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Motivation

m Due to increasing air traffic, aircraft noise
reduction has been an important goal in research
activities (e.g, EU Horizon 2020).

m Acoustic liner technology is an efficient technique
to reduce engine noise.

m |deally the liner parameters are determined by
employing gradient-based numerical optimization
methods combined with adjoint methods.

m Gradient-based methods may trap into a local
optima.

[Richter]

m Evolutionary Algorithms are more likely to find
global optima, but they are only applicable to
problems with few design parameters.

m By using the hybrid two-level approach, we try to
benefit from both approaches.
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CAA Framework: We focus only on the propagation zone!

‘ Farfield: Acoustic ‘

analogies (e.g., FWH)
. MY
‘ e
W,

/
. Interface b 1 5
* CFD & CAA Propagation zone: CAA
Sel (e.g., LEE or APE)
A ~ — ’

Nicolas R. Gauger 4/ 18



Scientific
Computing

Governing Equations and CAA solver
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In the propagation zone, the aeroacoustic phenomena is governed by Linearized

Euler Equations (LEE):
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CAA Solver: CFD Noise (Prof. Thiele, CFD GmbH):
m Solves the LEE using finite difference method.

m Spatial scheme : 7—point 4th order Dispersion-Relation-Preserving (DRP)

scheme of Tam & Webb.
Temporal scheme : LDDRK (4th. order).

m BCs: EHR Liner, hard walls, PML/Sponge layer/radiation BC.

m Multiblock structured grids with Chimera capability.
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The extended Helmholtz resonator model (EHR)
EHR model was introduced by Rienstra as a high-frequency extension of the

Helmholtz resonator model. It describes the acoustic impedance of a damped
Helmholtz resonator in a very general form as:

ZEHR(iw) = Rr + iwms — I,B cot (%wT, — %6) s

where R¢, me, 3, T and € are the positive real model parameters.

Transformation of the EHR model from frequency domain to the time domain is
given by:

oul,
5 ()

€

mif () — (Rr + B)ul(1)]
i

my [u(t = T1) = (Re = Bun(t — )] + e_saalf(t - T),

where p(t) is given by

u(t) =p" +uo-Vp' —n-(n-Vuo)p'
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Two-Level Approach

First Level Global Optimization

Design parameters: EHR model parameters (only
single liner patch is taken, only 5 parameters).

Optimizati EA using the Kriging based
‘ surrogate model.

| »| Global solution: Best initial setting for the gradient
based local optimization in the second level.

'

Second Level Local Optimization

Nicolas R. Gauger 16
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First Level: Low dimensional global optimization
Optimization Problem:
min Y = F(Xy).
Xu
We can summarize the most important steps in the first level as
m Step 1: CAA simulations are performed at the initial sample points.
Yi = F(Xw)i, i=0,1,...N.
m Step 2: The Kriging surrogate model is constructed using the initial data.
F(Xu) =~ F(Xn).

m Step 3: A new sample point (or a certain number of sample points), which has
the maximum value of Expected Improvement (El), is determined by the EA
based on the surrogate model.

m Step 4: New sample point is added to the existing data set and procedure is
repeated from the Step 2 until a certain number of iterations is exceeded.
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Second Level: High dimensional local optimization
Optimization Problem:

min Y = F(Xh).

We can summarize the most important steps in the second level as

m Step 1: The high-dimensional design vector is interpolated using the values of
the " best design” achieved in the first level

Xp = I8 Xy.

m Step 2: The gradient vector VF(X) is evaluated.

m Step 3: The vector of design parameters is updated according to quasi Newton
(BFGS) method
Xi = XK — Be(Xn) " VF(X).

m Step 4: At the new design, a CAA simulation is performed to measure the
improvement. If the improvement is greater than a tolerance, the procedure is
repeated starting from the Step 2.

IFX) — F(X)K| <=€ 77
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Optimality System

 Optimization Problem:

min,_, J(W,9) st R(W,$)=0

 Lagrangian:

L=J+A'R
« Optimality condition (KKT system, 1. order necessary cond.):

oL :
—=R=0 State equation
oA d

oL 0dJ TaR :

- +A Adjoint state equation
ow JdWw oW
oL aJ R
— = fAL or =0 Design equation
ol a¢ J0)
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Optimality System

 Optimization Problem:

min,_, J(W,9) st R(W,$)=0

« Lagrangian: instead [ =/ + ATR, continuous L:
L=J+(AR) .

