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Abstract

The numerical simulation plays a key role in industrial design becauseit enablesto reduce
the time and the cost to develop new products. Becauseof the international competition, it
is important to have a complete chain of simulation tools to perform e�cien tly some virtual
protot yping. In this paper, we describe two components of large aeronautic numerical sim-
ulation chains that are extremely consuming of computer resource. The �rst is involved in
computational 
uid dynamics for aerodynamic studies. The secondis used to study the wave
propagation phenomena and is involved in acoustics. Because those softwares are used to
analyze large and complex casestudies in a limited amount of time, they are implemented on
parallel distributed computers. We describe the physical problems addressedby these codes,
the main characteristics of their implementation. For the sake of re-usabilit y and interoper-
abilit y, these softwares are developed using object-oriented technologies. We illustrate their
parallel performance on clusters of symmetric multipro cessors.Finally , we discusssomechal-
lenges for the future generations of parallel distributed numerical software that will have to
enable the simulation of multi-ph ysic phenomena in the context of virtual organizations also
known as the extended enterprise.

1 In tro duction

The development of a complete chain of numerical simulation tools to predict the behaviour of
complex devicesis crucial in an industrial framework. Nowadays the numerical simulation is fully
integrated in the design processesof the aeronautics industry. During the last decades,robust
models and numerical schemes have emerged and have been implemented in simulation codes
to study the various physical phenomenainvolved in the design of aeronautic applications. The
simulations tools enablethe engineersto perform virtual protot yping of new products and to study
their behaviours in various contexts before a �rst real protot ype is built. Such a tool permits the
reduction of the time to market and the cost to design a new product. A typical simulation
platform is composedby three main components that are

1. the preprocessingfacilities that include the CAD systemsand the meshgenerators,

2. the numerical simulation softwares, that implement the selectedmathematical models and
the associated numerical solution techniques,

3. the post-processingfacilities, that enable the visualization of the results of the numerical
simulations. This latter step is often performed using virtual reality capabilities.
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Each of thesemain components can operate with each other. It is necessaryto go back and forth
betweenthem when the characteristicsof the studied deviceschange. This occursfor instancewhen
numerical optimization is performed to maximize somegoverning parametersof the new product.
Even though each of thesethree components intensively usecomputing resource,we focus in this
paper on the secondone that plays a central role. It involves various ingredients ranging from
applied physics and applied mathematics to computer science. In this paper, we concentrate on
two applications in aeronauticsthat intensively uselarge computing resources.Theseapplications
are the computational 
uid dynamics and the computational acoustics. They both require the
solution of partial di�eren tial equations(PDE) de�ned in large domains and discretized using �ne
meshes. Becausethose calculations are one step in a larger production process,they should be
performedon high performancecomputerssothat they do not slow-down the overall process.In the
recent years, thesehigh performancecomputers are mainly clusters of symmetric multipro cessors
(SMP) that have demonstrated to be cost e�ectiv e. The parallel approach in that context consists
in splitting the completemeshinto sub-meshessothat each processoris in chargeof onesub-mesh.
The exchangesbetween the computing nodes are implemented using a messagepassing library
that in general is MPI. Finally, for the sake of re-usability and interoperabilit y, thesesimulations
codes are developed using object-oriented technologiesand languageslike C++. However, some
low level computationally intensive calculations are still coded in Fortran.

The paper is organized as follows. In Section 2 we describe the code for the aerodynamic
applications and its parallel implementation. The existing code wasinitially developed and usedon
vector supercomputersmainly in serial processing.The present study is an analysisand adaptation
of the code for SMP platforms with cache basedmemory architecture. Its parallel performance
is studied on real life problems using cluster of SMP including HP-Compaq Alphaserver, IBM
SP machine and the new Cray XD-1 computer. In Section 3, we present a code used to perform
simulation in another important �eld of the aeronautics , namely the wave propagation studies.
In that section we brie
y present the features of the code and show numerical experiments on
industrial geometries. The parallel performance of this code is illustrated on a cluster of SMPs
developed by Fujitsu on top of bi-processorOpteron node. We concludewith someremarks on the
future challengesfor the parallel distributed numerical softwaresthat should enablethe simulation
of multi-ph ysic phenomenain the context of virtual organizations. This latter framework is also
known as the extendedenterprise.

2 The aerodynamic simulations

Weconsiderthe numerical simulation of external compressible
o ws that rangefrom the unbounded
evolution of wave vortex generated by the aircrafts, to the 
o w around vehicles or objects like
aircrafts (seeFigure 1), helicopters, missiles,etc. We also addressthe study of the internal 
o ws
in complex industrial deviceslike piston engines,compressor,turbines, etc. The power increase
of modern computers enableseither the solution of larger problems, or the improvement of the
accuracy(model, details) of present industrial problems,or the useof CFD for optimization process.
Moreover the industry wants to integrate earlier in the designprocessthe multi-disciplinary aspects
such that 
uid/structure, 
igh t mechanics,acoustic,aerothermal, etc. This multi-disciplinary scale
increasesthe complexity of the simulation codes.

