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Classical point of view for CFD-based design

CFD-based drag estimation for
a deterministic system:

Imposed geometry

Imposed boundary condition

Imposed fluid modeling
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Statistical point of view for CFD-based design

CFD-based drag estimation for CFD-based drag estimation for a
a deterministic system: stochastic system:

Imposed geometry Geometrical uncertainty:
Manufacturing tolerance
Structural deformation

Imposed boundary condition Boundary condition uncertainty:
Velocity fluctuations
Incidence fluctuation

Imposed fluid modeling Modeling uncertainty:

Weather fluctuation
Turbulence modeling
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Methodology for statistical estimation

Hypothesis

Uncertain parameters can be characterized
by probability density functions (PDFs)

Method
Uncertainty propagation through the CFD code

Obtain the PDF of a functional / field
Compute the statistics for the functional / field (mean, variance)

Approaches for functionals
Use of functional derivatives with respect to uncertain parameters
Use of surrogate models to represent the functional fluctuation

Approaches for fields
Use of field derivatives with respect to uncertain parameter
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Methodology for statistical estimation based
on derivatives

Use of derivatives (Method of Moments)

Compute the derivatives of the functional / field values w.r.t.
uncertain parameters for the nominal conditions

Describe the functional / field value with a Taylor series
expansion around the nominal conditions

Lo o1 o 3
jlo) =j(py) + Z Giddi + = ;Hf_koocfoock + O(|oot||°)

Analytic integration to compute statistics
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Uncertainty propagation using derivatives

Problem description

Drag is a functional: jry = jgly)=J(y, W)
Constrained by a state equation: Uy, W)=
Derivatives
dj dj oJ  JdJ dW
Derivative of the functional: —— =6 =T+t T
dvy;  dy Ovi  OW d;

O \IJ oV dW
Derivative of the state equation: (‘)m ()U d~y Vi
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Uncertainty propagation using derivatives

Direct approach

ow o

b = ——.
oW’ T oy,

Sensitivity equation:

Adjoint approach

Combine previous equations:

AN AN AN A A
dv)  \o oy) \ow oW

Adjoint equation:

A A A AN S A
OW -\ oW dry —\ 9 ~ O

‘II N R[A ggglﬂ?ﬁiﬁpfpnus - MEDITERRANEE




Uncertainty propagation using derivatives
Second-order derivative
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Uncertainty propagation using derivatives

Direct-on-direct approach:

Combine previous equations:

02 ‘ oJ oW\ '
= D? J— D?, U
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Uncertainty propagation using derivatives

1 T £+l PR LA S it ST L T -~
. 1. DOive 101 ine aajoint varianies 1l 1
Algorithm: T T
" /o onaTe N\ | /S N T |

.P\.)

Compute the gradient of j:

G\ oI\ [ow TH
dry -\ \oy )

3. Foreach:€1...n:
Solve for the flow sensitivities #; in:

vy, (0w
ow )T oy,

4. Foreachz €1...nand k € 1...7, compute:
d?j .. 5
) _p2 T (D?, W)
dryidyy, ; ;

l N l A centre de recherche . .
R SOPHIA ANTIPOLIS - MEDITERRANEE




11

Use of Automatic Differentiation (AD)

Principles
Consider a program as a sequence of elementary instructions
Apply the chain rule to differentiate these elementary instructions

Write automatically a new program that compute the derivative
Results -

If a program is considered as a function U — ()( (,1,), its derivative is

a Jacobian matrix

AD tool TAPENADE allows to compute the matrix by vector products:

m inputs

. ()() . l e o 0o 0 o o ﬂ )
Tangent mode: U, U Du u ©c o 00 0 o|o|e
il Ry’ -radient
Eo A R
A T ® o 0o 0 o o 0|0
n 0 @ - n outputs e o 0 o o olillo
Reverse mode: W@ | = ¢
. (.)U, ® © o o o o0 |0
) u e o 0o 0o o o000
e o 0o 0 o o U °
l Tangent
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Use of Automatic Differentiation (AD)

Example : Tangent mode

Original F77 code

SUBROUTINE FOO(vi, v2,  v4, p1)

REAL v1,v2,v3,v4,pl

v3 = 2.0xvl + 5.0
v4 = v3 + plxv2/v3
END
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Derivative of v4 w.r.t. v1 and v2

