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Abstract We give the general principle of the Stochastic Finite Volume method
and show its versatility by many examples from standard ODE to fluid problems.
We derive the error estimates for the mean and variance resulting from the SFVM
and show that the convergence rates of the statistical quantities are equivalent to the
convergence rates of the deterministic solution. We propose the anisotropic choice
of the mesh nodes for high-dimensional stochastic parameter spaces and analyze the
efficiency of the anisotropic stochastic mesh adaptation algorithm.

We finally generalize the SFVM approach and apply the DG discretization on the
unstructured triangular grids in the physical space. We demonstrate the efficiency
and the scaling of the implemented methods on various numerical tests.

1 Introduction

1.1 Deterministic Scalar Hyperbolic Conservation Laws

Many problems in physics and engineering are modeled by hyperbolic systems
of conservation or balance laws. As examples for these equations, we mention
only the Shallow Water Equations of hydrology, the Euler Equations for inviscid,
compressible flow and the Magnetohydrodynamic (MHD) equations of plasma
physics, see, e.g. [10, 15].

The simplest example for a system of hyperbolic conservation laws is the Cauchy
problem for the scalar (single) conservation law:

Lo .,
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augmented by the initial data
u(x,0) = up(x), xeR%L 2)

Here the unknown is « : RY > R and Jf; is the flux function in the j-th dimension.
Solutions of (1)—(2) develop discontinuities in finite time even when the initial
data uy(x) is smooth and must be interpreted in the weak sense (e.g. [10, 15, 16, 32]).

1.2 Stochastic Conservation Laws

Many efficient numerical methods have been developed to approximate the entropy
solutions of systems of conservation laws [15, 21], e.g. finite volume or discontin-
uous Galerkin methods. The classical assumption in designing efficient numerical
methods is that the initial data Uy is known exactly. However, in many situations
of practical interest, these data are not known exactly due to inherent uncertainty in
modelling and measurements of physical parameters. In the present work, we follow
[25] and describe incomplete information in the uncertain data mathematically as
random fields. Such data are described in terms of statistical quantities of interest
like the mean, variance, higher statistical moments; in some cases the distribution
law of the stochastic data is also assumed to be known.

A mathematical framework of random entropy solutions for scalar conservation
laws with random initial data has been developed in [25]. There, existence and
uniqueness of random entropy solutions has been shown for scalar hyperbolic
conservation laws, also in multiple dimensions. Furthermore, the existence of the
statistical quantities of the random entropy solution such as the statistical mean
and k-point spatio-temporal correlation functions under suitable assumptions on the
random initial data have been proven. The existence and uniqueness of the random
entropy solutions for scalar conservation laws with random fluxes has been proven
in [27].

Numerical methods for uncertainty quantification in hyperbolic conservation
laws have been proposed and studied recently ine.g. [2, 8, 17, 22, 23, 25, 26, 29, 35,
36].

1.3 Random Fields and Probability Spaces

We introduce a probability space (§2, .7, P), with §2 being the set of all elementary
events, or space of outcomes, and .% a o-algebra of all possible events, equipped
with a probability measure P. Random entropy solutions are random functions
taking values in a function space; to this end, let (E, %, G) denote any measurable
space. Then an E-valued random variable is any mapping Y : §2 — E such that
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VA € & the preimage Y™'(A) = {w € 2 : Y(w) € A} € .Z, i.e. such that Y is a
¢-measurable mapping from £2 into E.

We confine ourselves to the case that E is a complete metric space; then
(E, B(E)) equipped with a Borel o-algebra #(E) is a measurable space. By
definition, E-valued random variables Y : 2 — E are (E, %’(E)) measurable.
Furthermore, if E is a separable Banach space with norm || o ||z and with topological
dual E*, then #(E) is the smallest o-algebra of subsets of E containing all sets

{xeE:px)<a},p e E*,a eR.

Hence, if E is a separable Banach space, Y : 2 — E'is an E-valued random variable
if and only if for every ¢ € E*, w > (p(Y(a))) € R is an R-valued random variable.
Moreover, there hold the following results on existence and uniqueness [25].

For a simple E-valued random variable Y and for any B € .% we set

N
/ Y(0) P(dw) = / YdP =) xP(A; N B). (3)

B B i=1

For such Y(w) and all B € .% holds

H / Y@ Pdo)| < / | Y (@) [l P(do). @
B B

For any random variable Y : £2 — E which is Bochner integrable, there exists a
sequence {Y,,}men of simple random variables such that, for all v € 2, |Y(w) —
Yu(®)||[g — 0 as m — oo. Therefore (3) and (4) can be extended to any E-valued
random variable. We denote the expectation of Y by

E[Y] = | Y(0)P(dw) = ll)n;o Yu(w)P(dw) € E.
[remso-m]

Denote by L7 (§2, % ,P; E) for 1 < p < oo the Bochner space of all p-summable,
E-valued random variables Y and equip it with the norm

1/p

1
I Yl @2:m) = (Bl YIZ]) = / 'Y ()| P(dw)
For p = oo we can denote by L*°(£2,.%,P; E) the set of all E-valued random

variables which are essentially bounded and equip this space with the norm

I Yl[zoo(2:k) = ess sup || Y ()&
wER
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2 General Framework

2.1 General Principles

Assume a deterministic problem is written as
Z(u) =0, 5)

defined in a domain K C R¢ with boundary conditions, and if needed initial condi-
tions. Since the discussion of this section is formal, we include different initial and
boundary conditions of the problem in the symbol .Z. Let the operator .Z depend in
some way on parameters ( for example, considering fluids, in the equation of state,
or the parameter of a turbulent model), that in many cases are not known exactly.
Hence we assume that they are random variables defined on some random space §2,
and that these random variables are measurable with respect to a measure du defined
on 2. Hence our problem can formally be seen as a “stochastic”” PDE of the type

Z(u,X) =0, (6)

defined in a domain K C R¢, subject to initial and boundary conditions, and where
X is a random variable defined on £2. For simplicity, we use the same notation .
for the problem. The operator . depends on u = u(x,t,X) and X = X(w) where
x e RS fors € {1,2,3}and t € R* are respectively the space coordinate and time,
and the random event (or random parameter) w belongs to §2. In the case of steady
problems, the time is omitted. The random variable may also depend on space and
time, as well as the measure i, and the technique in principle can be extended to this
case but the discussion is beyond the scope of this chapter for simplicity of exposure.

We will identify §2 to some subset of R’, s being the number of random
parameters to define X. Thus we can also see (6) as a problem defined on a subset
K C R? of dimension d = s + p.

For any realization of 2, we are able to solve the following deterministic form
of (6) in space and time, by some numerical method:

Zn(up, X(w)) = 0. (7N

In order to approximate a solution of (6), the first step is to discretize the probability

space §2. We construct a partition of £2, i.e. a set of §£2;, j = 1,...,N that are
mutually independent

P($2; N £2;) = O for any i # j 8)

and that cover 2

Q2 =UY 2. )
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We assume p (§2;) = |, o dp > 0 for any i. We wish to approximate the solution of
(6) by the average conditional expectancies E(uy|£2;)

f-Qj Mhd]P)

Jq dP (10)
2

E(uh | .Qj) =

from the knowledge of the operator .%}, and thanks to a reconstruction procedure
inspired from the methods for high order finite volume methods: ENO, WENO, etc.
This idea, initially developed in [2], will be detailed in Sects. 3 and 4 for the finite
volume method on Cartesian and unstructured meshes, but can be used for ODEs as
in [3] as we show now by an example.

Remark Depending on the context, the described method will either be named as
semi intrusive (SI) (since very few modifications of an existing code need to be
done), or stochastic finite volume (SFV) method since in essence the conditional
expectancies can also be seen as integrals over a stochastic finite volume.

2.2 A First Example: The Kraichnan-Orszag Three-Mode
Problem

The Kraichnan-Orszag three-mode problem has been introduced by Kraichnan [19]
and Orszag [28]. It has been intensively studied to demonstrate that gPC expansion
could suffer from accuracy loss for problems involving long time integration. In
[37], the exact solution is given, and different computations have been performed in
[7, 11, 13,24,37, 38]. This problem is defined by the following system of nonlinear
ordinary differential equations

dyr
d y1ys,
dy>
- _ 11

dr V2Y3s (11
dys
G =

subject to stochastic initial conditions

y1(0) =y1(0;0),  y2(0) = »(0;0),  y3(0) = y3(0; w). (12)

In the literature, generally uniform distributions are considered, except in [38] where
beta and Gaussian distributions are also taken into account. The computational
cost of our SI/SFV method for the Kraichnan-Orszag problem is compared to that
of other methods, a quasi-random Sobol (MC-SOBOL) sequence with 8 x 10°
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iterations, and a Polynomial Chaos Method (PC) with Clenshaw-Curtis sparse grid.
The error in variance of y; is considered at a final time #r of 50. We define the error
between two numerically integrated functions f (t,) and f> (t,) j=1,--+,n,as:

IS (R )~ <r,~>>2

g2 = , (13)

nt\/ =1 fl t’

where f is considered the Monte Carlo converged solution. For different error
levels, corresponding computational cost is computed.