« Optimality condition (KKT system, 1. order necessary cond.):

oL :
—=R=0 State equation
oA d

oL 0dJ TaR :

- +A Adjoint state equation
ow JdWw oW
oL aJ R
— = fAL or =0 Design equation
ol a¢ J0)
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Optimality System

 Optimization Problem:

Fixed point iteration:

min,., JW,9) st RW,$)=0 < W=G(W,¢)

« Lagrangian: instead [ =/ + ATR, continuous or discrete L:
L=J+(AR) . < LW,A®)=JW.$)+A (GW,.0)-W)

« Optimality condition (KKT system, 1. order necessary cond.):

oL !
——~ =R=0 State equation
oA -
L !
oL _ & +AT£=O Adjoint state equation
ow oW oW
oL 0J R
0L _ WAL ox =0 Design equation
9 99 09
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Optimality System
 Optimization Problem:

Fixed point iteration:

min,., JW,9) st RW,$)=0 < W=G(W,¢)

« Lagrangian: instead [ =/ + ATR, continuous or discrete L:
L=J+(AR) . < LW,A®)=JW.$)+A (GW,.0)-W)

« Optimality condition (KKT system, 1. order necessary cond.):

Black-box differentiation:
oL

N =G(W,p)- W =0 State equation

oL _ d.J Al (E_[);() < N, (W,A,¢)=A Adjoint state equation
ow oW oW

oL — ﬂH\T ﬁ ;() Design equation
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Optimality System

* Optimization Problem: Fixed point iteration:

min,., JW,9) st RW,$)=0 < W=G(W,¢)

« Lagrangian: instead [ =/ + ATR, continuous or discrete L:

L=J+(AR),. , < LOW.A@)=JW.0)+A (GW,0)-W)

Black-box differentiation:
GW,p)-W=0

ﬂ+AT(£—I)¥O < NL(W,A,9) = A

oW oW
Primal contractivity: HGWH = HG‘;H < p <1 = Adjoint contractivity:
T
Adjoint code inherits convergence 8NW T
. . — WGy l<p<l
properties of primal code IA W
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Discrete Adjoint Method

First discretise then optimise

First discretise the primal system

Then obtain the adjoint system based on the discretised primal equations
Possibility proposed here: Automatic or Algorithmic Differentiation (AD)
Basic principle

Computer code is concatenation of basic operations (+,-,%eftc.)

Apply differentiation rules to this concatenation by using chain rule

Automatic
differentiation
£(x) {...}; y df () {...};
human . :
Consistency!? !
programmer ;
= f X)) = e e e e e e e - > /: f’ X
/ ( ) symbolic differentiation Y ( )

(human/computer)



Eompin
www_.autodiff.org

AD - Tools for Fortran and C

m ADOL-C, REVOLVE: C, C++, Open Source

m CoDiPack: C, C++, SciComp TU Kaiserslautern, Open Source
m DCO: C, C++, STCE RWTH Aachen, selected partners
ADIFOR 2.0 / 3.0: Fortran 77/90/95, Licensed, Closed Source
m Tapenade: Fortran 77/90/95, (some) C, free, Closed Source

TAF / TAC (FastOpt GbR): Fortran 77/ 90/95, (some) C,
commercial

m OpenAd: Fortran 77/90/95, (some) C, Open Source

Other tools
for Fortran, C, C++, Matlab, ADA, ...
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Discrete adjoint approach
We consider the minimization of a scalar objective function, which is a function of
the state vector over a time interval [0, T]:

m)gnJ(YN) such that  Yjy1 = G(Yg, X), k=0,1,...,N —1.

If we differentiate J w.r.t. X we get

dJ  dJ dYy
dX — dYy dX
On the other hand, differentiating the discrete mappings Yit+1 = G( Yk, X) we get
i 96(Ye,X)  9G(Yo,X)dYo _ 0G(Y0,X)
dX oX Yo dX oX
4 96(Y1,X) | 0G(Y1,X)dVi _ 9G(Y1,X) | 9G(1,X) 9G(Yo,X)
dX oX oY1 daX oX oY1 oxX
Y _ 0G(w-1,X) | 0G(Yn-1,X) d¥ur _ OG(Yn-1,X)
dX oX OYn_1 dX oX
L 060N1,X) 06(Yn-2,X)
OYn_1 oX
n 0G(Yn—1,X) 0G(Yn—_2,X) 0G(Yn_3,X)  OG(Yo,X)
OYn_1 OYn_2 OYn_3 oxX
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Discrete adjoint approach
Using the expression for the derivative dYn/dX from the above equation, the total

derivative dJ/dX can be reformulated as

A 9) 0J 96(Yuon,X) | 9J 9G(Yu-1,X) 9G(Yu-2. X)
dx oxX " avw  oX Yy OYw1 oX
L 0 96(Yn-1,X) 9G(Yu2. X) 0G (Y3, X)
oYy OYna YN 2 oX o
L 0 96(Yu-1,X) 0G(Yu2, X) 9G(Yn-3.X)  9G(Yo,X)
YN  OYna OYn_» Vs T aX

