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1. Introduction

The aerodynamic performance of vehicles flying at high speed are profoundly affected by the presence of shock waves.
Among the most dominant effects, the added resistance associated to the energy losses (wave drag), and the interaction
of shocks and the viscous boundary layers have received considerable attention. In particular, the latter can potentially lead
to massive flow separation and thus requires careful analysis even in the early design phase. Shock/boundary layer interac-
tion is affected by a variety of factors including the conditions of the incoming flow, the surface geometry and the fluid prop-
erties within the boundary layer. It is known that changes in few parameters, namely the flight Mach and Reynolds numbers
can lead to sharp non-monotonic variation of the length and characteristics of the interaction zone [13] with obvious impact
on the overall flow behavior.

Numerical simulations are routinely employed to perform aerodynamic design and analysis of transonic and supersonic
configurations. Reynolds averaged Navier-Stokes computations have been used in a variety of studies (see for example, [14])
identifying the effect of the incoming flow conditions but also the potential inaccuracy related to the turbulence modeling
[15]. More recently, direct numerical simulation investigations have studied the details of the shock/boundary layer inter-
action at a more fundamental level [16].

Most numerical investigations of shock dominated flows focus on the predictive capabilities of various approaches; the
operating conditions, for example, are defined according to relevant experimental studies with the objective of performing
controlled validation. On the other hand various factors can introduce uncertainty in the measurement setup thus creating
difficulties in identifying the appropriate conditions to be used in the corresponding simulations. In transonic flows, one of
the most commonly used test-cases is the flow around the RAE2822 airfoil [12]. In this specific problem, the presence of the
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wind-tunnel walls is known to have an effect on the overall flow characteristics and also the inflow conditions are known in
the test chamber with a limited precision - 4% uncertainty in Mach number. Given the sensitivity of the shock-boundary
layer interaction it is indeed important to assess the influence of uncertainty in the numerical flow conditions on the
predictions.

It must be noted that, when the problem is strongly non-linear such as in transonic flows, it is generally difficult to estab-
lish the sensitivity of the output of interest by performing perturbation analysis on the input parameters. In the present
work, we develop a novel numerical approach to overcome this difficulty. More specifically, the objective of the proposed
method is to accurately propagate the uncertainty in the problem definition on the statistics of the shock position and
strength. The approach is based on a probabilistic representation of uncertainties where the conventional deterministic in-
puts are replaced by random variables. This process inherently creates additional independent variables in the problem,
and therefore we typically refer to a deterministic domain characterized by the physical dimensions and a stochastic space
identified by the random variables. In the proposed method, we construct the response surface on the combination of these
physical and stochastic spaces. Clearly, the total number of dimensions is at least two and a multi-dimensional method is
required.

The proposed method is not limited to applications related to high speed flows and is a general approach for the solution
of stochastic partial differential equations that exhibit discontinuities or solutions with high gradients in the physical do-
main and/or in the stochastic dimensions.

In the problems presented herein, the location of the shocks as well as their strength are not known a priori and are func-
tions of uncertain parameters which depend on the operating conditions. In the following, the proposed method is explained
in details. Firstly, we present the approach in one-dimensional settings for conceptual understandings. Then we formulate its
extension to multi-dimensional problems. Next, applications to discontinuous solution of the Burgers equations are pre-
sented. The final application is the analysis of the turbulent flow around the RAE2822 airfoil with uncertainty in the spec-
ification of the incoming Mach number.

2. Proposed method

Probabilistic assessment of uncertainty in computational models consists of three major phases: (i) data assimilation in
which the input parameters are characterized (in terms of probability distributions) from observations and physical evi-
dence; (ii) uncertainty propagation in which the input variabilities are propagated through the mathematical model; and
(iii) certification in which the output of the numerical predictions are characterized in terms of their statistical properties
and confidence bounds are derived [17].

In the present work we focus on the propagation phase and assume distributions for the input parameters. The simplest
approach to obtain the output statistics in response to input distributions is the Monte Carlo method, in which a large num-
ber of independent calculations are computed; in many practical cases the number of realizations required is too large and
results in prohibitively high computational cost, especially for complex fluid dynamics computations. In recent years, two
alternative approaches have found relatively widespread use: stochastic Galerkin [18,34,29,22] and stochastic collocation
[31,19,20,30]. Stochastic Galerkin approaches are generally based on an expansion of the random quantities in terms of suit-
able global (or local) basis. These schemes are intrusive, in the sense that the deterministic solvers are modified to incorpo-
rate the stochastic expansions. On the other hand, in the stochastic collocation method only few computations are carried
out corresponding to precise specification of the input variables, typically corresponding to classical quadrature points; this
approach is therefore non-intrusive.

