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Problem

The equation to be solved is
=V - (k(x,w)Vu(x,w)) = f(x) (1)

where k = e2*%) is a lognormal random field.
@ Assume a bounded spatial domain D C R2.

@ The boundary conditions are deterministic.

u(x,w) = g(x) on dDp
du
= 0on 0D, .

@ Models groundwater flow through a porous medium [15].
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Outline

© Approximate the random field using the Karhunen-Loéve
expansion.

@ Solve the PDE using stochastic Galerkin method.

© Compare mean and variance of the solution to those obtained
using the Monte-Carlo method.
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/ -
Karhunen-Loéve expansion
The expansion is

a(x, €) = ao(x +Zfas . (2)

@ ap(x) is the mean of the random field.

@ The random variables & are uncorrelated with E[¢s] = 0,

Var[&s] = 1.
@ The \s and as(x) are eigenpairs which satisfy
(Cas)(x1) = / C(x1, x2)as(x2)dxa = Asas(x1) , (3)
D

where C(x1,x2) is the covariance function of the random field.
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Discretization of the eigenvalue problem

@ The square domain D is discretized intervals of equal size h in
each direction.

@ The eigenvalues of the covariance operator satisfy
h2CV = AV . (4)
where Cjj = C(x;, x;).
@ The approximation of the eigenfunctions are

as(xi) = %V (5)
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Discretization of the eigenvalue problem

@ Alternatively, g samples of the random field can be used to
form the sample covariance matrix:

G =23 (alwn) - 3)(abg. ) — ) (6)
k=1

g

where 3; is the sample mean.
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Covariance function

@ The covariance function for the Gaussian random field with

mean p and variance o2 is

Cg((xlvyl)a (X2,y2)) = 02 exp ‘ ! 2| + ‘yl y2|
by b,
()

where by, b, are the correlation lengths.

@ The eigenvalues and eigenfunctions have analytic expressions

for this covariance function.

Results
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Validation of eigenpairs

@ Two methods for finding eigenpairs verified by comparing with
analytic expressions for the Gaussian random field.

1D Gaussian random field

analyfic cow
sampling
anlylic

Figure: Eigenvalues of Gaussian random field with parameters b = 1,
g = 10000 computed using analytic expression and the two covariance
matrices.
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Covariance function

@ The covariance function for the lognormal random field can be
written as a function of the Gaussian covariance function.

Ci{(x1, 1), (xa, y2)) = €277 (eCelbam)bena)) 1) [g]. (8)

@ This expression is used to build the covariance matrix and find
the eigenpairs.

@ The sampling method would allow this model to be used when
structure of the random field is unknown but can be sampled
at various points in space.
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Karhunen-Loéve expansion

The lognormal random field can be approximated two ways:

k(x,§) = explao(x) + Z VAiai(x)é] (9)

k(x,n) = ko(x +ka (10)

i=1

o {¢} are independent Gaussian random variables, so the joint
probability density function, p(&), is known.

@ The joint density function of the random variables, 7;, is
needed.

o Let m = max(mg, m;) and the joint density function, p(7), is
found using a change of variables.
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Probability density function

@ Define matrices A = [a1|az]...|am] and K = [ki|kz|...| k]
where the columns are the eigenfunctions evaluated at the
points in the spatial discretization.

o Define the mass matrix Bjj = [, ¢i(x)¢;(x)dx.

@ A was normalized so that ATBA = |.

o Define the diagonal matrices A = diag(A1, A2, ..., A\m) and
M = diag(pa, p2, s fim)-

o Define vectors & = [€1,&,...,&m] T to be the standard normal
random variables in the Gaussian random field and
n = [n,m2,....,nm] " to be the unknown random variables in
the lognormal expansion.
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Probability density function

NAT B(k(x,€) — ao(x)) = AT B(k(x, ) — ao(x)) - (11)
& = g(n) = NATB(In(ko + KMn) — ao) . (12)

e p(n) = p(g(n))|J(n)| describes the density for 1 such that
ko + KMn > 0.

@ |J(n)| is the absolute value of the determinant of the
Jacobian, which we can find since g(n) is differentiable.
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Probability density function

probability density function, M=1

nar A

pln,)

04r B

0.2r A

M

Figure: Probability density function for 1d field m =1, b = 10.

Results
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Probability density function

probability density function, M=2

plnymg)

o 4

Figure: Probability density function for m =2, b = 10.

Results
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Probability density function

The joint density function can be used to find the marginal
density functions which have mean 0 and variance 1 as
expected.

Samples of k(x, &) were generated with m N(0, 1) samples for
each instance.
To find samples of @(X,n), accept/reject sampling is used.

Uniform samples over the support of density function are
generated and the probability density function evaluated at
those values.

In addition another uniform sample on (0,1) is generated, if
this value is above the value of the pdf it is kept as a sample
of the distribution.

The sample mean of k(x,&) and ?(\(X,T]) can now be
compared.