Multiplying the above expression with a weight vector (column vector) X e R" we
get the so-called direct discrete sensitivity equation

Ay g 9961 X) g, 9 9G(Yuo1,X) 96(Yu-2,X) ¢
dX oxX OYn oX oYy  O0Yn-1 oxX
n 0J 9G(Yn-1,X) 0G(Yn—-2,X) GG(YN,g,X)X_’_
oYy  OYn-1 OYn—2 oX o
n 0J 0G(Yn-1,X) 0G(Yn—_2,X) 0G(Yn_3,X) OG(YO,X)X
oYy  OYn-1 OYn—2 O0Yn_3 o oX ’

which gives the directional derivative of J in the direction of X.

Nicolas R. Gauger
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Computing

Discrete adjoint approach
On the other hand, if we take the transpose of dJ/dX, we obtain

dJT 94T 9G(Ya-1,X) " 9J T+ OG(Yn_2,X)T0G(Yn_1,X)" 0J T
aX —  aX X dYn X dYn-1 Y
N OG(Yn-3,X) T 0G(Yn-2,X) T 0G(Yn-1,X)" 0J T+
X OYn_2 dYn_1 oy 7
N 0G(Yo,X) " 9G(Yn_3,X) " 0G(Yn_2,X) OG(Yn_1,X)" 8J T
X T Y3 OYn_2 OYn_1 Yy

The above equation can be rearranged as

a7 aJT lacv, X)T
+Y =R g

daX
i=N
where the vectors ¢;, i = N, N —1,...,1 are given by the recursion
aJ T aG(Y, X) " .
= i = iy, I=N—-1,N—-2,..., 1.
o oYy and ¢ Y, Pig1, 0
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Discrete adjoint approach

m The discrete adjoint approach is based on the Algorithmic Differentiation (AD)
of the CAA source code (CFD-Noise) using source transformation techniques
(Tapenade).

m Using AD techniques a discrete adjoint solver, which solves the adjoint LEE
equations backwards-in-time, is generated.

m The reversal of the unsteady time trajectory of the CAA solution is achieved
by using two-stage checkpointing scheme (mixed RAM and disk checkpoints).

Forward-in-time CAA solution

T, T, T, Tc Ty
Y, @ oy,

Initial solution Final solution

@® Checkpoint written on disk

® Checkpoint written on RAM
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Discrete adjoint approach

m The discrete adjoint approach is based on the Algorithmic Differentiation (AD)
of the CAA source code (CFD-Noise) using source transformation techniques
(Tapenade).

m Using AD techniques a discrete adjoint solver, which solves the adjoint LEE
equations backwards-in-time, is generated.

m The reversal of the unsteady time trajectory of the CAA solution is achieved
by using two-stage checkpointing scheme (mixed RAM and disk checkpoints).

Reverse-in-time adjoint CAA solution

T, Te, T T T

A

Y

v @®  Checkpoint written on disk
o

-
-

Final adjint solution

®  Checkpoint written on RAM

® Checkpoint becomes free
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Test Case: Generic By-Pass Duct Configuration

Test Case Description: ‘

m Locally orthogonal O-type grid for
the host grid.

m Body-fitted O-type grids for the
bifurcations.

m Around 10M grid points, 68 blocks.
m PML BC at the outlet.

m Acoustic source: two acoustic
modes at f = 1700 Hz and
f = 47000 Hz are excited.

m Base flow: RANS.

m Objective function: Sound power
(Morfey’s definition).

m Simulation time: around 1.5 hrs
(64 cores)
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Test Case: Liner Parameterization

First Level: Single liner patch (5 parameters)
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Optimization Results
First Level:

m 100 CAA simulations for the initial data acquision.

m 5 iterations with the El method = 20 additional sample points (4 samples
each).

Second Level:
m 5 BFGS updates = 5 function and 5 gradient evaluations.

Total computational cost: 125 CAA and 5 adjoint simulations ~ 20K CPU hrs.

Configuration Sound power (W) % Reduction
Hard wall case (no liner) 6.981 -
Best design in the initial sample set 0.223 96
Optimal single patch liner (first level) 0.130 41
Optimal spatially variable liner (second level) 0.096 26
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Conclusions

m A two-level optimization framework for the design
optimization of acoustic liners is established.

m The two-level method combines adjoint based gradient
optimization method with a surrogate model based EA.

m The efficiency of the method was demonstrated by finding the
optimal distribution of acoustic impedance, which minimizes
the sound power integrated at a surface.

m Thanks to AD based discrete approach, any modification in
the objective function and BCs are automatically incorporated.
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