In their original form, both stochastic Galerkin and stochastic collocation schemes become inaccurate in the presence of
discontinuities in probability space due to the Gibbs phenomenon. A number of extensions to these two methods have been
proposed to remedy the problem. Among those the basis enrichment of polynomial chaos expansions [21] in which prior
knowledge about the behavior of the solution is incorporated in the selection of enriching basis functions. With an educated
selection of the additional bases, the method is shown to improve the accuracy and convergence rate of the stochastic
approximations. Multi-element generalized polynomial chaos (ME-gPC) [23] and multi-element probabilistic collocation
method (ME-PCM) are extensions of generalized polynomial chaos and stochastic collocation technique, respectively, that
can improve the accuracy of those techniques provided that an efficient a posteriori error estimates are available.

In ME-gPC, the stochastic domain is decomposed into small elements. The generalized polynomial chaos expansion is
then employed in each of these subdomains [23] thus possibly leading to hp-type convergence in the probability space.
The partitioning of the probability space can be performed in an iterative manner by considering relative error in the re-
sponse variance [22]. In ME-PCM, similar to ME-gPC, the stochastic domain is divided into subdomains. In each subdomain,
the probabilistic collocation method is then employed [24,25]. Both ME-PCM and ME-gPC are local methods.

In the present work, we have developed an alternative global approach to deal with discontinuities in probability space.
One potential benefit is the decrease in the computational cost compared to a local method. The proposed approach is cou-
pled with a stochastic collocation scheme although it is possible, in principle, to formulate it as an intrusive Galerkin-type
approach. Our method is based on Padé approximation of discontinuous functions. A Padé approximation is a rational func-
tion - a ratio of two polynomials - that can be thought as a generalization of a Taylor series expansion. In deterministic con-
text, Padé approximants have been used in a variety of fields such as network theory, optimal control and quantum
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mechanics [2]. In its original form, one calculates the Padé approximant of a function from its given power series. In recent
extensions on Padé approximation, one writes the numerator and denominator polynomials as finite sums of orthogonal ba-
sis polynomials whose coefficients can be calculated from the function values at a predefined set of points. Examples of these
recent extensions include Padé-Jacobi [32], Padé-Chebyshev [33] and Padé-Legendre approximants [1] which are the basis
of the present study.

The method proposed here is simple, efficient and non-intrusive. The first step is to perform a number of deterministic
calculations with input parameters chosen as quadrature points in the stochastic dimensions based on which a PL approx-
imant is constructed as a response surface. In the applications presented here, this surface is function of both the uncertain
parameters and the physical coordinates. Finally we sample from the response surface and extract the quantities of interest
and their statistics.

In the following, Legendre polynomial expansions and the required quadrature rules are briefly introduced; in-depth dis-
cussions of these topics are available in the literature, see for example [7,1]. The one-dimensional Padé-Legendre method is
then presented as a conceptual starting point. Finally, a novel extension of the PL method to multiple dimensions is
formulated.

2.1. Legendre expansions

Let L?(—1, 1) be the Hilbert space of square integrable functions u, defined on (—1,1) and equipped with the scalar product

1
(u,v) = / u(x)v(x)dx. (1)
-1
A complete basis of L?(—1,1) is formed by the Legendre polynomial P,(x) defined by
1
(Pn,Pp) = ménm, n, me NU{0}. (2)

where ¢ is the Kronecker delta and N is the set of positive integers. Egs. (1) and (2) uniquely define the Legendre polynomial
series: 1,x,3(3x% — 1),1(5%® — 3x),... with the first term being P,. One can also construct Legendre polynomials from the
three-term recursive relation:

(n+ 1)Ppi1(x) = (2n 4 1)XPp(X) — nPp_1(X). (3)
It follows that every function in this Hilbert space has an L>-convergent expansion in Legendre basis:
u= Z ﬂnan (4)
n=0

where ii, is the nth Legendre coefficient of u defined by i, := (u, P,)/(Py, Ps). For N € N, one can approximate u with the trun-
cated series of order N as u ~ YN ,ii,P,. The rate of convergence of the error is related solely to the smoothness of u with the
error estimate:

N
u-— Z i1,P,
n=0

when u belongs to the Sobolev space H°(—1,1). Here, c is a constant independent of N [1]. It is well understood that, for a
discontinuous function u, the expansion (4) converges slowly, ¢(N~") for the mean, due to the Gibbs phenomenon.