Results
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Probability density function

Expectation. # of samples = 10000 Expectation. # of samples = 100000

—explaib)
kA,

exp(a(x§)
Ksim)

Figure: Compare E[?(x,n)] and E[k(x, )] using Monte-Carlo method.
Lognormal samples found using accept/reject technique.

Results
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Deterministic diffusion equation

@ For the Monte-Carlo method the deterministic diffusion
equation needs to be solved.

=V - (k(x)Vu(x)) = f(x) . (13)

@ Let D be square and discretize with bilinear elements on
quadrilaterals of size h by h.

@ Let ¢;j(x) denote the basis functions.
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Deterministic diffusion equation

Find u(x) € HE(D) = {u € HY(D) : u= g(x) on 9Dy} such that

/ k(x)Vu(x) - Vv(x)dx :/ f(x)v(x)dx (14)
D

D

is satisfied for all v(x) € H}(D).
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Deterministic diffusion equation

@ The finite element solution is

n n+ny
un(x) =D g + D uidi(x) . (15)
j=1 j=nt1

where n is the number of elements on the interior and ny is
the number of elements on the boundary.

e To find the coefficients u;, solve Au = b where

Ay = [ K450 V() o (16)
n+ny
b; = /D Pi(x)f(x) dx—jzzn;l uj /D k(x)V¢;(x) - Vi(x) dx

(17)
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Deterministic diffusion equation

@ Implemented with Matlab package Incompressible Flow &
Iterative Solver Software(IFISS) [10].

e D=0,1] x [0,1].
o f(x)=1, g(x) =0, k(x) =1, h=10.0625, ng = 64, n =225
@ Analytic solution [1]:

(18)

[lun(x) — u(x)]]2

[uGll2

=331x1073 (19)
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Deterministic diffusion equation

Figure: Deterministic solution, k(x) =1

Results
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Monte Carlo Method

@ Use the deterministic solver for each of g finite element
problems, denoting the solution uj(x) for i =1, ..., q.

@ The sample mean of the solution is

q

Bolun] =< 3 Uh(x)
i—1
1 & 2 2
Var q[Uh] = E Z(Uh(X) - Eq[uh] )
i—1

@ The error in the mean is
Elu] — Eqlup] = E[u] — E[up] + E[un] — Eq[un].

Results
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Monte Carlo Method

@ Using the KL expansion from the Gaussian random field
— mg
k(x,&) = explao(x) + Z V Asas(x)&s] (22)
s=1

where &, are independent and N(0,1) [13].

@ Sample the mg standard normal random variables g times to
produce samples kj(x) for i =1,...,q.

@ Running method with ¢ = 0 differs from the deterministic
solution ~ 10712,
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Monte Carlo Method

Figure: Monte Carlo solution: E[k(x,£)] =1, f(x) =1, m=35,
g(x) =0.

[ 0n

(a) 0 =0.001,g =100  (b) o = 0.5, q = 100000



Introduction Karhunen-Loéve expansion Monte-Carlo method Stochastic Galerkin method Results

Stochastic weak formulation

@ Write the solution as combination of basis functions which
can be used to estimate statistical properties of the solution.

@ The stochastic basis functions are analagous to the spatial
basis functions used in the deterministic method.

@ Using the KL expansion, the probability space, €, is
approximated by I, where I is the support of the joint density
function of the random variables in the expansion.

@ The weak formulation of the problem is to find
u € HY(D) ® L2(T) such that the following holds for all
v € H}(D) @ L*(T)

/r /D k(x,n)Vu-Vvp(n) dx dn = /r /D fvp (n)dx dn (23)
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Chaos polynomials

@ The spatial discretization uses the same bilinear elements as
the deterministic problem (¢;(x)).

@ The stochastic discretization uses chaos polynomials

¥i(n) = i (1Y (12)-- ), (7m) - (24)

@ The chaos polynomials are chosen to be orthonormal so that

E[i(n)vi(n)] = 6.
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Chaos polynomials

@ The number of basis polynomials is chosen by setting an
upper bound (N) on the degree of the polynomials.

deg(v;) = deg(t)j,) + ... +deg(vy,,) <N Vj  (25)

@ The polynomials can be reindexed j = 1, ..., n, where

n,y = <N + m) . (26)

m
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Stochastic Galerkin method

@ The solution is written as a combination of products of the
two basis functions.

un(x,m) =D uidi(x)ei(n) (27)
i=1 j=1
v(x,n) = p(x)i(n) (28)
@ The problem is to find the coefficients uj; which satisfy
S>3 [ [ ke ) Vi) - Venxpvstnentn)ta)dnd
i=1 j=17T“/D

_ /r /D F () () (n) () e (29)

foreach k=1,...,ncand I =1,... n,.
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Stochastic Galerkin method

@ Define pg = 1 and 79 = 1, so the KL expansion can be written
m
k(x,n) = Z vV fsks(X)1s - (30)
s=0
@ The solution u can be found by solving Au = b where

m
A=>"G, @A, (31)
p=0

A = [ ik V010 Vorlax (32
D
(Goly = [ ot n)en(n)pn)e (33)

b= /D () (x)dx /r i(n)an)dn (34)
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Stochastic Galerkin method

@ The mean and the variance of the solution are

Efu(x,n)] = ZX ujr¢i(x) (35)

i=1

nx  nx My

Var [u(x,n)] =Y ) > ujugdi(x)de(x)  (36)

i=1 k=1 j=2
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Orthogonal polynomials

@ Introduce the assumption p(n) = p1(m1)p2(1m2)---Pm(Mm)-
@ The integral for [Gp]j; becomes

[Gp]jlz/r Vi(m)vi(m)vi(n)pa(na)dna... (37)

[ 1ot 10 o5 .

