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Context Change of measure method Application to seismic tomography
The fight against nuclear proliferation consists in the first place in overseeing In fact, £ depends on hyperparameters g that are difficult to choose a prior:: | | - vt
the respect of the international treaties. In that context, numerical tools are The method is applied on a seismic tomography T= | |
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developed in order to monitor the environment and analyze seismic events. Ppost | (@) = p+ Z )\7;/ (@)ui(q)n; ‘dObS X L(d0b8| f(q))m(n,q). problem. We consider a 1D continuous veloc- o
i=1 ity field inspired by the realistic model Amoco

Tulsa Research Lab (O’Brien, 1994) and gener- E
alizing layered fields [5]. The posterior distribu- s
tion of the velocity field is plotted in Fig.2, andis
compared to the results of inferences with fixed ‘
hyperparameters (Fig.3(a)-(b)-(c)). We observe
that, for a close computational cost, the explo- ~ Fig- 3(a) — Inference with fixed small g

ration of the hyperparameters space yields a bet-

In particular, when an earthquake occurs, the displacement of the ground is
recorded by seismometers. The accurate identification of an event can be difficult,

since 1t requires to solve an tnwverse problem where available observations and We present a method to explore the hyperparameters space dur-

velocity field models used for forward simulations are uncertain. We focus on ing the inference, while mitigating the computational cost.
the velocity field uncertainty quantification.
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Velocity field v = exp(f) (m.s™1)

« Introduction of a reference basis obtained from an average procedure over
the hyperparameters space prior [6]:

Set-up of the problem
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flx)=G(x,0) ~ p+ 2_1/2 i(2)&:(0), with &(0) = <g(x7 ‘9>7X@'1/2@>Q, ter estimation of uncertainties. E
=1 |
= Goal: characterization of a physical field b — | _ e
o caacier Obsewatior]i)s };Obs knowmé { d*” = M(f)+e¢ } where (\;, U;);en+ are the eigenelements of &k = Eg(k(q)) = /H k(q)m(q)dq. ton =
a forward model M. = The g-dependency is transterred to the law of &: i I | | o
Bayes rule 1/2 - I )
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Fig. 3(b) — Inference with fixed medium g
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= Metropolis—Hastings algorithm
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> Ppost (f1d”) Posterior ! ! Fig. 2 — Result with change of measure
j ONTINE E Sampling | q € 7 (d;bs\f) Fig. 3(c) — Inference with fixed large q
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| L E Conclusion and perspectives
= Difficulties: (i) infinite dimensional character of f o > Z(lq) P P
— Karhunen—Loeve decomposition |2, 3], l

(ii) evaluation cost of M at each step N (0,%(q)) > Ppost (f(€)]d°™) « Fast and accurate method to provide uncertainties on a physical field

— Polynomial chaos surrogate [1’ 4]' Fig. 1 — Worflow for the change of measure method » Further work:

« f € L*(Q): particular realization of a Gaussian process G ~ N (p, k) » Propagation of the uncertainties to source location

Karhunen—Loeve decomposition

fl@) = Glw,0) = pt DN wilaym(6), with n(0) = (Gla,0). A ur), |

» Use of surrogate maps for the forward model
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