N
N

N

HAL

open science

A stochastic collocation method combined with a
reduced basis method to compute uncertainties in
numerical dosimetry

Amine Drissaoui, Frangois Musy, Laurent Nicolas, Ronan Perrussel, Damien

Voyer

» To cite this version:

Amine Drissaoui, Frangois Musy, Laurent Nicolas, Ronan Perrussel, Damien Voyer. A stochastic
collocation method combined with a reduced basis method to compute uncertainties in numerical
dosimetry. Compumag 2011, Jul 2011, Sydney, Australia. pp.n°593. hal-00649773

HAL Id: hal-00649773
https://hal.science/hal-00649773
Submitted on 8 Dec 2011

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.


https://hal.science/hal-00649773
https://hal.archives-ouvertes.fr

A Stochastic Collocation Method combined with a Reduced Basis Method to
compute uncertainties in numerical dosimetry

A. Drissaoui’, F. Musy?, L. Nicolas", R. Perrussel”, and D. Voyer
“Laboratoire Ampére (UMR CNRS 5005) / ®Institut Camile Jordan (UMR CNRS 5208)
CNRS-Université de Lyon-Ecole Centrale de Lyon, 69134, Ecully France
Amine.Drissaoui@ec-lyon.fr

Abstract — In this paper, a reduced basis method is
introduced to deal with a stochastic problem in a numerical
dosimetry application in which the field solutions are
computed using an iterative solver. More precisely, the
computations already performed are used to build an initial
guess for the iterative solver. It is shown that this approach
reduces significantly the computational cost with the same
accuracy.

I. INTRODUCTION

The lack of knowledge on the electric parameters of
tissues raises an issue in computational electromagnetic
applications such as numerical dosimetry [1]. The
Stochastic Collocation Method (SCM) is an “attractive”
technique to deal with this kind of problem because existing
deterministic solvers can be readily applied like in the
Monte Carlo sampling [2]. In our case, we use the Smolyak
Adaptive Algorithm (SAA) [3] which enables to build the
solution gradually by an adaptive choice for the realizations
of the input random parameters (these realizations will be
called here the "collocations points™). Every step of the
SAA involves several collocation points, and each of them
requires a deterministic computation that can be
numerically expensive in realistic applications. When the
deterministic computations are performed sequentially
using an iterative solver, the computations already
performed could be used to reduce the numerical cost. The
authors of [4] proposed to choose as the initial guess for the
iterative solver the previous computed solution for which
the collocation point is “close” to the next considered point.
Here, we propose to compute an initial guess with the
Reduced Basis Method (RBM). Moreover, the RBM is
coupled with an A Posteriori Error Indicator (APEI) to
choose the next collocation point.

First we review some aspects of the RBM, see also [5].
Numerical experiments on a wave equation problem show
that the computational cost of the solver can be
significantly reduced.

Il. REDUCED BASIS METHOD

A. Finite element approximation

We are interested to solve the wave equation for the
electric field E in a domain Q = UL_, ;, where the @ are
non-overlapping subdomains. Each subdomain €; is
characterized by a constant electric  parameter
g =¢goel + 0! /jw, where g, denotes the vacuum
permittivity, L the relative permittivity, o' the conductivity,
and w the angular frequency.

In the stochastic context, the parameters €. and o' are
considered as independent random variables. For a given

realization of these random variables, the weak formulation
on a conforming Finite Element (FE) space X, can be
written:

a(E(),E,§) =f(E)) VE' €X,,&=(&,..,8%) (1)
with: a(E,E', &) = a;(E,E) — X, w?pe& ab(E,E) + BT,

a,;(E,E) = [,VXEVxEdx,

ab(E,E") = fﬂiE.E’dx 1<i<p,

and f(E") = -jmuofﬂ Js.-E" dx.
V X denotes the curl operator, . the canonical inner product,
1o the vacuum permeability, J; the electric current source,
and BT the boundary term. The solution of (1) leads to a
large sparse linear system:

AGE=F. 2

For example, a 3D dosimetry problem in a human head [1]
involves several million unknowns. Thus, we compute the
solution using an iterative solver.

B. Reduced basis approximation

Suppose that the problem (1) has been solved for N
values of the parameters £ In the reduced basis
formulation, the local FE space X; in problem (1) is
replaced by a space of functions Xzg < X, spanned by the
N known solutions. The reduced basis formulation is then:

a(Egr(%),E,8) =f(E") VE' € Xgg. (3)
In order to reduce the iteration number of the solver of (2),
we choose as the initial guess the solution of (3).

Usually, the space Xgg has a much smaller dimension
than the dimension n of X;, (N is between 10 and 100).

Moreover, the bilinear form a given in (1) is
decomposed into forms which are independent of the
parameter & Thus, given Xgr = span{Ey(§,), ..., En(Ex)1},
we can pre-assemble in an offline procedure corresponding
matrices:

Arj =21 (Eh(gj)' Eh(gk)) 1<jk<N, 4)
Aizi,k = a (Eh(gj)' Eh(ik)) 1<jk<N1<i<p.
Note that this assembling depends on n, but once the

matrices are assembled the computational cost for the
solution of (3) is independent of n.