[ ]
SUBROUTINE FOO(v1,vid,v2,v2d v4,v4d,pl)
REAL vi1d,v2d,v3d,v4d
REAL v1,v2,v3,v4,pl

v3d = 2.0*xvi1d
v3 = 2.0xvl + 5.0
v4dd = v3d + plx(v2d*v3-v2*v3d)/(v3*v3)
vd = v3 + plxv2/v3
END
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Use of Automatic Differentiation (AD)

Application to aerodynamic test-case : adjoint equation

~ A7
Y Vi
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Y Vi
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I J
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Application of Reverse Mode : Aoplication of Reverse Mode :
I — S W
L] | . bl
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Use of Automatic Differentiation (AD)

Apblication to aerodynamic test-case : second-order derivative
W

_an*l\?= mi | o
J g\ . O (0T \ ...
Application of Direct Mode: - I\ ¢ ';’ Yo + BTG ()A v Wo
g oW W N
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Application of Direct Mode:
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Estimation of uncertainty for fields

Principle
Compute sensitivity fields by a direct approach
g T
" 0a P Oa

Differentiate state equations to obtain the PDEs for sensitivity
fields (continuous sensitivity equation method) :

pu-Vu = —-Vp+V-7(u)+f,
V:-u = 0,
pu-Va+p(sy-Va+u-Vs,) = —-Vs+V-7(sy)+ V-5 (u)+1,
Viesa = 0,

Solve sensitivity equations using similar numerical methods
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Methodology for statistical estimation based
on surrogate models

Use of meta-models
Compute the functional for a few number of uncertain parameter values
Construct a meta-model
Numerical integration or Monte-Carlo to compute statistics
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Use of meta-models

Principle

Build a database (several drag computations for different
condition values) : Latin Hypercube Sampling (LHS)

Construct an approximate model for the drag:
Least-squares fitting
Artifical Neural Networks (ANNSs)
Radial Basis Functions (RBFs)
Gaussian processes (Kriging)

entre de recherch
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Use of meta-models

Radial Basis Functions (RBFs)
Seek an approximation of the form:

N oi(v) = P(||v — A.i*iH,)
J(y) = ;w‘i ®i(7) () — (——7

Interpolation condition yields:

() on()\ [en] (0D

0(v7) .ooon() | Jen L ) e

01 (", N) ... ON (" N) | WN ) \/ (,\ N) }
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Use of meta-models

Gaussian Processes (Kriging)
Hypothesis : the sample results from a Gaussian process:

PNy P (_"_JA Cn S ) ik | 1 (v =)
p(JN TN = . ° : \- (v, ") = 61 exp -5 E
vV 2m)N det(Cy) 2=

Maximize the likelihood of the sample (log-likelihood) by PSO method:

) ,.,*Tﬁ_> AT .
e =JN Oy TN +logdet(Cy)

Derive estimation of a new point (mean and variance)

“N+1 _ 1. T, ~—1 N 2 . T =17,
.,/ S /1 (_:\T -_] o (TJ'AT ! = K — /1 (_:\T /1
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Application : subsonic flow around a

1.30 1.48

wing

Test-case:
3D Eulerian flow
Nominal conditions: M=0.65 a = 2°
Gaussian random fluctuations

21%21 CFD analyses e

Drag

2,009
Q.0025
0,00

Reference results: 00075

21 * 21 CFD analyses ﬁi e

Martinelli & Duvigneau, AIAA-2071, 2008
Martinelli & Duvigneau, Computers & Fluids, 2010
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Application : subsonic flow around a wing

First-order Taylor series :

: : aralysis + dedva : . aralysis + deriva .
First order Taylor series s Relative error (%) yeis + derivaives

Drag Drag
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Application : subsonic flow around a wing

Second-order Taylor series :

. aralysis + derivadl +
Second order Taylor serjes Y= rosvatves Relative eccor (%) analysie +dedvatves
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Application : subsonic flow around a wing

Radial Basis Functions with 8 training points :

frairing poirts .+

fraining poirts .+
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Application : subsonic flow around a wing

Comparison of statistic values :

24

Metamodel | Points | Expectation | Expectation error
RBF 8 6.85507 10— 2.43491 10~=°
RBF 23 G.85762 107 1.05410 10~ 7
KRG 8 6.85257 107 1.94454107°
KRG 23 6.85762 10— 1.14150 1077

Metamodel | Points Variance Variance error
RBF 8 1.56176 107" | 841631 10710
RBF 23 1.56595 1077 | 1.26098 107
KRG 8 1.55076 10~ | 2.57555 10710
KRG 23 1.56575 1077 | 1.24084 1077

