KNS = KNN = KD GRS (mean + UQ)
I 2D Darcy flow-based upscaling
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PROSPECTS AND ONGOING WORK

am(x,¥) Kym (x, )

Mean Uncertainty

Fracture (network)
Full 3D geometry

I Mechanical
s Aperture map(s)

Patterns identification

_—_—_—>

T

Flow
direction

Representative Dataset with
Multi—()utput Mapping ECO-Al WORKSHOP 13

Generalization

Ny = 128

Nx =128



Conclusion : : e L.
Al-driven uncertainty quantification

e
Injection well : £ g

for reliable leakage risk assessment

*  Correct model misspecification

*  Model calibration - Prior Distributions ?

* Data uncertainties, noise & sparsity

* Learn from models & experiments at small scales

*  Propagation of uncertainties at larger scales

Sensitivity Analyses of fault leakage rates

Transition = o e
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