<eN|ulls VYNeN, (5)

2.2. Gauss quadratures

In most problems, one knows the function values only at the finite number of points in the domain. Thus, a discrete scalar
product is required. In analogy to the continuous scalar product equation (1), the discrete scalar product of functions ¢ and v
is defined by

N
(Bodn =3 S (x)w;, ©®)
j=0
where the quadrature points x; and the associated weights w; are predefined.

The formulation shown above is for one-dimensional problem, however, Gauss quadratures can be easily extended to
higher dimensions by using tensor products of one-dimensional Legendre polynomials as the basis. The Legendre expansions
and discrete scalar products then follow in a straightforward manner.

2.3. One-dimensional Padé-Legendre approximation

Based on the discrete scalar product, the definition of a Padé-Legendre (PL) approximant for one-dimensional problems
follows the one used in [1]. For any non-negative integer k, let P, be the set of all polynomials whose degrees are less than or
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equal to k. Let u be a function to be represented on [—1,1]. Given the integers M and L, the pair of polynomials P € P and
Q € P; are said to be a solution of the (N, M, L) Padé-Legendre interpolation problem of u if:

(P—Qu,¢)y=0 V¢ cPy (7)
and

vxe[-1,1], Q(x)>0. (8)
The rational function R(u) := P/Q is then defined as an approximation of u. If (7) and (8) admit a solution, one can show that

the solution is unique provided that M + L < N [1]. In addition, it can be shown that the rational function R(u) is an inter-
polation of 1, i.e.,

R(u)(x;) = u(x;), 9)

at all quadrature points x; [1]. In this work, we use Gauss quadrature to evaluate the discrete scalar products. Our choice is
dictated by the need to achieve high-order accuracy in the computation presented below.

Remark. It is worth noting that although the PL formulation formally yields the same order of accuracy as typical
polynomial expansion, it can better represent cases with singularities and discontinuities in which the ordinary polynomial
expansions generally fail [2]. Intuitively, Eq. (7) shows that given a discontinuous function u, the polynomial Q represents a
pre-conditioner that produces a smooth function Qu which then can be effectively approximated by the polynomial P.

The rational approximation R(u) is constructed by first defining the functions P and Q as linear combinations of Legendre
polynomials of order M and L, respectively,

M
P= p;iP;, (10)
j=0
L
=Y _qP; (11)
=0

In the following, we present a procedure to compute the coefficients in the Legendre expansions of P and Q such that Eq. (7)
is satisfied.

Assume N = M + L from now on. First, we compute the denominator Q. From (7) and the fact that P € Py, choosing ¢ to be
Legendre polynomials P, where n > M gives

(Qu,Pp)y = (P,Pp)y =0 Yn=M+1,....M+L (12)
Plugging (11) and (6) into (8), we arrive at a linear system whose solution returns g;.
(UPo,Pyi1)y -+ (UPLPmit)y] [ Go
: . : | =0 (13)
(UPo, Pyyr)y -+ (UPL,Puu)y | [ G0

We define the above matrix A and the solution vector q. Note that A is L x (L + 1) matrix. We seek a non-zero solution to
Aq = 0 with ||q|| = 1. Moreover, for computation efficiency, we decompose the matrix A into the product of three matrices
A = BCD with B € REM1, the diagonal matrix C € R¥!V*1 and D € RN+ defined by
B,‘J = P[\/H,'(Xj)Wj7 1 i L 0 <j
C,"j = Ui(Xj)éij, 0<ig N, O <_] <N (14)
Di_j:Pj(Xi), 0<i i <N, 0<]\
Note that the matrices B and D only depend on the parameters N, M and L and not on the data u.
Once the denominator Q is known, the computation of the coefficients of the numerator P is straightforward, i.e.,
5 (PP (Qu.Pu)y
" (Pa,Pa)y (P, Pa)y

n=0,1,...,M, (15)

where the discrete inner products (-, -) is given by (6).

Remark. The above procedure does not guarantee the condition (8). To the authors’ knowledge it is not possible to formally
ensure this condition. However, as will be described in Section 2.6, a simple Q-dependent filter is proposed to alleviate this
problem.

2.4. Multi-dimensional Padé-Legendre approximation

All the cases we consider have two or more dimensions since we construct the Padé response surface on the combination
of physical and stochastic spaces. Therefore, in the examples, we always have a minimum of two dimensions.
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It is not trivial to generalize the Padé formulation to multiple dimensions. In the literature, many generalizations exist but
with certain restrictions on their applications. These include homogeneous Padé [9], Padé-Padé [6], nested Padé [10], etc.
One of the main difficulties is the fact that in higher dimensions, there is no obvious correspondence between the number
of polynomial coefficients (coefficients of the expansions of P and Q) and the number of equations one can use [8], in other
words there is no equivalent relationship to the equation N = M + L in the one-dimensional case. Interested readers are re-
ferred to [6,8,9] on this subject. In the present work, we restrict ourselves to problems in few dimensions (up to 4).