Mp

/r G501 Y 1 ()P ()

@ For each of the random variables the ith component of the
orthogonal polynomials 1);(7;) is constructed using the
three-term recurrence relation, where the coefficients are
found using the Stieljtes procedure.
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Orthogonal polynomials

@ The k + 1 degree polynomial is:

Yrra(mi) = (m = aw)e(mi) = Bew—1(mi) — (38)
for k =0,1,..., where ¥_1(n;) = 0 and v¢o(n;) = 1.

@ The recurrence coefficients are

_ S itk i (ni) pi(ni) dni
I w(ni)bic(ni) pi(ni)dni

for k=0,1,2,... and

(39)

fwk wk 77:)/):(77:)0'?7/

Bk_ fwk 1 wk 1(77/)/0/(77/)an

for k=1,2,....
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Stieljtes procedure

@ Let [a, b] be the support of p;(7;) and discretize with R points.

@ The coefficients are:

Zf:l Nie Wt1/’k,R(77it)T/Jk,R(nit)Pi(Uit) (41)
SR wetbr R (i )Yk R (i) p(107)

SR webi R (0 )iR (1) pi(i)
SR wetbk—1 R (03 )Yk—1.R (i) p(117)

QR =

Bk,r =

(42)
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Stieljtes procedure

@ The weights and nodes are found using a Fejer quadrature
where the nodes are related to the roots of the Chebyshev
polynomials.

nv—;(b—a)cos<2‘;/\_/ll> +%(a+b) (43)

szi 1_22(:05(2”(?‘/’\;’1)) (44)
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Stieljtes procedure

@ The procedure was implemented for Matlab by Gautschi [4]
where the interval is broken up into component intervals.

@ This procedure was called to construct the polynomials for
each of the m marginal density functions.
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Results, m=1

Figure: Stochastic Galerkin solution: E[k(x,n)] =1, f(x) =1, m=1,
o=0.1, by =b, =10.

01 mean solution 51 variance solution

x 10

(b) Variance
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Results, m=1

@ Validation of the stochastic Galerkin method is acheived by
comparing with the Monte-Carlo solution.

@ With standard deviation, 0 = 0.1, and correlation lengths,
by = b, = 10 the first eigenvalue includes 93.22% of the

variance.
1E[ulmc — Eldlslle _ , o0\ -4
|E[u]mcl|2
||sdmc — sdsgll2 _ 9.00 x 10~3

||sdmc|2

@ Given the small standard deviation, the solution is not so
different from the deterministic result.
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Results, m = 2

Figure: Stochastic Galerkin solution: E[k(x,n)] =1, f(x) =1, m =2,
o =05, by = b, = 10.

., @1 variance solution

®10

(a) Mean (b) Variance
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Results, m = 2

o Assume p(n) = p1(n1)p2(n2)-
e 0 =0.5 and by = b, = 10, which incorporates 94.67% of the
variance in the first two eigenvalues.

|E[u]lmc — Elu]scll2
||E[u]mcl|2

||sdmc — sdsc||2
||sdmcl|2

=3.95x 1073

=132x 107t
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Results, m = 2

@ The Monte-Carlo method with g = 100, 000 takes
approximately 3.5 hours.

@ The stochastic Galerkin method took approximately 0.5 hours.

@ Unlike the Monte-Carlo method, the SG method scales as a
function of the number of random variables.

@ The majority of the time spent on the stochastic Galerkin
method is in computing the two marginal density functions
needed.
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Deliverables

@ Code to compute the moments of the solution using the
Monte-Carlo method

e Verified using 0 = 0 and comparing with deterministic solution.

Code to compute the moments of the solution using a KL
expansion and stochastic Galerkin method.

o Implemented for expansions of up to two random variables and
standard deviation up to 0 = 0.5 and verified using the
Monte-Carlo results.

@ Comparison of the results for varying number of terms in the
KL expansion.

@ Comparison of computational cost for the two methods
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Conclusion

@ The stochastic Galerkin method for performs faster than
Monte-Carlo methods for m =1 and m = 2.

o A different quadrature routine to compute the marginal
density functions could improve computation time.

@ The assumption about separability of the density function does
not hold for standard deviations much higher than ¢ = 0.5.

@ Having the joint density function illustrates using the direct
expansion of the lognormal random field can be used to solve
this problem.

@ The stochastic collocation method does not require

orthogonal polynomials, so no assumption of separability
would be needed.
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