
Bayesian Spatial Models for
High-Dimensional Parameters in

Simulations of Fluid Flow in
Porous Media

Collaborators: Dave Higdon, Marco Ferreira, Zhuoxin Bi,

Mike West, Chris Holloman, John Trangenstein, Bill Allard,

Akhil Datta-Gupta



Project Goals

• Model fluid flow through porous media

• Deal with very high-dimensional parameters (soil permeability) on

multiple scales

• Account for uncertainty due to both the high-dimensional model and

the deterministic simulation

• Applications to contaminant clean-up and oil reservoir exploration





Groundwater Flow

• Forward Problem

– Solve for flow given soil characteristics

– Solution from differential equations

• Inverse Problem

– Infer permeability from flow data

– Use solutions of the forward problem iteratively
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Likelihood

f(bh|ψ) ∝ exp

{

−
1

2σ2

∑

h

(bh − b̂h)
2

}

bh is observed breakthrough time

b̂h is predicted breakthrough time from the flow simulator for a

particular value of permeabilities ψ

Clearly, nothing will be conjugate for ψ ...



Spatial Models for the Permeability Field

• Gaussian Processes

• Markov Random Fields (Conditional Autoregressive Processes)

• Combination Convolution Models
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True Permeability Field
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MRF Permeability Realization
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A Real Example
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Frequent Computational Difficulties

• Local modes

• Slow mixing

• Likelihood computationally expensive

Coarser grid helps with all three problems



Multi-scale Data

In hydrology, three different sources of data exist on different scales:

• Core Samples

• Flow Data

• Seismic Data

Want a coherent model for multiple scales, link implicitly:

• Metropolis-coupled chains

• Multi-scale Genetic algorithm-based MCMC
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Well Data
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CPU Effort
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Conclusions

Methodology is quite general — basic components:

• unknown spatial field

• spatial Gaussian prior on the spatial field

• “black box” likelihood

• efficient computer code for evaluating the likelihood