Out of many possible multivariate formalisms, the least-squares Padé approximation [11] is presented in this work. For
the sake of simplicity, the approximation is formulated in a two-dimensional setting; however, the generalization to higher
dimensions is similar. In addition, we will consider only the isotropic cases, i.e., we consider the same number of data points
in each direction on a tensor grid. As mentioned earlier, these correspond to two-dimensional Gauss quadrature points. Let
N + 1 be the number of data points in each direction (we have (N + 1)? total data points).

Denote the set of two-dimensional polynomial p(x,y) whose total degree is less than or equal to S € N U {0} as PZ. Let us
define two-dimensional Legendre polynomials as the product of one-dimensional polynomials. Let us also assume an order-
ing identified with a sub-index: P, P,, Ps, ... where the total degrees of polynomials in the sequence are in non-decreasing
order. This ordering is not unique and the indices do not correspond directly to the total degrees of the polynomials. In the
two-dimensional case, there are s + 1 polynomials of degree s and there are (s + 1)(s + 2)/2 polynomials of degree less than
or equal to s. For notation compactness, we define c(s) = (s + 1)(s + 2)/2.

Let @Y be the set of all two-dimensional Legendre polynomials whose total degrees are higher than a but do not exceed
b, i.e.,

P = L € P?\ P2|4 is a two-dimensional Legendre polynomial}. (16)
Let us also define v(@ as a vector of the same size as ®*” and whose elements are
yi:<P_Qu7¢i>Na i:172737"'7‘¢(a'b)‘7 (17)

where ¢, is the ith member of ¢ (the order is not important). We are now ready to state the two-dimensional Padé-Legen-
dre problem.

Given integers M, L, K and N such that M 4 K < N, the pair of polynomials P € P and Q € P? is said to be a solution of
the (N, M, L, K) two-dimensional least-squares PL approximation problem of u if

(P—Qu,¢)y =0 VYo e Py, (18)

V™M) is minimal, (19)
and

v(x,y) e [-1,1] x [-1,1], Q(x,y) > 0. (20)

Fig. 1 shows the schematic relation among the parameters N, M, and K. Each stencil point in the diagram represents the mul-
ti-index of the two-dimensional Legendre polynomial basis, ¢;, used in the computation. The notation c(s) represents the
total number of the polynomials in the triangular area up to degree s. The problem definition stated above then requires that
v; = (P — Qu, ¢;)y be exactly zero in the lower triangle in the diagram (Eq. (18)) and minimized in the least-squares sense in
the strip of width K away from this triangle (condition (19)).

Remark. It is worth noting that we can no longer require that (P — Qu, ¢), = 0 for all polynomials ¢ up to (total) degree N as
in the one-dimensional case since there would be more constraints (equations) than unknown coefficients. Thus, the
formulation is based on finding a solution that is optimal in a sense that it minimizes ||v||. This has a noticeable impact on the
accuracy of the approximation near discontinuities and is one of the main reasons we recommend the use of filters as
explained in Section 2.6.

With the above-mentioned problem definition, we are now ready to formulate the algorithm to solve for the coefficients
of P and Q. The numerator P and denominator Q can then be written as

c(M)
P(X,y):Zﬁij(X,y) (21)
=
and
o)
Qx.y) = > aPi(x.y). (22)
=

The orthogonality condition holds with respect to the sub-index

1
(ne+1/2)(n, + 1/2) O,

Py, Pr) = n, me NU{0}, (23)
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N+1 points

Order of the polynomial basis
in the second dimension

(0,0°

M-+1 points K points

Order of the polynomial basis
in the first dimension

Fig. 1. The schematic representation of various parameters in the Padé-Legendre surface construction and their relationship. The parameter L is not
presented in the diagram but has to satisfy the inequality ¢(M + K) — c¢(M) > c(L).

where n, and n, are the polynomial degrees in x and y of P,, respectively. Following a construction similar to the one-dimen-
sional case, we obtain a linear system to solve for coefficients g;,

UP1, Peanypa)y -+ (UPewy, Pemrtdn 1 [ G

I
S

: . : : (24)
<UP17PC(M+I()>N s <UPc(L),Pc(M+K)>N Qc(L)
As before, we can also decompose the matrix A into product of three matrices A = BCD with
Bij = Pi(x))wj, c(M)+1<i<cM+K), 0<j<N,
Cij=ui(x)05, O0<i<N, 0<j<N, (25)
Dij =Pj(x;), 0<i<N, 0<j<c(l).
Note that the matrix A in this case has the dimension of (c(M + K) — c(M)) x c(L). We require that the system is over-
constrained:
c(M+K)—c(M) > c(L). (26)

This condition is easily satisfied since L is small and M is reasonably large in the cases we consider. In fact, K = 1 generally
satisfies (26); however, it is beneficial to keep K > 2, as will be explained in Section 2.5.