The numerical simulation of these aerodynamic phenomenais nowadays consideredas an el-
ementary building block of the industrial conception processand should therefore be e�cien t,

exible and easyto integrate in the computational chain.

2.1 Ph ysical Mo delling

The aerodynamic problems,we aim at simulating, are described by the convection/di�usion model
of Navier-Stokesthat is valid in continuous regime. The Navier-Stokesequations, in their conser-
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Figure 1: Full aircraft Navier-Stokessimulation

vative form, can be written

@W
@t

+ div(F ) = 0 (1)

whereW is the state vector (�; �u; �v ; �w ; �E ) with � the density, (�u; �v ; �w ) the momentums and
�E the internal energy. F is the 
ux tensor and corresponds to the di�erence of the convective

uxes and the viscous
uxes. This time-dependent systemof nonlinear PDEs enablesus to guaranty
the conservation of mass, momentum and energy. This system is closedvia comportment laws.
The 
uid is Newtonian and complieswith the Stokesassumptionsfor which the heat 
ux is given
by the Fourier law. Finally this system of PDEs is de�ned within a �nite spaceand time domain
and boundariesconditions are required both in time and in space.

One of the major di�culties is to properly simulate turbulent 
o ws that are involved in all
industrial calculations. Various models can be consideredto tackle this problem. The choice is
mainly governed by the complexity of the application and by the time constraints to produce the
results using a�ordable computing resources.Various possibilities can be considered. The Direct
Numerical Simulation (DNS), that doesnot rely on any model, is extremely CPU consuming. The
ReynoldsAverageNavier-Stokes(RANS) equationsare another possibility whereadditional PDEs
are addedto the systemto model the impact of the turbulence. Someintermediate techniquesexist
that are the Large Eddy Simulation (LES) or Detached Eddy Simulation (DES). Even though the
computer performancehas signi�can tly increasedin the last decades,the RANS approach is still
the only a�ordable solution that can be usually consideredin operational industrial codes.

The numerical techniquesdescribed in the next sectionshave beenimplemented in the package
elsA [3, 10] using object oriented technology. Started in 1997by ONERA, this packageis currently
jointly developed with CERFACS that joined the project in 2001 and with DLR that joined the
collaboration in 2004. The numerical experiments of this paper related to CFD applications have
beenperformed with this package.
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2.2 Numerical modelling

2.2.1 Discretization schemes

In a �nite volume framework, the problem (1) writes:
Z




@W
@t

dV +
I

@

F :� ds = 0; (2)

where � is the outer normal. When 3D spatial discretization is intro duced, Equation (2) becomes:

d
dt

(Vi;j;k Wi;j;k ) + Ri;j;k = Si;j;k ; (3)

whereVi;j;k is the cell volume and Si;j;k the sourceterm of the cell i; j; k in the mesh. Oncewritten
in terms of 
ux balance,the residual becomes

Ri;j;k = Fi +1 =2;j;k � Fi � 1=2;j;k + Fi;j +1 =2;k � Fi;j � 1=2;k + Fi;j;k +1 =2 � Fi;j;k � 1=2: (4)

In elsA there are several choicesfor the spatial discretization. However, in this study we have
only used the Jamesonscheme basedon a centered approximation of the 
uxes. For the sake of
stabilit y, a numerical dissipation is added:

Fi +1 =2 = F i +1 =2:si +1 =2 � di +1 =2: (5)

When looking for a steadysolution, the systemis solved using an implicit iterativ e schemewith
pseudo-timestepping procedure,derived from the unsteady formulation. The simplest approxima-
tion of the time derivative (Backward Euler formulation) used in Equation (3) gives:

V
W n +1 � W n

� t
+ � R(W n +1 ) + (1 � � )R(W n ) = 0: (6)

A linearization of the residual at time n + 1 is written:

Rn +1 = Rn +
@R
@W

� W + O(� t2);

that, combined with Equation (6) gives,
�

V
� t

I + �
@R
@W

�
� W = � R(W n ): (7)

The di�cult part in Equation (7), is to get a good estimate for the Jacobian matrix
�

@R
@W

�
.

If we apply the \First Order Stegerand Warming Flux Vector Splitting" [25] method, we end up
with a diagonal dominant linear system with numerical 
uxes that writes

Fi +1 =2 = f + (Wi ) + f � (Wi +1 ): (8)

The linearization of the 
uxes at time n reads:

F n +1
i +1 =2 = F n

i +1 =2 + A+ (Wi ; si +1 =2)� Wi + A � (Wi +1 ; si +1 =2)� Wi +1 ;

where A is the Jacobian matrix of the 
uxes, written as A � = P� � P � 1 where � � is a diagonal
matrix composedof the positive (resp. negative) eigenvaluesof A.