2.2.1 One Random Variable
First, we will study the 1D problem corresponding to initial conditions of the form
y1(0) = 1.0, »2(0) = 0.1, ¥3(0) = 0.0, (14)

where o is a uniformly distributed random variable varying in [—1, 1]. We use SI,
MC-SOBOL and PC method to compute the variance of y;. In Table 1, we show
the results in terms of number of samples required to reach a prescribed error ;2.
Performances of SI methods are comparable and even better than PC methods.

Then, the same problem described previously but with a different probability
distribution for y,(0) has been considered. In particular, w is discontinuous on
[a, b] = [—1, 1] with probability density function (pdf) defined by:

1
+ C;S(”x) ifx € [~1,0]
1
_ 1
f= %1104 T C(Z)S(”) if x € [0, 1] (3)
0 else

and M = 121 to ensure normalization. Because of the discontinuous pdf, only MC-
SOBOL and SI solutions can be compared, showing the great flexibility given by SI
method with respect to the form of the pdf. In Fig. 1, variance of y; (¢) is reported for
the converged solutions obtained with MC-SOBOL and SI. The SI method permits
to reproduce exactly MC-SOBOL solution. In Fig.2, a convergence study for SI
method is reported by using an increasing number of points in the stochastic space.
In Table 2, we reported number of samples required to reach a prescribed error ¢;>.
SI method shows to be very competitive in terms of efficiency and computational

Table 1 Number of samples Error level ;2 MC-SOBOL PC  SI
required for the 1D K-O 101 20 12 5
problem for time ¢ € [0, 10]

1072 240 19 10

1073 2200 23 20
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Fig. 1 Variance of y; computed by means of SI and MC-SOBOL methods (Reproduced with
permission from [3])
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Fig. 2 Variance of y; computed by means of SI for different meshes in the stochastic space
(Reproduced with permission from [3])
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Table 2 Number of samples

3 Error level e,z MC-SOBOL  SI
required for the

—1
1D-discontinuous K-O 10_2 35 7
problem for time ¢ € [0, 50] 10 250 160
1073 2500 900
0.15
01
Ky |
a |
b -
0.05 |
i MC-SOBOL
i o S1320x320 |
of ¢ -
ST IR R ERER SRR RANEN R SRR
0 10 20 30 40 50
t

Fig. 3 Variance of y; computed by means of SI and MC-SOBOL methods (Reproduced with
permission from [3])

cost with respect to MC-SOBOL method when whatever form of pdf is used (a
discontinuous pdf in this case). We remark that a uniform grid is used in the
stochastic plan without any type of adaptation. This displays the great potentiality
of this method if coupled with an adaptive method.

2.2.2 Two Random Variables

In this section, we use SI method to study the Kraichnan-Orszag problem with two-
dimensional random inputs:

y1(0) = 1.0, y2(0) = 0.1wy, y3(0) = s, (16)

where w, is discontinuous on [a, b] = [—1, 1] with a density defined by Eq. (15) and
wy is a uniform random variable in [—1, 1].

In Fig. 3, the SI capability to reproduce exactly MC-SOBOL solution is rep-
resented. SI and MC-SOBOL solutions are nearly coincident also for long time
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Fig. 4 Variance of y; computed by means of SI for different meshes in the stochastic space
(Reproduced with permission from [3])

Tabl.e 3 Number of samples Error level ;.  MC-SOBOL  SI

required for the 10— 160 .

2D-discontinuous K-O

problem for time ¢ € [0, 50] 1072 10,000 2500
1073 300,000 102,400

(t = 50). The mesh convergence study in the stochastic space for SI is reported
in Fig.4 showing that the solution obtained with a mesh of 320 x 320 is well
converged. In Table 3 computational cost required to reach a prescribed error of
g2 is reported. Reductions from 50 to 66% are obtained using SI with respect to
MC-SOBOL solutions.

3 Stochastic Finite Volume Method on Cartesian Grids

In this chapter, we concentrate on the analysis of the stochastic hyperbolic conser-
vation laws with random initial data and flux coefficients. Many efficient numerical
methods have been developed to approximate the entropy solutions of systems of
conservation laws [15, 21], however, in many practical applications it is not always
possible to obtain exact data due to, for example, measurement or modeling errors.
We describe incomplete information in the conservation law mathematically as
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random fields. Such data are described in terms of statistical quantities of interest
like the mean, variance, higher statistical moments; in some cases the distribution
law of the stochastic initial data is also assumed to be known. There exist several
techniques to quantify the uncertainty (i.e. determine the mean flow and its statistical
moments), such as the Monte-Carlo (MC), the Multi-Level Monte Carlo (MLMC)
and Stochastic Galerkin method, see [17,22, 23,25, 26, 29, 35, 36]. Here we analyse
a different approach to the uncertainty quantification in the conservation laws, the
Stochastic Finite Volume Method (SFVM), which is based on the finite volume
framework and was first introduced in [2, 8]. The SFVM is formulated to solve
numerically the system of conservation laws with sources of randomness in both
flux coefficients and initial data.

Consider the hyperbolic system of conservation laws with random flux coeffi-
cients

U
5 TV FU.0)=0.1>0; (17)

X = (xl,xz,x3) € Dx C R3, U = [Ml,...,MP]T, F = [Fl,Fz,F3], Fk =
If,... ,ﬁ,]T, k =1, 2,3, and random initial data

Ux,0,w) = Up(x,w), w € £2. (18)

A mathematical framework of random entropy solutions for scalar conservation
laws has been developed in [25]. There, existence and uniqueness of random entropy
solutions to (17)—(18) has been shown for scalar conservation laws, also in multiple
dimensions. Furthermore, the existence of the statistical quantities of the random
entropy solution such as the statistical mean and k-point spatio-temporal correlation
functions under suitable assumptions on the random initial data have been proven.

3.1 Stochastic Finite Volume Method

We parametrize all the random inputs in Eqgs. (17)—(18) using the random variable
y = Y(w) which takes values in D, C R? and rewrite the stochastic conservation
law in the parametric form:

AU+ V,-F(U,y) =0, xeD, CR’, yeD, CR?, t>0; (19)
U(x,0,y) = Up(x,y), xe D, CR? ye D, CR" (20)

Let 7, = U?LK)’; be the triangulation of the computational domain Dy in the

physical space and 6, = UIN;IK}’ be the Cartesian grid in the domain D, of the
parametrized probability space.
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We further assume the existence of the probability density function w(y) and
compute the expectation of the n-th solution component of the conservation law
(19)—(20) as follows:

Elu,] = /un,u(y)dy, n=1,...,p
D,

The scheme of the Stochastic Finite Volume method (SFVM), see e.g. [34], can
be obtained from the integral form of Egs. (19)—(20):

[ avnwaxiy+ [ 9.7y uw asay = o,

KL Ki KL Ki

Introducing the cell average

_ 1
O = [ Uyt asay
KKy
Ky KL
with the cell volumes
K| =/dx, K| =/M(y)dy
Ki K

and performing the partial integration over K’ we get

dU; 1
T+ /[/F(U,y)mdS}u(y)dy: 0
dr |Ki||Kj|

K, K

Next, we use any standard numerical flux approximation I:‘(fJL (x,1,y). Ur(x, 1, y), y)
to replace the discontinuous flux through the element interface F(U,y) - n. Here
fJL,R denote the boundary extrapolated solution values at the edge of the cell K,
obtained by the high order reconstruction from the cell averages. The complete
numerical flux is then approximated by a suitable quadrature rule as

_ 1 PP 1 N
k()= /[/F(UL,UR,Y)}M(y)dy% i 27 (1 Ym) I (Ym) Wi,
K1 L) Kl
1)
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where we have denoted the flux integral over the physical cell as F ,m =
(my,...,my) is the multi-index, y, and wp are quadrature nodes and weights,
respectively.

The SFV method then results in the solution of the following ODE system:

du; 1 -
’ . Fi;i(1) =0, 22
dr + IKi| i (1) (22)
foralli=1,...,N,, j=1,...,N,. Therefore, to obtain the high-order scheme we

first need to provide the high-order flux approximation based, for example, on the
ENO/WENO reconstruction in the physical space. Second, we have to guarantee
the high-order integration in (21) also by applying the ENO/WENO reconstruction
in the stochastic space and choosing the suitable quadrature rule. Finally, we need
the high-order time-stepping algorithm to solve the ODE system (22), such as
Runge-Kutta method.