With condition (26), we have an over-constrained linear system of equations from which we can obtain the optimal solu-
tion q in the least-squares sense. Thus, the condition (19) can be restated as choosing q to be the solution of the minimization
problem:

min [|Aq'||, (27)

la'f=1
where || - || is the Ly-norm. This is easily done using the singular value decomposition of the matrix A [26]. (See Appendix A
for details.) Once the denominator Q is known, the computation of the numerator coefficients is similar to the one-dimen-
sional case:

o (P,Pr)y _ (Qu,Pr)y

R I il n=1,2,....c(M), (28)

thus leading to the approximation

Uit} > BiP(X.Y)
’ S (x.y)
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where ¢; and p; are obtained from (27) and (28), respectively. The approximation on the right hand side of (29) is referred to
as the PL response surface and is used to extract a large number of samples for computing statistics of u such as mean and
variance.

2.5. A perspective on error

From the definition (7) in the one-dimensional case and (18) and (19) in higher dimensions, we see that the present meth-
od seeks to minimize the error of the linear Padé problem, e = P — Qu, projected on Legendre basis. In one dimension, the
projected error on Legendre basis up to order N is exactly zero. In the multi-dimensional settings, the projected error on
Legendre basis is zero only up to the total order M and the projected error on the Legendre basis of order from M+ 1 to
M + K is minimized in least-squares sense.

However, when applying the rational approximation, we are interested in the error of the non-linear Padé problem
E=P/Q —u=e/Q. Clearly, this is the error of the linear Padé construction amplified by a factor of 1/Q. This amplification
could become large where Q is close to zero; in fact if Q = 0 at some point on its support, there is a singularity in the approx-
imation, thus violating the conditions (8) and (20).

It is useful to analyze the algorithm step by step; we consider one-dimensional problem for compactness in writing. First,
we construct Q such that (Qu,P,)y = 0,forn =M +1,...,M + L. In other words, the nth coefficient of the Legendre expansion
of Qu vanishes forn =M +1,...,M + L. This step can be viewed as a way to construct a pre-conditioner Q such that Qu may
have better properties (in this case, continuity of the function) than u. As the second step, we compute P from
(P—Qu,P,)y =0 for n=0,1,...,M, which is a standard polynomial approximation, P ~ Qu. As the last step, we divide P
by Q to obtain our approximation of u.

There is an implicit relation between the zeroes of the polynomial Q and the discontinuity region(s) of u. The construction
of Q requires that the highest coefficients of Legendre expansion of Qu become small (or exactly zero in the one-dimensional
case). This suggests that Q is small near the discontinuity regions of u, thus implying the proximity of the zeros of the poly-
nomial Q and the discontinuity regions. It is possible that the algorithm yields a discontinuous Qu that has a PL expansion
with certain high-order coefficients having small values. However, it is less likely that Qu will be discontinuous if a larger
number of high-order coefficients in consecutive orders are required to be small. Thus, we prefer to choose K > 1 even
though with K = 1, we might already have enough equations to solve for q.

It is useful to outline that 1/Q must be small; otherwise it might lead to error amplification in the rationale approxima-
tion. On the other hand, Q is required to be very small at the discontinuities so that those are suppressed in the product Qu.

Without extra consideration, the method will therefore be effective if the error in the approximation of R = P/Q is small
while Qu remains smooth. In one-dimensional problem it is possible to construct polynomials whose zeroes coincide with
the discontinuity locations (provided that L is large enough). In higher dimensions, this is not possible and there are few
additional difficulties including:

o there might be no polynomial Q whose zeroes are close to the discontinuity locations, and conversely Q might have zeros
where there are no discontinuities;

o the condition Q > 0 might be violated at some points on the support;

e the approximation P ~ Qu is generally not as accurate as in one-dimensional cases. In particular, the values of P on the
quadrature points can be different than the values of Qu, i.e., the approximant is not an interpolant.

x  Data
- = Unfiltered /A
1} — Filtered
<
S 0
-1
-1 -0.5 0 0.5 1

X

Fig. 2. The result of using Q-dependent filter for the Padé approximation of one-dimensional step function. The denominator Q is intentionally modified -
by shifting the zero of Q by 0.1 - to yield a “bad” approximation in order to mimic possible situations in high-dimensional cases.