In elsA, there are several techniques to estimate the matrix A � , but the scalar approximation
is commonly used. It consistsin the use of the spectral radius of A, denoted by r (A), instead of
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the matrix, and to make a direct estimation of A � � W to avoid the explicit building of the A �

matrix. That is,

A � � W �
1
2

(� F � r (A)� W )

where � F is an approximation of the convective 
ux variation. This sametype of linearization is
usedfor the boundary conditions computation during the solution.

In elsA the linear system is solved using a LU-SSOR (for Lower/Upp er Symmetric Successive
Over Relaxation) method [28] basedon a decomposition in lower, diagonal and upper triangular
parts of the matrix:

(L + D + U)� W = � R:

The system is solved by p relaxation iterations, each of them consistsof two steps:

(L + D)� W p+1 =2 = � R � U� W p;

(U + D)� W p+1 = � R � L � W p+1 =2:

One should notice that one of the interest of the LU-SSOR method is that it allows a limited
implicit coupling betweenthe computational domains.

2.2.2 Numerical solution techniques

In the packagewe are interested in, the physical domain is discretized using a meshcomposedby
a set of structured blocks referred to as a structured multi-blo ck mesh. The multi-blo ck approach

Figure 2: Multi-blo ck meshon a large aircraft

enablesthe padding of the completedomain with elementary sub-blocks. Each of thesesub-blocks
is topologically equivalent to a cube, which simpli�es signi�can tly the underlying data structure
handled by the code. No indirect addressing is used in the inner-most loops of the code and
the memory accessesare very regular. Consequently the code runs e�cien tly . Furthermore, this
approach is well suited to capture the strong anisotropies that exist in the physical solutions that
are computed. Such anisotropiescan be observed in the boundary layers closeto the walls, in the
shear layers and in the shocks for examples. In Figure 2 we depict an example of a multi-blo ck
mesharound an aircraft.
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The connectivity betweenthe elementary blocks could be arbitrary in the volume (meshoverset
techniques,chimera) or on a surface,with possibly no direct matching of the meshcells acrossthe
surface. This strategy of meshingis rather simple and can be automated easily. Its 
exibilit y and
simplicit y are real assetsin the conception and optimization phaseinvolved in the designprocess.
It is also very convenient for somemulti-ph ysicscalculations such that in aeroelasticity where it is
important to adapt the meshto the shape of an object that evolvesin time.

The Navier-Stokes equations are discretized in space using a �nite-v olume technique, then
boundary conditions are set on the multi-blo ck meshesboundaries. The ODE problem is then
iterativ ely solved in time (or pseudo time). The convection operator, stabilized by an arti�cial
dissipation term [12], usesa special formulation in order to enablethe resulting schemeto simulate
either transonic 
o ws with discontinuities (shock wave) or incompressible
o ws. Implicit schemes
using geometricmultigrid solversare implemented to e�cien tly solve the problemsassociated with
steady or unsteady 
o ws. This nonlinear geometric multigrid technique enablesones to obtain
simulation times that comply with computational 
uid dynamic calculation in an operational
framework.

The large scale problems that are currently solved within various Airbus businessunits can
be addressedthanks to the parallel distributed capabilities of elsA to be described in the next
sections.

2.3 The scalar parallel performance

In a high performancecomputing framework, a preliminary step beforeto go for parallel computing
is a basic code tuning. This step aims at getting a good mega
ops rate out of a single processor
execution; the gain is basically multiplied by the number of processorsin a parallel environment.

In this section, we illustrate various possibletechniquesexperimented in the elsA code to take
the best advantage of the computing power available within a node of a SMP. The elsA code has
beendesignedand run for many yearson high performancecomputers that werevector processors
basedplatforms. With the advent of modern microprocessorsthe gap in performancebetweenthe
vector and \scalar" processorshasshrunk. Clusters of SMPs have spreadin industry and the large
calculations are currently performed indi�eren tly on parallel vector computers or on clusters of
SMPs. From a software designpoint of view this meansthat the code should be e�cien t on both
platforms. For a maintenanceviewpoint only onesourcecode must be maintained with as little as
possibledi�erences betweenthe �nal codesthat will eventually be compiled on the target machine.

In the �rst part, we illustrate how the leading dimension of the 2-dimensionalarrays handled
by the code should be de�ned in order to avoid poor performance related to a bad usageof the
memory hierarchy (various level of cache). We then investigate the possibility to useOpenMP to
implement a �ne grain parallelism. Finally, we report on parallel distribued experiments performed
on large problems.