3.2 Numerical Convergence Analysis

We perform the convergence analysis of the SFVM for a simple linear advection
equation with uncertain phase initial condition

u+au, =0, xe(0,1),
u(x,0) = sin (Zn(x + 0.1Y(a)))) .

The random variable y = Y(w) is assumed to be distributed uniformly on [0, 1].

The reference solution in this and other experiments of this chapter involving
convergence analysis has been computed exactly using the method of characteris-
tics.

In Figs.5 and 6, we plot the L' (0, 1) error for the expectation and the variance
of u with respect to the mesh size and the computational time. We investigate the
influence of different reconstruction orders in spatial and stochastic variables on the
convergence rates and therefore present the convergence plots for the SFVM based
on different combinations of ENO/WENO reconstruction in x and y. We compare
the SFVM with 1st, 2nd and 3rd order of accuracy in physical space combined with
3rd and 5th order reconstruction in stochastic variable. The type of reconstruction is
indicated in Figs. 5 and 6 as follows: for example, the line “SFV-x2y5” corresponds
to the 2nd order piecewise-linear ENO reconstruction in x and 5th order piecewise-
quadratic WENO reconstruction in y, the line “SFV-x3y5” stands for 3rd order
piecewise-linear WENO reconstruction in x with 5th order WENO reconstruction
in y, etc. The numerical flux used in all the numerical experiments of this paper is
the Rusanov flux. The results show that, while the convergence rate is dominated by
the order of accuracy in x, the algorithms with higher order reconstruction in y are
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Fig. 5 Mean: dependence of the error on the mesh resolution and computational time (Reproduced
with permission from [34])
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Fig. 6 Variance: dependence of the error on the mesh resolution and computational time (Repro-
duced with permission from [34])

more efficient computationally since the same error can be reached with less overall
computational time as compared to the lower order reconstruction in y.

3.3 Numerical Results
3.3.1 Buckley-Leverett Equation

As a second example for a scalar conservation law, we consider the Buckley-
Leverette equation with random flux:

u  If(w;u)
I
u(x,0) = up(x), (24)

0, xe(0,L), t>0; (23)
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where

u?

w;u) =
f@:u) u? + a(w)(1 — u)?

and ¢ = «o(w) is the random variable with known distribution. Assume further that
uo(x) is the Riemann initial data, that is

o () = up, if x < xo,
0 = .
ug, if x> xgp.

Note that the Buckley-Leverette equation models water flooding in a one-
dimensional petroleum reservoir and the above introduction of uncertainty reflects
the inherent uncertainty in measuring the relative permeability. We apply the
Stochastic Finite Volume method to solve (23)-(24) with L = 2.5, xo = 1.0,
ur = 0.8, ug = 0.3 and uniformly distributed «(w). The computational results for
two different distributions of «(w) are presented in Figs. 7 and 8. The solution mean

Convergence for E[u]: error vs resolution Convergence for E[u]: error vs time

—&— SFV x1y1 —&— SFV x1y1 o ~
SFV xeyt SFV x2y1 S
10_2 L | —e—sFv xaz‘ —e—SFV xﬁzi N N
SFV x5y1 SFV x5y1 ~
- - s=12 - - —s=1/4 N
- —-s=t - —s=1i2 \\\
10-3¢ BN
101 102 10-1 100 101 102
Nx time
1 Expectation, sx = 5, sy = 1
0.9}
——— SFV mean
0.8 s et
\ exact mean
0.7l \ "~ eactmean- o
=)
T 0-6¢
0.5}
0.4l
0.3}
0 20 0.5 1 15 2 25

Fig. 7 Convergence w.r.t. resolution (upper left) and computational time (upper right) of the
Stochastic Finite Volume method and solution mean (lower) for Buckley-Leverett equation with
random flux, «(w) ~ %[0.05,0.15]
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Convergence for E[u]: error vs resolution
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=~ —e— SFV x3y1
- SFV x5y1
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15

Convergence for E[u]: error vs time
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Fig. 8 Convergence w.r.t. resolution (upper left) and computational time (upper right) of the
Stochastic Finite Volume method and solution mean (lower) for Buckley-Leverett equation with
random flux, «(w) ~ %[0.8,1.2]

is complicated on account of the formation of a compound shock. Furthermore,
increasing the order of the spatio-temporal discretization does lead to a better
approximation of the solution. Note that increasing the order does not imply an
increase in the convergence rate as the solution is discontinuous.

3.3.2 Stochastic Sod’s Shock Tube Problem with Random Initial Data

Consider the Riemann problem for the Euler equations

U 0FU
L OF(U) _

5 o 0. xe(0.2), (25)

UL, x < Y(a)),

U(x,0,y) = Up(x,y) =
’ Ug, x> Y(w),

(26)
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Fig. 9 Sod’s shock tube problem with random shock location: density (left) and velocity (right)
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Fig. 10 Sod’s shock tube problem with random shock location: pressure

withy = Y(w), » € £2 and

U = [p.pu.E]". F = [pu. pu* + p. pu(E + p)] .

The initial data is set in primitive variables as

[1.0,0.0,1.0] if x< Y(w).

T
Wol, ) = [po(x, ).t @), polx, )] [0.125,0.0,0.1] if x> Y(w).

We apply the SFV method to solve the system (25)-(26) with Y(®) uniformly
distributed on [0.95, 1.05]. We have used the 3rd order WENO reconstruction in both
x and y variables. The results are presented in Figs. 9 and 10, in which the solution
mean (solid line) as well as mean plus/minus standard deviation (dashed lines) are
shown. The typical deterministic solution of the Sod’s shock tube problem with the
given initial conditions consists of the left-traveling rarefaction wave and the right-
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traveling shock wave separated by the contact discontinuity. However, a continuous
transition between the intermediate states instead of the discontinuities is observed
in the mean flow. This effect is unrelated to the diffusion of the numerical scheme
and is due to the smoothing properties of the probabilistic shock profile [31].

3.3.3 Stochastic Sod’s Shock Tube Problem with Random Flux and Initial
Data

Consider the Riemann problem for the one-dimensional Euler equations with
randomness in both flux and initial data

U, GF(U.0)

) b =0 x€(0.2) 27)

UL(Yz((I))), x < Yl(a));

Ux,0,w) = Uo(x, Yi(w), YZ(a))) = Uz, x> Y (w)
R» 1 ’

(28)

withy; = Yj(w), j=1,2,3, w € £2 and

U = [p, pu, E|T, F = [pu, pu® + p, pu(E +p)] ",
p=(- 1)(E— lpuz)
o).

We also assume the randomness in the adiabatic constant, y = y(Y3(a))), and
therefore

F(U,w) = F(U, Y; (a)))

The initial data is set in primitive variables as

Wo(x, w) = [po(x, ), uo(x, ®), po(x, w)] "

~{11.0,0.0,1.0] if x < Yi(w),
[0.125 4+ 0.5 ¥5,0.0,0.1] if x> ¥;().

We apply the SFVM to solve the system (27)—(28) with Y, (w) ~ %[0.95, 1.05],
2(w) ~ %[-0.1,0.1], Y3(w) ~ “[1.2,1.6] using the 3rd order WENO
reconstruction in both physical and stochastic variables. The results are presented in
Figs. 11 and 12, in which the solution mean (solid line) as well as mean plus/minus
standard deviation (dashed lines) are plotted.

The convergence results (dependence of the error on the number of mesh points
and on the computational time) for the solution mean are presented in Fig. 13. Due



18 R. Abgrall and S. Tokareva

DENSITY: mean

12 VELOCITY: mean
1 : [ Pt
\\
08¢ S —imean+ et 08¢ 3
0.6+
- 06 2 {
£ N - - 2 04} ‘.\
0.4} - mean \\
0.2t ~ = = mean + std| wo\ Y
== mean - std| 1
0.2 e N 0
_____ wo g
w/
0 -0.2
0 0.5 1 1.5 2 25 0 0.5 1 1.5 2 25
X

Fig. 11 Sod’s shock tube problem with random flux and initial data: density (left) and velocity
(right) (Reproduced with permission from [34])
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Fig. 12 Sod’s shock tube problem with random flux and initial data: pressure (Reproduced with
permission from [34])

Convergence for E[u]: error vs resolution

Convergence for E[u]: error vs time
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Fig. 13 Sod’s shock tube problem with random flux and initial data: convergence of the mean
w.r.t. physical mesh resolution (left) and computational time (right)
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to the shock formation in the path-wise solution the maximum order of convergence
for the mean is limited to 1.