7166 T. Chantrasmi et al./Journal of Computational Physics 228 (2009) 7159-7180

Most of these problems are essentially due to the limitation of polynomials to represent arbitrary functions. To address
above issues we introduce a spatially varying filter whose weights depend on Q.

2.6. Q-dependent filter
As it was mentioned earlier, the error E = P/Q — u in the approximation is amplified by a factor 1/Q from the error of the
linear Padé problem e = P — Qu. The problem arises when Q becomes small or changes sign, away from the discontinuity

locations. The error will then be amplified by a large factor. This situation is likely in multi-dimensional cases, since the
calculation of the denominator Q is a minimization to an over-constraint problem (thus no solution exists for all modes

0.8
0.6
04

0.2

-0.2

0.4

-0.6

-0.8

-1

0.8

0.6

0.4

0.2

0.2

0.4

0.6

-0.8

-
0 05 1 1.5 2 25 3
X

(b) Pade-Legendre

Fig. 3. Surfaces from the dual throat nozzle problem with one uncertain parameter using (N, M, K,L) = (40,24, 3,2). No Q-dependent filter is used.
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simultaneously). The problem also becomes more severe as the number of dimensions increases since the error in the least-
square minimization increases.

To alleviate this problem, we introduce a spatial filter whose weights are modified by the local value of |Q|. The weight is
increased if the value of |Q| is relatively high at that point and decreased otherwise, that is, to say we trust the approximation
more if the value of |Q| is relatively high since the resulting error will be less amplified.

To construct the weights we consider a mean filter in the same dimension as the polynomials P and Q. Let hy be the spatial
filter kernel (weight) at the point y and H(x) be the set of points involved in the kernel h,. A conventional spatial filter would
be applied to the approximation R(u) as following:

RW)(x) = > Ru)y)h(y), (30)
yeH(x)

where R(u) would be the filtered Padé approximation. To construct a Q-dependent filter, we modify the original spatial filter

to take into account the value of Q by point-wise multiplying it with |Q| value (and normalize the kernel). More specifically,

R D yenRWW)IQW)[hx(v) .
> yeHn QW) [he(y)

31)

Remark. One advantage of Q-dependent filtering over other types of filtering to remedy Gibbs phenomenon in spectral
methods is that our filter does not require fine tuning of the parameters. Instead, it uses the information about the
discontinuities readily available from the construction of the denominator Q to improve the original spatial filter. The only
adjustable parameter of the filter is the kernel size. From our computational study, we found that a filter kernel width that is
large enough to cover the neighboring data points produces a satisfactory result.

a 038

- x exact
PL

0.6 - — —collocation

0.4

0.2

0

mean of u

-0.2

-0.4

-0.6

0.8, 05 1 15 2 25 3

121
b x  exact

PL
1r R — — —collocation

variance of u

Fig. 4. Mean and variance of the solution u with ¢ = 0.6 computed from (a) analytical formula, (b) PL method with (N,M,K,L) = (40,24,3,2) and 10°
samples from the PL response surface (29), and (c) stochastic collocation method with the same data and the number of samples. For the PL reconstruction,
no Q-dependent filter is used.
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Fig. 2 illustrates the application of Q-dependent filter for the Padé approximation of one-dimensional step function:

1 x>0,
u(x) = {71 x < 0. (32)

We start by computing Q from the algorithm provided in Section 2 with L = 2. This is a parabola with a single zero at x = 0.
Next, we intentionally shift the zero of Q by 0.1 to mimic possible situations in high-dimensional cases (by replacing x with
x — 0.1 in the expression of Q). Then we proceed to compute the numerator P and the rational approximant R from the shifted
Q. The approximant exhibits a large overshoot near the discontinuity. This overshoot is roughly where the new zero of Q is;
the error is large here because it is amplified by a large factor 1/Q. When the Q-dependent filter is applied the overshoot is
substantially decreased.

3. Numerical examples

The proposed PL formulation is applied to two problems dominated by discontinuities. In the first example, we consider a
problem that resembles an isentropic flow in a dual throat nozzle [3]. It involves the solution of the Burgers equation with a
source term. The steady-state solution depends on the initial condition in which we introduce one or more uncertain
parameters. The second problem is related to the transonic flow around the RAE2822 airfoil and involves the solution of
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Fig. 5. The PDF of shock locations drawn from 10° samples for two different variabilities, o.
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the compressible Reynolds averaged Navier-Stokes equations. In the latter case, the uncertainty is directly related to the
flight conditions.