C. A posteriori error indicator

Every step of the SAA involves a set of collocation
points X. An APEI is introduced to order the set ¥ as
usually done in the RBM [6]. Our error indicator is defined
by using the residual of the linear system (2):

nE =1 A@®EgE) —F Il VEEZ,
where Egg (%) represents the projection of Egg(%) into Xj,,
and [I. || is the euclidian norm. In a similar way to (4), we
pre-compute in an offline procedure the quantities related to



this residual. Then, we choose &, = argmaxges(1(§)) as
the next collocation point for which system (2) has to be
solved. This approach is described in Algorithm A1l:

Given Xgg and Z.
fori=1,...,size(X)
for each € € X do
Compute Egg(€) solution of (3)
end
£ = argmaxees(1(£))
Solve (2) with &, and Egg(€,,) as the initial guess
Xpr <= span(Xgg, E(€nm))
=3 — {Em}
end

Algorithm Al: use of the APEI

I1l. DOSIMETRY PROBLEM

The example concerns a 2D problem of hyperthermia
where an electromagnetic wave illuminates a tumor in a
patient (see Fig. 1). We consider that the relative
permittivity and conductivity of 4 tissues are random
variables with uniform laws:

ei~U(el el ), and o'~U(ohyin, Ohax) 1 <1< 4.
For this problem, the solution of (2) is computed by using
the Conjugate Orthogonal Conjugate Gradient (COCG) [7].

Fig. 1. Mesh for the considered problem

To test the efficiency of the RBM, 4 strategies to choose
the initial guess are tested:

(i) the zero vector,

(ii) the nearest previous solution [4] with the following

distance:
i _giy2 i_ iy2
d(&, &) = ?:1 (8}::)5(_2:;:;“)2 + Z?:l (G}'l(:;s(_ziin)z )
(iii) the reduced basis approximation without using
APEI,

(iv) the reduced basis approximation by using APEI.
The efficiency of each approach is evaluated by a
convergence study of the COCG in computing the 17
collocation points generated by the two first steps of the
SAA. The relative residual of the COCG is fixed to 107°.
Results are reported in Fig. 2: solution using the RBM
approximation needs less iterations than (i) and (ii). It
appears that SCM combined with a RBM reduces the
number of iterations. The total number of the iterations to

solve the 17 linear systems (2) is: (i) 4284, (ii) 3403, (iii)
2550, and (iv) 2502 iterations.
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Fig. 2. Iteration number of the solver vs. the number of computed solutions

The value of the maximum of the APEI is reported in
Fig. 3: it appears that it decreases monotically. The trend is
nearly the same for the number of iteration in strategy (iv)
(see Fig. 3).

300 -10°

Iteration number of the COCG
1S
Maximum of the APEI

o r r r r r r r
1 3 5 7 9 11 13 15 17
Number of computed solutions
Fig. 3. Evolution study of maxzcy(n(€))

IV. REFERENCES

[1] A. Hadjem, D. Lautru, C. Dale, M.-F. Wong, V. Fouad Hanna, and J.
Wiart, “Study of Specific Absorption Rate (SAR) Induced in Two
Child Head Models and in Adult Heads Using Mabile Phones,” IEEE
Transactions Microwave Theory and Techniques, vol.53, no.1, 2005.

[2] D. Xiu, “Fast Numerical Methods for Stochastic Computations: A
Review,” Communications In Computational Physics, vol.5, no.2,
pp. 242-272, 2009.

[3] D. Voyer, L. Nicolas, R. Perrussel, and F. Musy, “Comparison of
methods for modeling uncertainties in a 2d hyperthermia problem,”
Progress In Electromagnetics Research B, vol.11, pp. 189-204, 2009.

[4] H. Zhu, X. Zeng, W. Cai, X. Luo, J. Xue, and D. Zhou, “A sparse
grid based spectral stochastic collocation method for variations-
aware capacitance extraction of interconnects under nanometer
process technology,” Proceedings of the conference on Design,
automation and test in Europe, pp. 1514-1519, 2007.

[5] G. Rozza, D.B.P. Huynh, and A.T. Patera, “Reduced basis
approximation and a posteriori error estimation for affinely
parametrized elliptic coercive partial differential equations,” Arch.
Comput. Methods Eng., vol.15, no.3, pp. 229-275, 2008.

[6] Fares, J.S. Hesthaven, Y. Maday, and B. Stamm, “The reduced basis
method for the electric field integral equation,” Scientific Computing
Group, Brown University, n0.2010-15, April 2010.

[7] Vander Vorst, H. A. and J. B. M. Melissen, “A Petrov-Galerkin type
method for solving Ax = b, where A is symmetric complex,” IEEE
Trans. Mag., vol.26, no.2, pp. 706-708, 1990.