3.4 Adaptive Parametrization of the Stochastic Space for
SFVM

In this section we introduce the mesh adaptation technique for the Stochastic
Collocation FVM and apply it to reduce the computational cost of the Stochastic
Finite Volume method. To this end, we consider the following model problem:

du o) o ep—(0.L]CR. 1>0: (29)
ot ox
u(x,0,w) = up(x,w), x€ D, w € £2. (30)

Assume that the initial data is given as the Karhunen-Lo¢ve expansion:
o, ) = () + 3 ¥;(w) 1), 31
jz1

where @;(x) and A; are the eigenfunctions and eigenvalues of the integral operator
with covariance kernel:

/Cy(xl,xz)q)(xl)dxl = AD(x2).
D

We can therefore choose the random variable to parametrize the stochastic
conservation law asy = (y1,y2,...) = Y(w) = (Y1 (w), Na(w),... ), then

wro) =y =il + ).

=1

The adaptation technique remains absolutely the same in the case of SCL with
random fluxes, e.g. when the flux has the form

Fo) =F@) + YY) A9,).
=1

where @;(1) and A; are the eigenfunctions and eigenvalues of the integral operator
with covariance kernel:

/ Cy(ur u)®(ur) duay = Ad ().
D
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Let uo(x, ) be the Gaussian process with exponential covariance [14]
Cy(x1,x2) = oge 72l

then
2no} 1

A= Di(x) = [mwj cos(wjx) + sin(wjx)],
¢m%§+nu2+n

GRS
where w; are the roots of
(*w? — 1) sin(wL) = 2nw cos(wL)
and
Y~ A1), E[Y; Y] =8
We next consider the Burgers’ equation with following initial conditions:
q
up(x,y) = sin(mx) + 0.1x(x — L)( ny \/Ajdﬁj(x))
j=1

In order to reduce the computational cost of the SFV method, we propose the
mesh adaptation in the stochastic space based on the choice of the number of nodes
in each of the stochastic coordinates according to

M:cm¢% (32)

Table 4 lists the convergence rates of the SFVM with adaptive meshing algo-
rithm, for the s-th order in the physical variable and p;-th order in the stochastic
variables.

Table 4 Convergence rates of the SFVM with anisotropic stochastic
mesh

Nx s=1,pp=1 Nx s=1p=5 Nx s=2,p=2

_ 4 - 4 -

8 1.100440 8 1.212217 8 1.408558

16 3.056992 16  3.024343 16  2.638068

32 0.741016 32 0.724594 32 2.723459

Nx s=3,pp=3 Nx s=3,pp=5 Nx s=5p =5
4 - 4 - 4 -

8 1.458768 8 1.558384 8 1.746105

16 2.553230 16 2.478849 16  2.204640

32 2.900257 32 2817779 32 3.619253
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Error vs resolution for E[u], sx = 3, sy = 3 Error vs time for E[u], sx =3, sy =3
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Fig. 14 Convergence: error vs space resolution (left) and error vs runtime (right)
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Fig. 15 Runtime (seconds) (Reproduced with permission from [34])

Figure 14 shows the convergence of the adaptive SFVM algorithm (“SFV adapt™)
and the SFVM without stochastic mesh adaptation (“SFV noadapt”). The non-
adaptive version of the SFVM simply uses equal number of cells in each stochastic
coordinate, while the adaptive version chooses the number of cells in each y;
according to (32). The computational time needed to perform both algorithms is
shown in Fig. 15. Clearly, the proposed adaptation of the algorithm improves the
convergence properties of the SFV method.

3.5 Efficiency of the SFVM

We compare the efficiencies of the SFV and MLMC methods [25, 26] for the
solution of the one-dimensional stochastic Sod’s problem for the Euler equations
described in Sect. 3.3.3. Figure 16 illustrates the convergence of SFVM and MLMC
based on 1st and 2nd order FV ENO/WENO solvers.
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Convergence for E[u]: error vs resolution Convergence for E[u]: error vs time
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Fig. 16 Convergence of the SFVM and MLMC (upper plots) and detail of the solution mean
(lower plot) (Reproduced with permission from [34])

Figure 16 demonstrates that both approaches lead to the same orders of conver-
gence in space while SFVM with properly chosen reconstruction orders appears
to be more efficient in terms of error-to-work estimates. Moreover, the solution
mean generated by the MLMC method contains spurious oscillations which do
not disappear by physical mesh refinement, while the SFVM produces monotone
statistical solution at the same level of stochastic resolution.

3.6 SFVM Error Estimates for the Statistical Solution

3.7 Estimates in Loo,-Norm

Consider the stochastic scalar conservation law in the parametric form

du | of(wy) _
ot + o

u(x,0;y) = uo(x;y). (34)

0, xeD,yeY, t>0, (33)
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N,
Let Y = J Yi, where Yy is the mesh cell in the stochastic variable y. Denote the
k=1
probability density function by wu(y).
Assume u = u(x,t;y) is the exact solution to (33)—(34) and uj_ is its approxi-
mation at a fixed time moment ¢ = ¢, resulting from SFVM. Denote u;, = {u},}.
Assume further that the following error estimate holds:

lu — upllLooxyy < CLAX + CLAY', (35)
where Ax and Ay are typical mesh sizes in the physical and stochastic coordinates,

respectively. Note that the error analysis for the Loo-norm applies to the case of
smooth solutions; in the presence of shocks one should consider L;-norm instead.

3.7.1 Error Estimate for the Mean Ej, [u;]
We have:

Lemma 1 The mean value of the exact solution at the point (x;, ") is

Efu] xp #") = / (i £ )i () d, (36)
Y

and the corresponding SFVM approximation is computed as follows:

N,
Bl = 3 dyor, o = [ 37)
k=1 7
Then
|E[u] = Enus] HLOO(D) < lu — up||zoo (pxy)- (38)
Proof

k

|E[u] (xi, 1) — Enlun]}| = Uu(xi,f”;y)u(y) dy — Zu?kwk
Y

- ‘Z [ vt tinueiay- 3 [ u(y)dyH > [ luto 5=t Jnras
k Yi k k Yi

Yi
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<3 [ ot o) = iy < sup (. 7:) = 3 [

k oy k y,

= sup . ) - i / ) dy = sup . ) — i
k k

ik |

and

|E[u] = Enus] HLOO(D) < |lu — un |l oo (xv)-

3.7.2 Error Estimate for the Variance V;,[u;]

We have

Lemma 2 The variance of the exact solution at (x;, ") is equal to

V[u](xi, 1) = B[ (u(xi, ') —B[u] (i, )] = B[ (x, )] — (B[] (xi, 7))

and is approximated by
Vilul! = Ex[u}]} = (Ealunl})’.
Then
| V[e] = Va[un] ||L°°(D) Cllu — up|| oo xy)-

Proof The approximation error for the variance can be computed as

[ Vi) = Vilual | oo ) = IE[w*] = (BI)* = En[u] + (Enlat])” | oo
= | (B[] = Eali5]) = (El)” = (Exlie])) | o
< B[] = B[] ] oo ) + | (L) = (Ealital)” | o0
We can estimate the first term as

(B[ (i )] = En[ui]}] = '/ () dy = 3 ()

k

= |3 [ rimoa- > )’ / u(y)dy‘

k Yk Yk

(39)

(40)

(41)

(42)

(43)
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Z/ [Mz(x,', ";y) — (u:lk)z] w(y) dy'

k7
= Z/ [u(xi,t";y)—u?k]\/u(y) [u(xi 1 y) +u§‘k]\/u(y)dy’
k7
N 1/2 5 1/2
< Z(/[M(xi,t”;y)—u?k] M()’)d)’) -(/[u(xi,t”;y)+u?k] u(y)dy)
k Yk Yk
) 1/2
< ([Tt -l noras)
kN
2 1/2
<cy (/ |u(xi, 7 y) — | M(y)dy)
KNy
1/2
< Cs;lp |u(xi. 1" y) — uf’k|(/ u(y) dy) = CSlylp |u(xi 15 y) — uly|. (44)
k v &
and hence

H]E[uz] - Eh[ui] HLOO(D) < C”Lt - Mh”LOO(DXY). (4’5)

For the second term we have

[ (Bl e ) = Ealsl?) | oo
= | (Bl Cai. ) = Enlun]?) (ELa) i, #7) + Enluen]}) | oo
< Bl (eis ) = Enlun]} | oo () | Bl Geis ) + Enluanl} | oo iy
< C|Ep) i ') = Elin]} | oo ) < Cllu = unllzoeoxr).  (46)
Finally,
|VIul = Valunl | oo py < Clle = unll oo oscry-

Analogous estimates can be obtained for higher moments.
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3.8 Estimates in L'-Norm

Denote by u the exact solution of (33), by ), the numerical solution which is exact in
x variable and discretized in y and by ;" the numerical discretized in both variables.
Assume that the numerical solution converges with rate p in x variable and rate r in
y variable, that is

lluy, — 1 |1y < C1AX" Vy €Y. (47)
flu — ”Z”L‘(Y) < G Ay Vx € D, (48)
The next estimate follows immediately from this assumption:

lu — 1 |1 pxy) < CLAXY + C A" (49)