We note here that in all cases presented below a multi-dimensional PL formulation is required. In each problem, we con-
sider one physical dimension and one or more stochastic dimension(s).

3.1. Dual throat nozzle problem with one uncertain parameter

According to isentropic theory of compressible flows in a dual throat nozzle with equal throat areas [3], the steady-state
solution is completely subsonic or supersonic, or it contains a shock wave that determines a switch between the two flow
regimes. If the shock exists, its location depends solely on the initial condition [4]. Here we use a simplified model based on
the Burgers equations which was analyzed in [3]:

ou 9 [u d (sin’z
i, g (um) _oJ(smh 2z <z<
8t+8z<2> 82( 5 >7 0<z<m, t>0, (33)

with the initial condition u(z, 0) = 8sinz, and boundary conditions u(0,t) = u(w,t) = 0. We are interested in the steady-state
solution of (33) when g is a random variable g € [—1, 1]. Specifically,

- -1+ V1 + 402
B 20 ’
where « is a Gaussian random variable with zero mean and variance 2.

Analytical solutions for u as well as the probability distribution of the shock location corresponding to g, defined above,
have been derived in [5].

(34)
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Fig. 6. Mean and variance errors as functions of the spatial coordinate x as the order of approximation increases for the high-variability case (¢ = 0.6). In all
cases K and L are set to 3 and 2, respectively. The four cases shown here are (N,M) = (10,6), (30,10), (50,18) and (60,30).
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For each p, the solution has a single shock. The shock location and strength vary with g as shown in Fig. 3(a).

To apply the Padé-Legendre method, we proceed as the following: (1) we perform deterministic simulations for different
values of B in the spirit of stochastic collocation [19] and then extract the solutions only at a finite number of x location; (2)
we construct a two-dimensional PL representation as a function of the scaled physical coordinate, x, where x = z/m, and sto-
chastic coordinate, ; (3) we sample a large number of solutions from this representation according to the prescribed distri-
bution of ; and (4) we extract from each of these solutions the shock location and build the desired statistics.

In this particular case, both the computed steady-state solutions and the PDF of the shock locations can be compared with
the analytical values in [5]. The Padé-Legendre response surface is shown in Fig. 3(b) using (N,M,K,L) = (40,24, 3,2).

Fig. 4 shows mean and variance of the solution u extracted from the PL surface with ¢ = 0.6. A large number of samples
can be extracted from the surface (29) to ensure that the mean and variance converge with respect to the number of samples.
In this case, 10° samples are used and found to be sufficient to achieve convergence. Mean and variance calculated from stan-
dard stochastic collocation method [19] on the same tensor-product grid are also presented for comparison. The collocation
method employs the same data points and number of samples used in PL method. Clearly, the PL method performs much
better than the standard collocation method in reducing the spurious oscillations due to the Gibbs phenomenon. Note that

Table 1
List of all (N,M,K,L) parameter sets shown in this section.
Case N M K L
1 40 18 3 2
2 60 18 3 2
3 40 26 3 2
4 60 30 3 2
5 40 18 5 2
6 40 18 3 4
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Fig. 7. The effects of increasing M and N on mean and variance.
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the variance of the PL solution appears to be lower than the exact solution. This is due to the fact that the reconstructed sur-
face is smoother than the actual discontinuous surface. This error can be reduced as we increase the parameters (N, M, K
and L) as shown later in Section 3.1.1.

Fig. 6 shows errors of the approximated mean and variance of solutions as a function of x as the order of approximation
increases. N is varied from 10 to 60 and M is increased accordingly, while K and L are set to 3 and 2, respectively. For each set
of parameters, 10° samples are drawn from the reconstructed surface in order to obtain the statistics. The expected conver-
gence in the mean and variance with respect to the order of approximation (N and M) is observed. The errors in both mean
and variance are concentrated in the region where the shocks are likely to occur. For the mean, the relative error is used; this
error measure is point-wise error normalized by the exact local mean. On the other hand, the relative error for the variance is
a poor indicator since away from the shock, the variance is very close to zero; therefore, the absolute error in variance is
reported here instead.

Fig. 5 shows the PDFs of the shock locations for the low-variability case ¢ = 0.1 and high-variability case ¢ = 0.6 com-
pared with the corresponding exact PDFs. The results are satisfactory in both cases. We note here that a more sophisticated
error representation for discontinuous functions is possible. In particular, one can first compare the shock location of the pre-
dicted solution to the exact solution, and then proceed to compare the entire solutions at the same position relative to its
corresponding shock position as in [27]. In this paper, for the sake of simplicity, we choose to compare solutions at the same
fixed positions.