2.3.1 Single no de performance

Becausethe elsA packagewas preliminary developed for vector machines, its basic data structure
is designedfor this type of target platforms. In particular, the dimensionof the meshis the leading
dimensionof all the arrays in memory. It is well known that such data structure is not well adapted
for scalar processors. In this study, a major e�ort was focusedon simple techniques to preserve
the e�ciency of the code on platforms basedon SMP clusters. On thesescalar computers reusing
the data loaded in the high levels of the memory hierarchy (level 1, level 2 or level 3 cache or
physical memory) is the main concernwhen trying to ensurehigh sustainedmega
ops rate of the
computation. Basedon the knowledgeof the main features of the memory hierarchy (number of
level of cache, sizeof the cache, cache management policy, TLB...) it is possibleto get rid of some
very poor performanceobserved for somesizesof the blocks.
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This poor behaviour is illustrated in Figure 3 (a) where we report on the mega
ops rate to
perform the computation on a cube with a varying mesh size. It can be observed that this rate
can drastically drop down for somegrid sizes.A lossof performanceup to a factor of 5 can often
beenobserved. It can also be seenin Figure 3 (a) that the location of the peaksis periodic. They
correspond to the situation where the limited associativit y of either the cache or the Translation
Lookaside Bu�er (TLB) becomesthe main bottleneck. These performance drops are localized
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(a) Initial code
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(b) Code with updated leading dimensions

Figure 3: Mega
ops rate of elsA on HP-Compaq varying the sizeof the cube

around data set sizemultiple of somepower of two, depending on the memory architecture (size of
the cachesand associativit y). But it is far from fortuitous, becauseelsA, likea number of structured
CFD codes,usesa convergenceaccelerationtechnique basedon multigrid. The algorithm imposes
that the computational mesheshave dimensions in multiple of 8 (for example). So the odds
are strong that the dimensionsof the arrays are right on the wrong dimensions for the memory
throughput.

The �rst step of the optimization that attempts to remove these peaks consists in identify-
ing what level of the memory hierarchy is responsible for that. The methodology consists in
using a probing code that mimics the most often occurring memory accesspattern. Most of the
computation is performed in low level routines written in Fortran. These routines mainly access
2-dimensional arrays, where the leading dimensions are the number of cells in the mesh. The
number of columns is the number of variables associated with each cell and depends on the type
of simulation. This storage and memory accessare known to be the most e�cien t one for vector
computing. Using this probing technique we were able to identify that the bottleneck was the L1
cache associativit y for the Alpha processoron the HP-Compaq. For the IBM machine the same
associativit y problem was related to his TLB entries. After this step, we have changed the size
of the dynamically allocated arrays so that we avoid the memory contention. The change in the
size of the leading dimension is computed by a simple function that depends on the number of
memory arrays, their size, and the architecture/associativit y of the cache or TLB. This idea is
very similar to the one usedon vector machines to avoid memory bank con
icts (due to the high
order interleaving of the memory). This technique has the main advantage of only requiring a
very minor change in the code. The gain intro duced by these modi�cations are clearly shown in
Figure 3(b). It can be seenthat the mega
ops rate is now nearly independent of the number of
cells in the mesh.
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2.3.2 The parallel shared memory (SMP) performance: Op enMP

Someof the numerical schemesimplemented in elsA were selectedfor their abilit y to fully take
advantage of the vectorization. Many vectorization directives are inserted to help the compilers
and we wondered if we could simply replace them by someOpenMP directives. We �rst focused
our attention on oneof the main time consumingroutine that implements a relaxation scheme[28]
either to solve the Jacobian or to be used as the smoother in a nonlinear multigrid method [12].
The simple replacement of vectorization directivesby OpenMP [18] onesgave very disappointing
performance. In particular, rather poor speed-upswereobserved on large meshesand speed-downs
were even observed on the small meshes.This is far to be optimal in the framework of multigrid
becausegoing down in the grid hierarchy quickly leads to small grids. To get good speed-ups
even on small grids we have implemented a 1D block partition of the grid. The relaxation scheme
implements a pipelined technique between blocks, each block being handled by a thread. The
speed-upperformancesof the multi-threaded code are reported in Figure 4. It can be seenthat an
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Figure 4: Speed-upson a 4-processorHP-Compaq SMP node

asymptotic speed-upcloseto 1:7 is quickly observed when two threads are used. For 4 processors
the asymptotic behavior is observed for slightly larger mesh sizesthat are still satisfactory for a
usagein a multigrid framework. Unfortunately , the resulting code di�ers quite deeply from the
initial code for vector processors. Consequently , this �ne grain - OpenMP - parallelism has not
beenselectedfor implementation in the o�cial sourcetree of the code.

2.3.3 The parallel distributed performance

In a parallel distributed the strategy consists in splitting the set of blocks into subset of similar
number of nodes (e.g. samecomputational weight) while trying to minimize communication be-
tween subsets. In order to do so, we �rst built a weighted graph G = f V; Eg. Each vertex of V
corresponds to one block of the multi-blo ck mesh, the value at this vertex is de�ned by its size
measuredby its number of cells. There is an edgeE i;j betweenvi and vj if the blocks i and j are
connectedin the multi-blo ck mesh(i.e. sharea faceor an edge),the weight of this edgeis de�ned
by the number of cells at the interface between the two blocks. The graph G is then split using
the Metis [13] software which provides us with a well-balancedpartition of the set of blocks with
small interfacesbetweenthe blocks.