3.8.1 Convergence of Ej[u;’] in L'-Norm
We have
Lemma 3 The expected value of the exact solution is a deterministic function

MM@J@=/¢@mﬂwuuﬁm (50)
Y

and the approximation of the expectation of the numerical solution is, as before,
equal to

Ny Ny Ny

BT = Yoo = 3ou, [ =3 [uiunay
k=1 k=1 3 k=1y
=/%Mﬁ@=%ﬂ@f} (51)
Y
Then
|Elu] = El, 11 ) < C1A¥ + C2AY". (52)
Proof
[l — B 1 oy = |EL — El] + Elg] — BRG] 1,

< HE[M] — E[uj] ”Ll ot ||E[ui;] —Elu;] ”Ll (D)
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= / iE[u] - E[uil” dx + / NE[MZ] - E[u;}” dx

D
=D/‘Y/(u—u2)u(y)dy

< [ [u-sierasac+ [ [ - i) dvas
D Y D Y

The first integral in (53) can be estimated as follows:

dx

D
dx+/‘/(ui—uiiy)u(y)dy
D Y

[ [ 1= winoasac< [ s [ =) dras
Y D Y

D

= Cllu — w1 (y) < CAY',
and for the second integral we have

[ [1a-aiwaa =[] [1-aia]uma
DY

Y D

= ) = il / 1 () dy = i) — i1y < CAR.
Y

27

(33)

(54)

(55)

Hence, the convergence rate of the expectation in L'-norm can be estimated as

|E[u] — Elu;] ||L1(D) < ClAX + G AY' .

3.8.2 Convergence of V;[1;’] in L'-Norm

We have:

Lemma 4 The variance of the exact solution at (x;, t") is equal to
n n 2 n 2
Viu](x;, ") = E[(u(x,-,t )—E[u](x,-,t")) ] = E[uz(xi,t )]—(E[u](xi,t")) ,
and can be approximated as

Vil = B, ~ (BT’ = B[R~ (B = Vi

(56)

(57)
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Then

VIl = VI 1] 1 ) < CLAXY + CoAY (58)

(D)
Proof

[Vid = VW, = (B[] = (L) = B[] + @D
< B[]~ E[@ ) + [ (®6)° = BE) [ 69

The following estimate holds for the first integral in (59):

[E[] ~ B[] oy = /m E[?)?]| dx =

/‘/ = WP () dy
//|M—M || + 0y Iu(y)dydx<C//|u—u | dydx =

D

dx<//|u W)2| () dyds =

= C”M - I/lh ||L1(DXY) < CAX + C7Ayr. (60)

For the second integral in (59) we get
I(B0)” = 05Dy = [ 1) - (B0 s =
D

:/|E[u]_ )| [El] + L] dx <

< C|E[u] — Elu < CIAXY + G Ay, (6])

|
Finally, from (60)—(61) we get

VIl = Vi 1], ) < CLAX 4+ CrAY.

(D)

Similar estimates are also valid for higher moments of u.
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3.9 Error vs Work Estimates for SFVM

In the previous section it has been shown that the error of the expectation
approximation is given by

E = |Eu] - Elu,] HLI(D) < GAY + G4y, (62)

where p and r are the convergence rates of the SFVM solver in physical and
stochastic variables, respectively. Based on this result, we derive the error vs work
estimates for SFVM.

Let x € R", y € R™. Assume that the CFL condition is satisfied, such that
At = O(Ax). The total work W (or total time) required to compute the solution
of the stochastic scalar conservation law using SFVM is proportional to the total
numbers of grid points in x, y and ¢ axes, denoted respectively by N,, N, and N, i.e.

I 1 1 C

= = CAx "D Ay 63
At Ayn At Axri Aym * Y (63)

W = CN,N,N, = C

Further derivation of the estimate depends on the choice of the mesh sizes
equilibration, that is, on the relation between Ax and Ay.

1. Assume that the mesh sizes are equilibrated according to the expected orders
of convergence p and r: Ay = Ax”/". Then E = CAx’ and Ax = CE'/P.
Substituting these relations into Eq. (63) we get

W = CAx 0D A mlr = c Ay otttomin — cp="" " (64)

and hence
E=CW n+l-[ﬁ7-pm/r , (65)

which is the desired error vs work estimated.

2. Assume now that the mesh size Ay is obtained by the following scaling: Ay =
nAx, where 7 is the constant scaling factor, meaning that the stochastic mesh
is isotropic (same Ay for all random variables). Define ¢ = min(p, r). Then
E = CAx? and Ax = CE'/4, and the total work is defined as

_ nt+m+1
W = CA)C_(n+1)Ay_m — CAX—(n+m+1) — CE “ (66)

which finally gives
E = CW nnt, (67)

Note that the estimate (67) is equivalent to the complexity result for the
deterministic finite-volume method in the (n + m)-dimensional space, which
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sets strict limitations on the number of random variables that can be handled
by the SFVM if the scaling factor n is close to 1. However, computational
practice shows that it is sufficient to use few computational cells to discretize the
equations in the stochastic space to obtain a good quality approximation of the
statistical quantities and therefore the SFVM is essentially much more efficient
as deterministic FVM. Another significant simplification of the approach is the
absence of the fluxes in the stochastic variables y, which also contributes to the
efficiency of the SFVM.

. Assume that the stochastic mesh is anisotropic, that is the mesh sizes Ay, are
different for k = 1,...,m: Ayy = nyAx. Applying the same technique as above
we obtain

E=CAx+C ) Ay, = CiAx+CAX Y np < CAX(14+) nf).  (68)
k=1 k=1 k=1

where ¢ = min(p, r) as before. We have also assumed that Ax << 1 such that
AxP < Ax? and Ax" < Ax?. Then the mesh size Ax can be represented as

E 1/q
Ax = ( - ) : (69)
L+ > m

k=1

The total work is

m m E —(n+m+1)/q
W= c([Tn")ax ot = C(]_[n,:‘)< " ) ,
k=1

k=1 L+ 2
k=1
(70)
and the resulting error vs work estimate is
m m _ q
E=c(t+ Y m)([Tm o )wowss, (7
k=1 k=1

Note that in the isotropic case, when all n; = n = const, formula (71) results
in

E = C(1 + mn) n”wintt Wntmt1 (72)

Comparing (71) and (72) we notice that the proper choice of scaling factors
N in the anisotropic stochastic mesh construction, while not affecting the
convergence rates, can reduce the convergence constant, which means increasing
computational efficiency. The choice of 7 should be based on the sensitivity
analysis of the random entropy solution to each of the m random variables.
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Let us demonstrate the efficiency provided by the anisotropic mesh adaptation.
We compare the convergence constants:

Ci = (1 + mny") n~ ntmt (73)

for the isotropic mesh with equal mesh sizes in all stochastic coordinates, Ay, =
nAx,k=1,...,m, and

Co= (43 [T )

for the anisotropic stochastic mesh with mesh size scaling according to Ay, =
nAx, k = 1,...,m. Assume further that n; > 1, > ...n,, and n; > 1 for all k,
such that Ay, > Ax.

i

Our goal is to show that the convergence constants ratio 6, = > 1 as

m — oo if n; < nandr > ¢, thatis, the anisotropic stochastic mesh increases the
algorithm efficiency as the number of random variables grows if the convergence
rate r in the stochastic space is higher than ¢, the minimum of the convergence
rates in physical and stochastic coordinates.

We start by noting that under the assumption 7; < 7 the following inequality
is valid:

m

mn — q _ m
Co= (14D m) [ < (A +mupn, me =l (75)
k=1 k=1

and therefore

gm qm
Ci Ci (1 + mnr) n_zz+ln+l 1 + mnr )r] T ntm+1
b= > = S = ) . (76)
a a (1 + mn;l*)r’l ntm—+1 + mn; m

Hence, the limit of the constants ratio is

n\"
8=Iim8m:( ) : (77)

m—>00 }”1

and clearly § > 1 if r > q.
Let’s analyse in more detail the possible values of § in dependence on the
convergence rates p and r in x and y variables, respectively.

Smooth Solution If the solution is smooth in x and y, then the convergence rate
of the SFVM is the expected one, therefore by applying high-order finite-volume
approximations in both variables one can obtain the full convergence rates p and
r.

o Ifp <r,theng = min(p,r) =pandr—q=r—p > 0,8 > 1 and hence the
SFVM will converge faster on anisotropic stochastic mesh.
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o Ifp>r,theng =min(p,r) =pandr—qg=r—p <0,8 < 1, therefore the
anisotropic mesh doesn’t improve the convergence.

