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Geophysical imaging

A 3-D image of the Earth’s mantle using multi-frequency seismic shear waves

From Zaroli (2010)
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Ambient noise tomography in Australia
Saygin (2007)
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Raypth densities of 400,000 SH wave
multiple frequency travel times

From Zaroli (2010)

WOMBAT and TIGGER arrays
Arroucau et al (2010)



Irregular parametrizations

Static optimized meshes in regional and global studies have become popular
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Zaroli et al. (2010) Sambridge & Rawlinson (2005)

Is it possible to use the data to decide how to parametrize the model ?

Chou & Booker (1979); Tarantola & Nercessian (1984);Abers & Rocker (1991); Fukao et al. (1992); Zelt & Smith (1992); Michelini (1995);Vesnaver
(1996); Curtis & Snieder (1997); Widiyantoro & van der Hilst (1998); Bijwaard et al. (1998); Bohm et al. (2000); Sambridge & Faletic (2003).
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A probabilistic framework

Posterior PDF \ Likelihood

p(m|d) = C x p(d|m) pk(m)

Posterior PDF
>
g m’ = (mq,..., mg)
©
>
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2 m(x) =Y mjp;(x)

j=1
X

Probabilities associated with inferences

model estimation <-> model uncertainty



Sampling and optimization

Optimization Probabilistic sampling
framework framework
Maximum
Markov chain

Parameter Monte Carlo sampling

space > v

Gradient optimization
Data fit or Log Likelihood function Samples from posterior PDF

¢(m) = [|[d — g(m)|[; + o*[|m[|3 p(m[d) = C x p(djm) p(m)



Transdimensional inversion

'with four parameters | can fit an elephant and

with five | can make him wiggle his trunk’
J. von Neumann

Posterior PDF p(In|d7 [) I, assumptions
Assumption uncertainty
k
m(x) = Z m;;(X) Uncertain parametrization
j=1
N
_ 1 1 |d—g(m)]? L

Hierarchical Bayes

Let the data decide .
Many applications...

Dension, Holmes, Mallick and Smith, 2002



Markov chain Monte Carlo

Target PDF p(m|d) = C x p(d|jm) p(m) M-H algorithm

pix, | d)
Proposal PDF q(mso|my )
mq — 119 o3
qx, | %,) o, (
M-H ’
p(m2 |d)q(m1 |m2> Example
Acceptance a=1A (1011 |d) (a3 [0 ) p
probability pimy jd)g\mz{m;j —
/ Target
- “"“"’“’ o Rejection
Issues- Algorithm
Efficiency ——
Dimension ~ Algorithm




Transdimensional inversion

Variable dimension

pky[d)/ ptk, | d)

p(m, k[d) = C' x p(d|m, k) p(m|k)p(k) e

,=2
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p(d|my, k1)p(m; |k1)p(k1)g(ms, ke |my, k1)

State 3
ky=10
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Birth-Death McMC algorithm, RJ-McMC ?Igorithm
Geyer & Moller (1994) Green (1995)

ko = ki1 =1 k
m(x) = ijqu(X)
7j=1



Example regression

"Make everything as simple as possible, but not simpler’

Birth-Death example
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Partition modelling

m’ = (f,x, k)’
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Inversion for 1-D earth models

Using Airborne EM to constrain
subsurface conductivity ml — (c,x, k)T
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2-D spatial problems

120°E  130°E  140°E
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20 uniformly random
Voronoi cells
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20 Voronoi meshes

2 overlapping Voronoi meshes 4 overlapping Voronoi meshes

Birth-Death McMC with unknowns m” = (f,x, k)7

Point by point averaging of output gives an ensemble
mean, covariance measures.

Effective mesh resolution increases with number of
meshes -> super resolution.
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Classic tomography:
single models with a fixed grid

Damping

Tikhonov
solutions

Smoothing

50 x 35
B-splines nodes
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mrgn |od — G(Sm||2 + af|m — m0||2 + 5||V1rn||2
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After Bodin et al. (2009)




2-D tomography

The wisdom of the crowd

Individual models along the Markov chain
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Uncertainty estimates
for free

Ensemble average Ensemble variance
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Ambient noise imaging

Transdimensional Hierarchical Bayes

m! = (v, A, X, k)T
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Hierarchical Bayes

When data uncertainty is uncertain

Hm) = eXp{_%Z = } 7 Ao

1

L(dlm) = o by oxp (@ - gm) 70 - gy p - Cul R

We can solve for
data noise correlation too

Noise is what we don’t fit with the data

p(m, \;, k|d) = C x L(d|m, \;, k) p(m|k)p(X;)p(k)

Markov chain, (m,\;,k) — (m’, A}, k)

p(m’; N E)|d)g(m, A\, k|m’, X, k)

7

p(m, \;, k)|d)g(m’, N, K'|m, \;, k)

7]

a=1A
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Hierarchical Bayes
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Probability
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Joint inversion of multiple
classes of data
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After Bodin et al. (2012)



Summary

B It is possible to use the data to constrain both the parametrization
and the noise with sampling based approaches.

® Trans-dimensional ensemble based approaches look promising for a
range of applications in the geosciences.

® Ensemble properties are reasonably robust and can be used as an
estimator of the solution. Make use of the wisdom of the crowd.
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The end
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Some papers on Trans-dimensional inversion
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