In Figure 5 we depict the observed speed-upon a complete calculation on a 3D industrial civil
aircraft form an European company. For that calculation the number of cells is about 9 millions
and the computing platform is a cluster of bi-processorOpteron connected through a Gigabit
Ethernet network. Up to eight processorsthe speed-up is almost linear and slightly deteriorates
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Figure 5: Speed-upson a full aircraft calculation using 9 millions of cells

on 16 processors.In Figure 6 we display the parallel performanceof the code on the ONERA M6
Wing test problem. These performanceshave been observed on a Cray XD1 computer. For the
two problems and two di�eren t computing platforms, the performanceof the code are comparable
with slightly better speed-upson the XD1 probably due to the e�ciency of the interconnection
network. We mention that on the typical computing platform usedfor the simulations involved in
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Figure 6: Speed-upson the ONERA M6 Wing using 670 000 cells

a design procedure, the number of processorsusually used does not exceed16. Neverthelessthe
scalability of the code could look disappointing, but it should be noticed that the functionalities
(CFD but also meshdeformation, multi-ph ysics, etc..) of the code are now all parallel. Moreover,
a rewriting of the communications and somechangesin the algorithm are under way in order to
reducethe number of communications, and gather them to improve the performance.

Overall the performancesof the code in terms of CPU throughput and parallel capacitiesallows
already an industrial useof the codeon SMP architectures. The work in progressaims at improving
the scalability for medium range parallelism (64-128 nodes) for unsteady applications. However,
it is worth mentioning that robustnessand inter-operabilit y are key points. Consequently some
parallel optimizations are discardedbecausethey might corrupt them.
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3 The wave propagation simulations

We are now interested in another aspect of the simulations in aeronautic applications, which is the
acoustic wave propagation problem. We are interested in the simulation of the sound propagation
around complex structure (such as planes) in order to predict the noiseand/or vibrations induced
by the shape of the objects and the positioning of the various sources(enginesfor instance). In
this context, the 
uid is supposedto be perfect, homogeneousand still. Although no results are
reported in this paper, somerecent developments enablethe simulations with uniform 
o ws.

3.1 The governing equations

3.1.1 Helmholtz equation

In this section,we intro ducethe integral equationsusedin acoustic in our study. We are interested
in the solution of the Helmholtz equations in the frequency domain using an integral equation
formulation. We consider the caseof an object 
 � illuminated by an incident plane wave uinc of
pulsation ! and wave number k = ! =c where c is the wave celerity. The boundary � of the object
has a rigid part � r and a treated part � t of impedance� . The outer normal is � .

W

W+

-

u inc

G

n

G

G
t

r

+u

Figure 7: Acoustic problem

We want to compute the di�racted �eld u+ in the outer domain 
 + . It is solution of the
problem (P + ):

(P+ )

8
>>>>>>>>><

>>>>>>>>>:

� u+ + k2u+ = 0 in 
 + ;

@u+

@�
= �

@uinc

@�
on � r ;

@u+

@�
+ i

k
�

u+ = �
�

@uinc

@�
+ i

k
�

uinc

�
on � t ;

lim
r ! + 1

r
�

@u+

@r
� ik u+

�
= 0:

3.1.2 In tegral form ulation

We now denote � and p the jumps of the tangential parts of u and @u=@� on �. The knowledge
of p and � entirely solvesthe problem, since the following representation theorem allows then the
computation of the di�racted pressureu in any point x (see[17]):

u(x) =
Z

�

�
G(x; y)p(y) �

@G(x; y)
@� y

� (y)
�

dy; (9)
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where G(x; y) is the Green's function, solution of � u + k2u = � � 0, that is

G(x; y) =
eik kx � yk

4� kx � yk
:

In the caseof a rigid body, all the terms involving � t , � , � t and � disappear. We then obtain
the variational formulation:

8
<

:

�nd � such that 8� t ; we have

�
1
ik

I

� � �

@2G
@� x @� y

� (y)� t (x)dydx = �
1
ik

Z

�

@uinc (x)
@�

� t (x)dx:
(10)

3.1.3 Discretization

Tj

0

10
0

Sj

1

O

O

O

O
O

Figure 8: P0 (left) and P1 (right) basis functions

In order to discretize this system, we use a surfacic triangle mesh of the boundary �. The
pressure jump � is discretized using P1 linear basis functions, the pressure normal derivative
jump � is discretized using P0 basis functions (seeFigure 8). We end up with a complex, dense,
symmetric linear system to solve.

3.2 The numerical solution schemes

3.2.1 The parallel Fast Multip ole calculation

The integral approach used here to solve the Helmholtz equation has several advantages over a
classic surfacic formulation. First, it requires to mesh only the surface of the objects, not the
propagation media inside and around it. In an industrial context, where the mesh preparation is
a very time consumingstep, this is crucial. Second,the radiation condition at in�nit y is treated
naturally by the formulation in an exact manner. At last, the surfacic mesh allows us to have a
very accuratedescription of the object's shape, which is not the casewith �nite di�erence methods
for instance.