Shock Solution Recall that if the shock wave appears in the physical space,
then it also propagates into the stochastic space, so that the solution becomes
discontinuous in both x and y. In this case one typically has p = 1/2
according to the Kuznetsov’s result [20] and r = 1 as shown in [27], therefore

g = min(p,r) = 1/2 and § = \/n”l > 1. This means that the SFVM on

anisotropic mesh in the stochastic space is more efficient than SFVM on the
uniform mesh even if the solution has a shock.

3.10 Anisotropic Mesh Adaptation for Euler Equations

We reconsider the stochastic Sod’s shock tube problem and apply the anisotropic
stochastic mesh adaptation which is similar to the one proposed for the scalar
conservation laws with Karhunen-Loéve flux (or initial data) expansion. Clearly,
such an expansion is not available for the realistic systems of conservation laws like
the Euler equations since the flux function and the random variables are pre-defined.
However, it is possible to scale the random variables according to their influence on
the random solution based on empirical considerations.

For the stochastic version of Sod’s shock tube problem studied above, one can
see that the uncertainty in the y flux coefficient is practically unimportant (but
not negligible) for the statistical solution, while the uncertain initial discontinuity
location as well as random density amplitude being most important. Therefore we
propose the following scaling for the number of cells in the stochastic coordinates:
N;, = CN,A;, where we take C = 1/32and A; = 3 (random shock location), 1, = 2
(random density amplitude) and A3 = 1 (random ).

Figures 17, 18 and 19 demonstrate the convergence for the density for the 1st,
3rd and 5th order WENO reconstruction in stochastic coordinates y;, k = 1,2,3,
respectively. Each of the plots contains the results for 1st, 3rd and 5th order WENO
reconstruction in the physical coordinate x. The results are presented for both
adaptive and non-adaptive meshes in the stochastic space and clearly show the
superior efficiency of the adaptive SFVM algorithm.

3.11 Numerical Approximation of the Probability Density
Function for the Random Solution of Euler Equations

The advantage of the SFV method is the possibility to construct the empirical proba-
bility density functions (statistical histograms) after only one run since the complete
information about the random solution is generated (that is, its approximation as a
function of x and yy is provided).
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Convergence for E[u]: error vs resolution
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Convergence for E[u]: error vs time
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Fig. 21 Velocity distribution at x = 0.5 (left) and x = 2 (right). Random initial discontinuity
location

We demonstrate the performance of SFVM for the approximation of the proba-
bility density functions for the solution of the stochastic Sod’s shock tube problem.
To this end, we solve the problem using the SFVM with 5th order WENO
reconstruction in x and y;, k = 1,2,3 for two cases: (1) with one uniformly
distributed random variable for shock location, xy ~ %[0.75, 1.25]; (2) with three
random variables on the anisotropic mesh (see previous section), and plot the
distribution histograms at x = 0.5 (rarefaction wave) and at x = 2 (shock wave).
The number of bins to plot the diagrams is chosen according to

* square-root choice: k = [4/n], if the total number of grid points is small
(practically, less than 30, like in case (1)),
o Sturges’ formula [33]: k = [log, n + 1], otherwise.

The corresponding histograms are presented in Figs. 20, 21, and 22 for one
random variable and in Figs.23, 24, and 25 for three random variables. For
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comparison, each of the plots contains the histograms for the exact solution of
the problem with fine resolution in the stochastic space. The computed probability
density functions indicate the bimodal character of gas parameter distributions in
the stochastic Sod’s problem.
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4 Stochastic Finite Volume Method on Unstructured Grids

4.1 Mixed DG/FV Formulation for the Stochastic
Conservation Law in Multiple Dimensions

In this section we generalize the approach to uncertainty quantification described
previously in order to efficiently apply high-order approximation techniques on
unstructured grid in physical domains with complicated geometry. To this end,
we use the Discontinuous Galerkin (DG) method to discretize the equations in the
physical space and combine it with the finite-volume discretization in the stochastic
variables as described in Sect. 3. Note that we can still use Cartesian grids in the
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stochastic space since the computational domain in this space is a g-dimensional
rectangle.
As before, we start with the parametric form of the stochastic conservation law:

U
at—i—Vx-F(U,y):O,xerCR3,yeDyCRq,t>O; (78)
U(x,0,y) = Up(x,y), xe D, CR? ye D, CR" (79)
Let 7, = U?’; K be the triangulation of the computational domain D, in

the physical space and 6, = U;VZ‘ 1K§ be the Cartesian grid in the domain D, of
the parametrized probability space. On each element K' of the physical domain
triangulation we apply the DG discretization of solution in the physical variable x,
that is, on each element of the triangulation we choose a system of basis functions
{ei(x)}, I = 1,...,p, and represent the numerical solution as the decomposition
over the chosen basis

P
Ui(x.1,y) = »_Ujt.y)gi(x), x € K, (80)
=1

with the coefficients U(z,y) to be determined. Next, according to the DG dis-
cretization procedure, we multiply the governing Egs. (78)-(79) to each of the basis
functions ¢, k = 1, ..., p and integrate the result over the element K )’C Application
of the Gauss’ theorem to the volume integral yields the following semi-discrete DG
formulation Vk = 1,...,p:

p .
> aujey) [ oeedx+ [ UL npdx-

=1

Ki oK
- [FUpVama=o. @D
Ki
p .
> U0y [ eetdx = [ Vx g dx 82
=1 Ki Ki

The physical flux F(U,,y) - n is in general discontinuous across the cell boundary
and therefore needs to be replaced by any standard numerical flux approximation
F(U, U, y) depending on two boundary extrapolated solution values U and
Us" (inside and outside of the cell, respectively) Note that at this stage the DG
coefficients Uﬁ(t, y) are still functions of the random variable y and time ¢ and thus

to get rid of this dependence we introduce the DG coefficients averaged over an
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element of the stochastic grid

v = /U;(r,y)u(y)dy
K

and apply the finite-volume discretization over each cell K; in the random variable,
which leads to

p .
> [0 [ ax]ne av+
=y K

+ / [ / Ui, U y) gok(x)dx} u(y) dy—

K, K|
- [ [ronvam ] pma =0 k=1p 6
K K
Finally, the resulting scheme becomes

p ij

du;(v) 1 P

Xy [ewawa // F(U", UL, y) gu(x) ju(y)dxdy—
y

g K} oKL

// F(U,,y) Vo (x) u(y)dxdy =0, k=1,...,p. (84)

KiKi

1K)

The initial data for U;j(t) is obtained similarly: fork =1,...,p

p .
Z U/ (0) / P1(X)@r(x) dx =

=1 Ki | y|

/ f Uo (X, y)or(x) n(y)dxdy. (85)

KiK;

Equations (84)—(85) form an ODE system with respect to the coefficients U;j(t)
which can be solved using the Runge-Kutta method of the appropriate order. The
slope limiting procedure has to be applied at each intermediate stage of the Runge-
Kutta method in order to ensure the stability of the resulting DG scheme. This is
done using the algorithm proposed in [9].
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4.2 Numerical Results
4.2.1 Stochastic Cloud-Shock Interaction Problem (Random Flux)

Consider the two-dimensional Euler equations with deterministic initial data

[3.86859,11.2536,0, 167.345], if x; < 0.05,

(00, 1o, vo, po] =
[1,0,0,1], if x; > 0.05,

and a high-density cloud lying to the right of the shock:

po = 10, if v/(x; — 0.25)2 + (x — 0.5)2 < 0.15.

Assume the random y = y(w) in the equation of state (EOS)
_ Loy 2
=@ =D(E= o’ +?)).

y(@) ~%(5/3—€.5/3+¢€), e=0.1

The results of the simulation are presented in Fig.26. In our computations we
have used the 2nd order DG method in x variable and 3rd order WENO method in y
variable, triangular mesh in x consisting of about 170,000 cells and Cartesian mesh
in y consisting of 16 cells. Note that no symmetry conditions have been imposed on
the mesh. The results are plotted at 7 = 0.06.

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
X1 X1

density mean log,,of density variance

Fig. 26 Stochastic cloud-shock interaction problem (Reproduced with permission from [34])
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4.2.2 Forward-Facing Step Channel

Consider the stochastic flow in the channel with the forward facing step with random
Mach number of the inflowing gas: M ~ %/ (2.9, 3.1). We have used the mesh of
about 13,000 triangular cells in the physical space and 15 equally-sized cells in
the stochastic space, the methods used are 2nd order DG and 3rd order WENO in
physical and random variables, respectively. The results of the simulation are given
in Fig. 27, indicating that the uncertainty in the Mach number influences the position
and intensity of shock in front of the step, while having little effect on the shocks
reflected from the channel walls.