Expectation | Expectation error
First-order | 6.8304910~° 270266 10~
Second-order | 6.86056 102 3.04649 1076

Variance Variance error
1.54665 107" | 6.69276 10~

First-order
Second-order | 1.55758 107 | 4.23060 1010
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Application : subsonic flow around a wing

Comparison of memory requirements :

Memory in Mb
Flow solver 130
First derivatives 250
Second derivatives 120
GMRES linear solver 250
Preconditionners 340
Total 1090

Comparison of CPU costs :

CPU time in second
Flow solver 403 CPU time in second
Gradient 255 Sequential database 3250
Hessian 278 Parallel database 440
Total 036
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Application to robust design

Test-case

Supersonic business jet

Cruise regime (M=0.83)

Minimize drag

Lift constraint

Uncertain Mach number (Gaussian)

Duvigneau, EUROGEN, 2007
Duvigneau, Martinelli & Chandrashekar, ISTE-Wiley, 2010
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Application to robust design
Single-point optimization

Optimization at cruise regime only (M=0.83)
Cost function (drag) : 0.02633 to 0.01139
Constraint (lift) : 0.3190 to 0.3188

pressure \ ]l . : pressure

0:500 0.775  1.05 1.33 1.60 | G50 s, 5575 Tos
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Application to robust design

Effect of Mach perturbation for the optimum shape

M=0.81 M=0.83 M=0.85
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Application to robust design

Robust design procedure

Minimize both drag mean and variance
Lift constraint (probabilistic)

Uncertain Mach number (Gaussian)
Meta-model based approach (7 points)
Calcul : 256 proc. 10H (IBM Power4)

paricle N

Second Level

First Level Parallelism

Parallelism
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Application to robust design -

0.05— —

weight 1.0/ 0.0
B—a weight 0.5/0.5
4—a weight 0.0/ 1.0

Solution y
Minimization of drag mean only “

Minimization of drag variance only
Minimization of drag variance and mean

0.01— —

l \ . l ‘ \
0
0.78 0.8 0.82 0.84 0.86 0.88
Mach number
1200
| hi = 1 ight =0 B
1000 O hi =05 weight = 0
o ht=0 v ight = 1
g 800 -
5
5 e00f- —
=]
g 400f .
200 HH —
0.01 0.015 0.02 0.025 0.03

drag u;rl'liti'cm
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Application to robust design

Effect of Mach perturbation for the optimum shape (bottom : robust)

centre de recherche

SOPHIA ANTIPOLIS - MEDITERRANEE



32

Application to uncertainty field estimation

Test-case

2D incompressible Navier-Stokes
Adaptive finite-element method
Laminar flow around airfoil

Uncertainty due to thickness, camber
and incidence

Duvigneau & Pelletier, AIAA-0127, 2005
Duvigneau & Pelletier, Int. J. Comp. Fluid Dynamics, 2006
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Application to uncertainty field estimation

Validation by estimating nearby solution

Change of thickness (12% to 15%)
Change of camber (0% to 4%)
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Application to uncertainty field estimation

Uncertainty estimation

Uncertainty of thickness : 1%
Uncertainty of camber : 1%
Uncertainty of incidence : 0.5 degree
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Application to uncertainty field estimation

Uncertainty estimation

Uncertainty of thickness : 1%
Uncertainty of camber : 1%
Uncertainty of incidence : 0.5 degree
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06 | PR i alpha
N T thickness -
04 - fl e 2 004 camiber i
e seaseazassy v
0r / : 1 003 + |I'Y
g w02 |/ 9) |\
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04 | |} R 002 F i\ ﬁf
{ L 5, Sy |
0.6 , o \\ i /'J |
| P ! o
-{}-8 i l 001 " :i! \ T e [ Y /‘\ .-'r-/{‘.\
i - e N ™
1k o i x\ - . :
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0 0.2 04 0.6 0.8 1 0 02 04 0.6 08 1
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Conclusion

AD-based approach :
AD usefull to reduce human cost
Difficulties in transonic regime (limiters not differentiable)

Low CPU cost
High memory requirements

CSEM-based approach :

No differentiation of discrete entities
Human cost higher

Metamodel-based approach :
Easy to use
CPU cost : only due to database building
Strong increase of CPU cost with the number of parameters

Parallel computing
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