The main drawback of integral formulation is that it leadsto solve denselinear systemsdi�cult
to tackle with iterativ e solvers. Even though the spectral condition number is usually not very
high, the eigenvaluesdistribution of these matrices is not favorable to fast convergenceof unpre-
conditioned Krylo v solvers [1]. Furthermore for large objects and/or large frequencies,the number
of unknowns can easily reach several millions. In that case,the classiciterativ e and direct solvers
are unable to solve our problem, becausethey becomevery expensive in CPU time and storage
requirements.

The Fast Multip ole Method (FMM) is a new way to compute fast but approximate matrix-
vector products. In conjunction with any iterativ e solver, it is an e�cien t way to overcomethese
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limitations ([21, 23, 24]). It is fast in the sensethat CPU time is O(n: log(n)) instead of O(n2)
for standard matrix-v ector products, and approximate in the sensethat there is a relative error
betweenthe \old" and the \new" matrix-v ector products " � 10� 3. Nevertheless,this error is not
a problem since it is usually below the target accuracy requestedto the iterativ e solver or below
the error intro duced by the surfacic triangle approximation.

We give now an overview of the single level multip ole algorithm. We �rst split the surface �
into equally sizeddomains using for instance a cubic grid (as shown in Figure 9). The degreesof
freedom are then dispatched between these cubic cells. Interaction of basis functions located in
neighbouring cells (that is, cells that shareat least onevertex) are treated classically, without any
speci�c acceleration.

Figure 9: Useof a cubic grid to split the mesh

The calculation of the interactions between unknowns located in non-neighbouring cells are
acceleratedwith the FMM. Basically, the idea is to compute the far �eld radiated by the unknowns
located in each box, and to compute interaction between boxes using these far �eld data. By
doing so for all the couplesof non-neighbouring boxes, and by treating classically the interaction
between neighbouring boxes, we can compute the entire matrix vector product. This algorithm
is very technical, and has been extensively explained in the literature ([8, 9, 26]). The optimal
complexity of the single level FMM is O(n3=2

dof ) (where ndof is the number of degreesof freedom)
against O(n2

dof ) for a standard matrix vector product.

Figure 10: Subdivision of an aircraft through an octree

The multi-lev el fast multip ole algorithm usesa recursive subdivision of the di�racting object
as shown in Figure 10. The resulting tree is called an octree. The idea is to explore this tree from
the root (largest box) to the leaves,and at each level to use the single level multip ole method to
treat interactions betweennon-neighbouring domains that have not yet been treated at an upper
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level. At the �nest level, we treat classically the interactions betweenneighbouring domains. The
optimal complexity of the multi-lev el FMM is O(ndof : log(ndof )). All the results given in this
paper use the multi-lev el FMM.

In order to widely exploit the available parallel architectures, we have developed a parallel dis-
tributed memory implementation of the FMM algorithm basedon the messagepassingparadigm
and the MPI library . The distribution of the octree is made level by level, each of them is equally
distributed among the processors.When a given cell C is a�ected to a processor,all the computa-
tions required to build the functions for this cell are performed exclusively on this processor.Each
phaseof the calculation (initializations, ascents or descents betweentwo levels, transfers at a given
level, integrations) is precededby a communication phase. Therefore a complete multip ole cal-
culation on a parallel machine consistsof an alternance of computation stepsand communication
steps. This requires a good load balancing at each level of the octree.

3.2.2 The parallel iterativ e linear solv ers

The iterativ e solv ers: we focus now on the solution of the linear system

Ax = b

associated with the discretization of the wave propagation problem under consideration. As men-
tioned earlier, direct densemethods basedon Gaussianelimination quickly becomesunpractical
when the size of the problem increases. Iterativ e Krylo v methods are a promising alternativ e in
particular if we have fast matrix-v ector multiplications and robust preconditioners. For the so-
lution of large linear systemsarising in wave propagation, we found that GMRES [19] was fairly
e�cien t [6, 26].

Most of the linear algebra kernels involved in the algorithms of this section (sum of vectors,
dot products calculation) are straightforward to implement in a parallel distributed memory en-
vironment. The only two kernels that require to pay attention are the matrix-v ector product and
the preconditioning. The matrix vector product is performed with the parallel FMM implementa-
tion described in Section 3.2.1. The preconditioner is described in the next section, its designwas
constrainedby the objectivesthat its construction and its application must be easilyparallelizable.

The preconditioner: the designof robust preconditioners for boundary integral equations can
be challenging. Simple parallel preconditioners like the diagonal of A, diagonal blocks, or a band
can be e�ectiv e only when the coe�cien t matrix hassomedegreeof diagonal dominancedepending
on the integral formulation [22]. Incomplete factorizations have beensuccessfullyusedon nonsym-
metric densesystems[20] and hybrid integral formulations [15], but on the EFIE the triangular
factors computed by the factorization are often very ill-conditioned due to the inde�niteness of A.
This makesthe triangular solveshighly unstable and the preconditioner ine�ectiv e.