4.2.3 Stochastic Cloud-Shock Interaction Problem (Random IC)

We use the mesh adaptation approach similar to the one described in Sect. 3.4 to
solve the stochastic cloud-shock interaction problem with initial data depending
on four random variables. Note that the usage of non-adaptive algorithm for such
simulation would lead to excessive computational cost of SFVM.

Consider the two-dimensional Euler equations with deterministic initial data

 |13.86859 + 0.1Y2(w), 11.2536,0,167.343], if x; < 0.04 + 0.01Y, (),
[1,0,0,1], if x; > 0.04 4+ 0.01Y;(w).

with a high-density cloud to the right of the shock:
po = 10+ 0.5Y3(w), if v/(x; —0.25)% + (x2 — 0.5)2 < 0.15 + 0.02Y4 ().

The equations are closed by the following deterministic EOS: p = (y — 1)(E -

; o(u? + vz)) , ¥ = 5/3. The random variables in the initial condition are uniformly
distributed on [0, 1]: Y ~ Z[0,1], k =1,...,4.

We use the 2nd order DG in x variable and 3rd order WENO in y variable,
triangular mesh in x (170,000 cells) and adaptive Cartesian meshiny (3-2.7-11 =
462 cells), the output time is 7 = 0.06. The results of this simulation are illustrated
in Fig. 28.

4.2.4 Flow Past a Cylinder
We have applied the SDGFV method for the simulation of the stochastic flow

around a cylinder which is modeled by the Navier-Stokes equations. For this
study we have chosen one random variable random variables: Yy ~ Z[—1,1]
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Fig. 27 Stochastic flow in a forward-facing step channel (Reproduced with permission from [34])
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Fig. 28 Stochastic cloud-shock interaction problem (Reproduced with permission from [34])

describing the uncertainty in the Reynolds number. The free-stream flow parameters
are following:

* Angle of attack (degrees): « = 0
¢ Mach number: M = 0.1
* Reynolds number: Re = 2000.0 4+ 500.0 Yy (w)

Note that the difference of 500 in Reynolds numbers corresponds to the difference
in speeds of about 5 m/s which in turn leads to the fluctuation of Mach numbers of
only 5% which is negligible compared to 25% fluctuation of the Reynolds number.
Therefore the reduction of the number of random variables to one in this simulation
appears to be reasonable.

The results of the computations (mean, variance and deterministic distribution of
Mach numbers) are presented in Fig. 29. For this simulation we again use the 2nd
order DG in x variable and 3rd order WENO method in y variable, the computations
are performed on a physical mesh consisting of 6434 triangular cells and a Cartesian
mesh in stochastic space consisting of 16 elements, the output time is 7 = 18.0.

4.2.5 Flow Around NACA0012 Airfoil

We next study the stochastic transonic flow around the NACA0012 wing profile. The
flow is modeled by the system of Euler equations with uncertainty in the free-stream
parameters:

¢ Angle of attack (degrees): « = 1.25 4 0.05 Yy (w)
¢ Mach number: M = 0.8 4+ 0.05 Y, (w)
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Fig. 29 Flow around a cylinder. Mach number contour lines



44 R. Abgrall and S. Tokareva

X1
deterministic mean

variance

Fig. 30 Inviscid transonic flow around NACAOO12 airfoil. Mach number contour lines

The random variables Y, and Y; are uniformly distributed: Yy, Y1 ~ % [—1, 1]. The
results of this simulation are presented in Figs. 30, 31, and 32. We use the 2nd order
DG in x variable and 3rd order WENO method in y variable, triangular mesh in x
consisting of 92,023 elements and two-dimensional Cartesian mesh in y consisting
of 64 elements, the output time is 7 = 10.0. In Fig. 30, the contour lines illustrate
the mean value and variance of the Mach number as well as its deterministic values
around the wing profile. Clearly, two shock waves are present in the deterministic
run: one on the lower and one on the upper surface of the profile (see Fig.31
for the distribution of the pressure coefficients). These shock waves however are
smoothed in the mean flow, which is in accordance with the results of [31]. Finally,
the approximations of the probability density functions for the distribution of the
drag and lift coefficients are given in Fig. 32.
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4.2.6 Flow Around NACA23012 Airfoil with Flap

We run the NACA23012 airfoil simulation with the following parameters:

Random variables: Yy, Y, ~ % [—1,1].

Free-stream flow parameters:

e Angle of attack (degrees): « = 8.0 + 0.5 Yy(w)

* Flap deflection angle (degrees): ay = 30

e Mach number: M = 0.1 + 0.015 Y;(w)

¢ Reynolds number: Re = 2100000.0 + 300000.0 Y;(w)

e Prandtl number: Pr = 0.72
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Fig. 33 Flow around NACA23012 airfoil with flap. Mach number contour lines

In order to run this simulation we adapt the stochastic mesh as follows: we take
N;) = 3 cells in the stochastic coordinate Y, and Ny1 = 6 cells in the coordinate Y;.
The adaptation is based on a simple argument that the range of random angles of
attack makes about 6% of its mean value (0.5/8 = 0.0625) and the range of both
random Mach and Reynolds numbers makes 15% of the mean value, which results in
double number of cells. This simulation has been performed on a triangular physical
mesh of 17,418 cells, the numerical methods used are 2nd order DG in physical
variables and 1st order FV in stochastic variables. The results of the simulation at
time is 7 = 1.0 are presented in Fig. 33.
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4.2.7 Flow Around RAE2822 Airfoil

Finally, we perform the stochastic simulation of the flow around the RAE2822
airfoil. The setup of the deterministic problem is the following.

» Angle of attack (degrees): oo = 2.31
¢ Mach number: My, = 0.729
 Reynolds number: Res, = 6.5 x 10°

The random parameters are modeled by means of the Beta distribution on
[ye. yrl:

1 - - e
B(y,a,b) = B b)(y—yL)“ "y = )" (yr —yr) "D

In this simulation, we assume that the angle of attach and the Mach numbers are
random variables defined by

¢ Uoo(w) ~ B(y,a,b) witha =b =4,y; = 0.98000, yg = 1.02000
¢ Mg (w) ~ B(y,a,b) witha =b =4, y;, = 0.95Mgo, yg = 1.05My

We use the 2nd order DG method in x and 3rd order WENO reconstruction in y,
triangular mesh in x (258,476 elements) and 2D Cartesian mesh in y (64 elements).
The results of the simulation are presented in Fig. 34.

4.3 Parallel Algorithm and Parallel Efficiency of the SFVM

In the previous section we have presented a number of simulations of stochastic
flows performed with the SFV method. Clearly, simulations with high-order meth-
ods involving complicated geometries and flow phenomena are computationally
intensive even in the deterministic case and become much more costly in the
presence of uncertainly. Therefore all of the described algorithms have been
implemented in parallel using the Message Passing Interface (MPI) library. The
basic parallelization principle used is the domain decomposition method which
is applied in both physical space (on unstructured grid) and stochastic space
(on Cartesian grid). The DG method used to approximate the random solution
in the physical space allows to keep the approximation stencil compact. On the
unstructured triangular mesh the compact consists of four triangles regardless of the
order of the method. Therefore, the number of the mesh elements which need to
exchange information between the processors is relatively small compared to the
total number of elements in one subdomain.

In order to obtain partition of complicated computational domains we use the
METIS library. A typical partition generated by METIS is presented in Fig. 35.
Here, different colours indicate different subdomains.
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Fig. 34 Flow around RAE2822 airfoil

Table 5 lists the computational time per two timesteps, the speedup of the
algorithm and efficiency with respect to the number of cores, for the simulation of
the transonic flow around NACAOQO012 airfoil described in the previous section. The
physical mesh consists of approximately 90,000 triangles and the stochastic mesh
has 8 x 8 elements. The corresponding plot of the algorithm speedup is presented in
Fig. 36.

Therefore, the SFV method can be efficiently parallelized and used for uncer-
tainty quantification in multidimensional systems of conservation laws on compli-
cated physical domains with unstructured meshes.
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Fig. 35 Partition generated by METIS

Table 5 Parallel efficiency
of SFVM

N Time (s) Speedup Efficiency (%)
1 2663.99 1 100

2 1353.34 1.97 98.42

4 632.71 4.21 105.26

8 334.44 7.97 99.57

16 166.84  15.97 99.8

32 84.88  31.39 98.08

64 48.02 5547 86.68

128 26.31 101.26 79.11

5 Other Applications

Thanks to its flexibility, this method has several other applications.