In the sub-section below, the effects of the parameters N, M, K and L as well as the Q-dependent filter are discussed. In
general, using higher-order polynomial reconstruction results in more accurate results; however, there are certain con-
straints and guidelines in the choices of these parameters.

3.1.1. Sensitivity of PL reconstruction
In this sub-section, we arbitrarily selected a base case of (N,M,K,L) = (40,18, 3,2) for computing the mean and variance
of the solution u with ¢ = 0.6. We increase each of the parameters and compare the results with the base case; initially no
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Fig. 8. The effects of increasing K and L on mean and variance.
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Q-dependent filter is used. For each parameter, we have considered four different values. In general, increasing a parameter
results in consistently more accurate results and, therefore, for the sake of compactness, we present below only one value in
addition to the base case for each parameter. All the parameter sets presented here are listed in Table 1; the base case is case
1 in the table.

One constraint we have observed through this investigation is that the higher-order modes are severely contaminated
and should not be used to compute the denominator. The rough guideline for this constraint is as following:

M+K < ? (35)
For all cases presented here the above relationship is satisfied. Fig. 7 shows the effects of increasing N and M (cases 2-4). In
the first two cases, each parameter is increased while, in the last case, both are increased simultaneously. For both mean and
variance, increasing N alone improves the solution only slightly. This suggests that the discrete inner product is calculated
accurately, since the orders of the denominator and numerators as well as the equations to compute the denominator remain
the same. Increasing M alone shows better improvement, especially in the variance. Increasing M affects the approximation
in two ways: (1) the product Qu is approximated with more terms, and (2) the denominator is calculated with inner products
with higher-order polynomials. While the former effect improves the accuracy of the approximation, the latter might cause
an unexpected result due to change in the contamination in the higher-order modes. Increasing both N and M while still ful-
filling the constraint (35) reduces the error substantially. In this case, the product Qu is more accurately approximately while
the calculation of the denominator is kept away from such contamination.

Fig. 8 shows the effects of varying K and L (cases 5 and 6). The parameters K and L are varied independently from the base
case. In both cases, small improvements are observed as expected. This suggests that the computation of the denominator is
consistent and it does not change significantly with the parameters K and L.

For each case above, two calculations have been carried out, with and without the Q-dependent filter. Suppose that G is
the grid on which we want to obtain the filtered PL surface. We assume that this grid is uniform in all directions. Let m be the
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Fig. 9. Mean and variance of the solution u from the base case (N,M,K,L) = (40, 18,3,2) with and without a Q-dependent filter.
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number of points along each direction of G. To construct the filter as described in Section 2.6, we first compute the kernel
width from
m
"H*Z[WW 41, (36)
where [s] is the smallest integer greater or equal to s. This makes the kernel large enough to cover the closest data points. The
Q-dependent filter is based on the mean filter. This means that the kernel weight h,(y) is a constant. Since we know the size
of the kernel from (36), we can compute this constant simply from:

he(y) = ny’, (37)

where d is the dimension of the problem (including both physical and stochastic dimensions). Plugging (36) into (31), we
obtain the final Q-dependent filter:

R(u ng?
R = 2yerR( )(Y)\Q(}i)() H 7
2 yen QW) Ing
where H(x) C G includes all the points in the box, centered at x and covered m/2N points away from x in each direction. Q

and R(u) = P/Q are the values obtained from the construction without a filter. We use this Q-dependent filter throughout the
paper with fixed m = 1000.

(38)

B 1.0

Fig. 10. Response surface of the case (N,M,K,L) = (40,20, 3, 3) with and without a Q-dependent filter.
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Fig. 11. Mean and variance of the solution u of the case (N,M,K,L) = (40,20, 3,3) with and without a Q-dependent filter.
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Fig. 12. Random samples of the solutions of the dual throat problem with two uncertain parameters. The solutions are extracted from Padé-Legendre
reconstructed surfaces using N = 15 and N = 20 with an average Q-dependent filter.
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In most cases, we observed the same trend when applying the filter: the mean of u does not visibly change while the var-
iance is slightly reduced. This is expected as the filter tends to smooth out the surface thus reducing the variance of the sam-
ples from the surface. One example with and without filter is reported in Fig. 9.

In certain cases, however, using a Q-dependent filter improves the results substantially by removing the spurious errors
caused by small or zero Q. Fig. 10 compares the response surfaces of one such case - (N,M,K,L) = (40, 20, 3,3) - with and
without a Q-dependent filter. In this case, the denominator order L is odd and Q crosses zero along a certain curve on the
support. As a result, the error is v