Approximate inversemethods are generally lessprone to instabilities on inde�nite systems,and
several preconditioners of this type have been proposedin electromagnetism(seefor instance [1,
4, 5, 7, 27]) and their e�ciency in acousticshas beenshown in [11]. Owing to the rapid decay of
the discrete Green's function, the location of the large entries in the inversematrix exhibit some
structure [1]. In addition, only a very small number of its entries have relatively large magnitude.
This means that a very sparsematrix is likely to retain the most relevant contributions of the
exact inverse. This remarkable property can be e�ectiv ely exploited in the design of a robust
approximate inverse.

The original idea of an approximate inversepreconditioner basedon Frobenius-normminimiza-
tion is to compute the sparseapproximate inverseas the matrix M which minimizes kI � AM kF

subject to certain sparsity constraints. The Frobeniusnorm is chosensinceit allows the decoupling
of the constrainedminimization problems into ndof independent linear least-squaresproblems,one
for each column of M , when preconditioning from the right. Hence,there is considerablescope for
parallelism in this approach.
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For choosing the sparsity pattern, the idea is to keep M reasonably sparsewhile trying to
capture the \large" entries of the inverse,which are expectedto contribute the most to the quality
of the preconditioner. On boundary integral equationsthe discreteGreen'sfunction decays rapidly
far from the diagonal, and the inverseof A may have a very similar structure to that of A [1]. The
discreteGreen'sfunction can be consideredasa column of the exact inversede�ned on the physical
computational grid. In this casea good pattern for the preconditioner can be computed in advance
using graph information from ~A, a sparseapproximation of the coe�cien t matrix constructed by
dropping all the entries lower than a prescribed global threshold [1, 5, 14]. When fast methods are
used for the matrix-v ector products, all the entries of A are not available and the pattern can be
formed by exploiting the near-�eld part of the matrix that is explicitly computed and available in
the FMM. In that context, relevant information for the construction of the pattern of M can be
extracted from the octree.

In our implementation we use two di�eren t octrees, and thus two di�eren t partitionings, to
assemble the preconditioner and to compute the matrix-v ector product via the FMM. The size
of the smallest boxes in the partitioning associated with the preconditioner is a user-de�ned pa-
rameter that can be tuned to control the number of nonzeroscomputed per column. The parallel
implementation for building the preconditioner consistsin assigningdisjoint subsetsof leaf boxes
to di�eren t processorsand performing the least-squaressolutions, required by the Frobeniusnorm
minimization, independently on each processor. At each step of the Krylo v solver, applying the
preconditioner is easily parallelizable as it reducesto a regular matrix-v ector product. This pre-
conditioner is referred to as SPAI in the rest of this paper.

3.3 Parallel performance

We show here an example of computation realized with a realistic object (a rigid wing portion
carrying almost 6 millions of unknowns) and a simpli�ed illumination (a plane wave at 3150Hz).
Basically, we would obtain the samecomputational performance no matter what the right hand
sideof the systemis. Thesecomputations wereperformedon a cluster basedon Opteron processors
(at 2.4 GHz), SCSI disks and a Gigabit Ethernet interconnection.

Figure 11: Mesh of a rigid wing portion

The solution of the initial systemwasobtained in 9 hours on 32processors,usingCFIE formula-
tion plus SPAI preconditioner. The CFIE formulation is a variant of the onedetailed above, which
hasthe abilit y to convergemuch faster but works only on rigid bodies. The matrix vector products
require 78 secondseach with the FMM, with only 10 secondsspent in the MPI communications.
A �nal residual norm decreaseof 6 � 10� 3 was obtained after 100 iterations.

Then, using the surfacic potentials obtained by the solver, we ran a near �eld computation.
That is, with a simple matrix-v ector product (acceleratedby the FMM) using Equation (9), we
compute the di�racted and total pressurearound the wing. This calculation was performed on a
grid of 700� 1400points in a vertical plane wherex is varying from -35 m to +25 m and z ranging
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from -15 m to +15 m (x being the axis of the plane). We notice that we are able to computed
accurately the pressurein a domain of 60 m � 30 m that is 560� � 280� .

Both the solution of the linear systemwith full-GMRES and the near �eld computation would
have beenimpossibleto treat without the fast multip ole acceleration. With the solution technique
that was used a few years ago that was based on a denseLU factorization, this solution would
have beena�ordable. The storageof the complex matrix would require 261 TBytes of RAM and
its factorization would last more than 18 hours on the 32 768 processorIBM BlueGenecomputer.
This elapsedtime is estimated assuming that the factorization is run at the peak performance
of the machine that \only" has 8 TBytes of RAM. That is, if the matrix might �t in memory,
the numerical solution using previous numerical technology would require twice asmuch time on a
computer having more than a thousand times more processors.We remind that the IBM BlueGene
computer is currently the fastest computer installed in the world.