5.1 Nozzle Flow with Shock

The steady shocked flow in a convergent-divergent nozzle is taken into account with
a fixed (deterministic) geometry:

_fl+6(x=1)for0<x< )
<1

= 86
1+2(x— 1) for ) <x (86)

A(x)
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The outlet pressure (subsonic outlet flow with p, = 1.6529 bar) is chosen in order
to have a compression shock in the divergent part of the nozzle, exactly located at
x = 0.75. For the other boundary conditions a subsonic inlet flow with a stagnation
pressure pg = 2 bar and a stagnation temperature 7o = 300K are considered.
The mean of y is 1.4. Two test cases are considered. First, an uncertain heat
coefficient ratio y is assumed. The random parameter @ = y varies within the range
[1.33, 1.47], following various choices of pdf (uniform and discontinuous) described
below. In the second test-case, two-uncertainties stochastic problem is solved where
y follows a discontinuous pdf and the subsonic outlet flow varies uniformly within
the range [1.6529 4+ 0.98, 1.6529 £ 1.02].

The random parameter @ (defining either the heat ratio or the subsonic outlet
flow) ranges between w;, and wy,q,; the interval [w;,, Oma] 1S mapped onto [a, b]
by a linear transformation and the pdf on [a, b] is either:

¢ uniform with w € [a, b] = [0, 1],
* discontinuous on [a, b] = [0, 1] with a density defined by:

1
+ C(z’s(“) ifx € [0.5,1]
1
_ T
W=, %04 T Cgs(m) if x € [0,0.5] (87)
0 else

and M = 121 to ensure normalization.

Different stochastic methods are used to compute statistic solutions of the
supersonic nozzle. Different pdf are used for y, i.e. uniform in order to compare
MC-SOBOL, PC and SI, and the discontinuous pdf (87) in order to compare MC-
SOBOL and SI and to demonstrate the flexibility offered by the SI method. After
a study on the grid convergence, the 1D physical space is divided in 201 points
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Fig. 37 Nozzle flow with uncertain y (uniform pdf). Computed mean distribution for the Mach
number (left) and the static pressure (right) using the semi-intrusive method with 10 points in the
probabilistic space and the PC method with a 10th order polynomial

(with the normalized geometric domain that varies from O to 1). A preliminary
convergence study with respect to the stochastic estimation has been realized, by
using an increasing refinement of the probabilistic space discretization in the case
of the SI method, and an increasing polynomial order in the case of PC method.
The probabilistic space discretization varies from 5 to 160 points (5, 10, 20, 40, 80,
160), while the polynomial order varies from 2 to 100. Next, the stochastic solutions
are compared by computing the mean and the variance of the Mach number and
pressure distributions along the nozzle using various choices of pdf for y. Finally,
a comparison in terms of computational cost is performed by computing error €;>
with respect to x.

In Fig.37, the mean solutions of Mach number and the pressure along the 1D
nozzle are reported, where the mean stochastic solutions are computed with the
SI method using 10 points in the probabilistic space and the PC method using a
10th order polynomial, with y described by a uniform pdf (y varying between 1.33
and 1.47). As it can be observed in Fig. 37, the mean flow is characterized by an
isentropic region of increasing speed or Mach number between x = 0 and the mean
shock location in the divergent (the flow becoming supersonic at the nozzle throat
located at x = 0.5), followed by a subsonic flow behind the shock with decreasing
speed. The mean solutions computed by the two UQ methods are coincident. Next,
the standard deviation of the Mach number is computed along the nozzle by using
different refinement levels for the probabilistic space in the case of the SI method
and different polynomial orders in the case of the PC method, always keeping a
uniform pdf for y. In Table 6, the number of samples required to reach a prescribed
error g;2 is reported for each strategy. We observe that SI method demands fewer
points in the stochastic space for a given level of error.

Next, a discontinuous pdf is considered for the stochastic y. It is interesting to
note the innovative contribution the SI method can bring with respect to the PC
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Table 6 Number of samples
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required for the 1-uncertainty
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Fig. 38 Nozzle flow with uncertain y (discontinuous pdf). Convergence study for the standard
deviation on the Mach number distribution computed using the SI method

method (in its classical version). To this end, in Fig.38 the standard deviation of
Mach number is reported along the nozzle when the discontinuous pdf (87) is
considered. Note that choosing (87) to describe the random variable y introduces no
change whatsoever in the application of the SI method (while the PC method can no
longer be used). The standard deviation of the Mach number distribution computed
for this discontinuous pdf is plotted in Fig.38 for several levels of discretization
refinement in the probabilistic space: here again the result can be considered as
almost converged with no more than a 40-point discretization and fully converged
with a 80-point discretization. In Fig. 39, the standard deviation of the Mach number
is reported along the nozzle for the discontinuous pdf by using SI and MC-SOBOL
methods. The standard deviation distributions computed by means of SI and MC-
SOBOL are coincident, even for the maximal standard deviation. The stochastic
estimation remains globally very similar for the newly proposed SI approach and
the well-established MC-SOBOL method, which allows to validate the SI method
results for the case of a discontinuous pdf on y. Let us estimate the respective
computational cost of SI, MC-SOBOL for this case. In Table 7, the number of
samples required to reach a prescribed error for €;2 is reported for SI and MC-
SOBOL methods. A drastic reduction of the computational cost is obtained by using
SI methods with respect to MC-SOBOL solutions.

Next, a two-uncertainties stochastic problem is considered by assuming a
discontinuous pdf for y and a uniform pdf for p,.. In Fig. 40, the standard deviation
of the Mach is reported along the nozzle for SI and MC-SOBOL. The standard
deviation distributions computed by means of SI and MC-SOBOL are coincident.
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Fig. 39 Nozzle flow with uncertain y (discontinuous pdf). Standard deviation for the Mach
number distribution for MC-SOBOL and SI methods. Left: global view; right: close-up on the
shock region
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Fig. 40 Nozzle flow with uncertain y (discontinuous pdf) and p, (uniform pdf). Standard deviation
for the Mach number distribution for MC-SOBOL and SI methods. Left: global view; right: close-
up on the shock region

As shown in Table 8, SI method allows strongly reducing the computational cost
until six times with respect to MC-SOBOL method.
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Table 8 Number of samples Error level 6,2 MC-SOBOL ~ SI
required for the
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2-uncertainties nozzle 10_2 35 25
problem, discontinuous pdf 10 1000 400
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Fig. 41 RAE 2822 airfoil computed with a stochastic residual distribution method

5.2 Application with Other Schemes

The use of the SI/SFV method is not restricted to finite volume or discontinuous
Galerkin schemes, but it is indeed very general. To show this we give the example
of the residual distribution schemes of [1, 4] which can be seen as continuous finite
element methods with non linear stabilisation. Starting from a deterministic method,
one can again write the scheme for any random event and take a conditional average
on any of the stochastic finite volume, in exactly the same spirit as it is sketched in
Sect. 2. Consider for example the flow around RAE 2886 airfoil, with free-stream
Mach number M, = 0.8 and velocity Uy, which is given with 2% of fluctuation
with uniform or centered Gaussian law. The results are presented in Fig.41. Again,
we see that using approximately five cells in the stochastic direction is enough.
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5.3 Overcoming the Curse of Dimensionality

In Sect.3, the cost of the method has been analysed, and we see exponential
growth with respect to the number of random variables. In order to (partially)
tackle this problem, a technique issued from the Multi Resolution Analysis of A.
Harten [18] has been proposed. The idea is to use multi-resolution analysis in the
stochastic dimensions. This technique allows to store only the needed information to
reconstruct the random variables, leading potentially to important saving in memory,
to the price of added complexity. One can consult [6, 12] for more details.

5.4 Applications for Multiphase Flows

Because of the flexibility of the method, the same technique has been used in
multiphase simulation. In [30], a discrete equation method [5] for the simulation
of compressible multiphase flows including real-gas effects is coupled to the SI
algorithm, using a complex equation of state for both phases. This method is applied
to the computational study on the occurrence of rarefaction shock waves (RSW) in a
two-phase shock tube with dense vapors of complex organic fluids. Previous studies
have shown that a RSW is relatively weak in a single-phase (vapor) configuration,
its occurrence and intensity are investigated considering the influence of the initial
volume fraction, initial conditions and the thermodynamic model.

6 Conclusions

We have presented the scheme of the Stochastic Finite Volume method (SFVM)
and demonstrated the efficiency of the Karhunen—Logve-based adaptation algorithm
to construct the anisotropic mesh in the stochastic space. Several application of
this generic method has been proposed, from simple ODEs to the fluid mechanics
equations. The error estimates for SFVM have been derived. The extension of the
SFVM for the DG approximation in the physical space has been proposed. Various
numerical examples demonstrating the efficiency and robustness of the implemented
algorithms have been presented.

The SFV method studied in this paper appears to be a flexible and effective
approach to the solution of stochastic conservation laws. We have shown that the
SFV method it is applicable for the uncertainty quantification in a variety of complex
problems including systems of conservation laws with random flux coefficients and
initial data. The proper adaptation of the stochastic grid significantly reduces the
computational cost of the method and improves its convergence.
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