Figure 12: Di�racted and total pressurearound the wing computed here on a 700 x 1400 points
grid using the near �eld FMM

3.4 Parallel Scalabilit y

In this section, we will present the level of performance that can be obtained with this method
for various numbers of processors. For that purpose, we use the casedescribed in the previous
paragraph. We obtain very di�eren t results whether we look at the solver's performance or the
near �eld computation performance. Indeed, the solver behaves nicely (see Table 1) since it is
mainly \pure" computation. Table 1 shows the total time, the matrix assembly time, the SPAI

15



assembly time (in minutes) and the time for one matrix-v ector product (in seconds).

Number of Total time FMM assembly SPAI assembly FMM time
processors (minutes) (minutes) (minutes) (seconds)

8 1887 324 600 285
16 1035 142 275 154
32 522 61 134 78

Table 1: Parallel performanceof the FMM solver

On the other hand, for the near �eld calculation a hugetext result �le is written by processor0
at the end of the process.The writing of this large �le is sequential which explains the poor parallel
performanceobserved on the total time as it can be seenin Table 2. The matrix-v ector time scales
prett y well, but it represents only a small part of the entire process.Hence,this is usually enough
to use4 processorsfor this secondpart of the simulation.

Number of Total time FMM time
processors (minutes) (seconds)

2 78 30
4 53 15
8 46 8
16 48 5

Table 2: Parallel performanceof the FMM near �eld computation

A more thorough analysisof the FMM scalability wasperformed in [26] for the electromagnetic
wave propagation problem (which is very close to the acoustic model used here). A parallel
performanceof up to 80 percent on 64 processorsfor the total solver time was obtained on high
performancecomputerssuch asan IBM Power 3 and a SGI Origin 3800. On our cluster, the gigabit
interconnection is too slow to allow such speed-up. Nevertheless,the parallel performanceremains
acceptableup to 32 processors.

4 Concluding remarks and prosp ectiv es

A new challengefor aeroacousticsis now to re�ne the underlying models. Up to now, the acoustics
scattering simulations have beendone assumingan acoustic sourceterm basedon a modal model.
Even though this approach has beenvalidated by numerousstudies, it is quite restrictiv e in terms
of con�gurations it can handle. To be more speci�c, at this stageaxial geometriescan be taken into
account but more complex- especially non radial shapes- are o� the road limiting the emergenceof
innovative solutions for this environmental problem. A more genericapproach would be to handle
both physics using complex 3D approaches. At the industrial level, this is usually a bit more
complex than expressingthe coupled system and solving it using the appropriate mathematical
and numerical instruments. Usually, each of the involved physics are solved in structures that
have few connections between them. As a matter of fact, this situation is then re
ected in the
underlying tools - very few of them are able to export intermediate data that could enable the
designof weak or strong coupling methods.

EADS-CRC is now engagedin the Europeanproject SIMDAT which aims at experimenting the
solution of aeroacousticscoupledproblemsin virtual organizations. At this stage,the test problem
under consideration is the optimization of a wing design under multi-ph ysics criteria. There are
multiple engineeringchallenges,the top rankedbeing to becapableto set-upan adequatenumerical
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scheme leveraging the use of existing parallel distributed software. Other interesting challenges
being to be able to operate virtual organizations under the collaborator/comp etitor model. The
collaborating partners on this project may be competitors on someothers. This framework requires
to enforcestrict accesscontrol and con�nement of the data in a sharedenvironment.

The sound generatedby turbulence is obviously an important sourceof noiseand raisesmany
questionsof fundamental and engineeringinterest. Recent advancesin both computational 
uid
dynamics and computational acoustics, such as those presented previously, o�er many tools to
develop new techniquesin computational aeroacoustics.A more completeoverview on the di�eren t
approaches can be found in [2]. The approach currently retained is an hybrid method basedon
computation of the aerodynamic 
uctuations by solving the Navier-Stokesequations, and on the
calculation of the radiated noiseby acousticanalogy. The current acousticanalogy that have been
selectedis the socalled Lighthill's analogywhich is a third-order wave equation namely the Lilley's
equation [16]. Using this analogy, the acoustic pressuregeneratedby a turbulent 
o w is expressed
as a function of the Lighthill tensor Tij = �u i uj . This tensor is therefore calculated using an
aerodynamics solver and the most signi�can t sourcesare then injected in the acousticssolver.

Figure 13: Signi�cant Lighthill tensors for ONERA M6 wing test-case

The new generationof object oriented computational 
uid dynamics and computational acous-
tics software has beenproved to be e�ectiv e on a large number of industrial problems. Moreover,
their performanceshavebeenassessedon a largenumber of high performancecomputing platforms.
On the acousticsside, the last ten yearshave shown a deeppenetration of exact numerical methods
in the engineeringprocesses.As a consequence,the acoustic department is challenging thesenew
numerical methods due to the sizeand performanceof the new airplane generation. This is rein-
forced by the strict regulation for the control of acoustic pollution by aircrafts. Finally, it should
be remarked that multi-scale physics and algorithms are probably very promising approaches for
high-performancecomputing and numerical simulation in a near future. A challenge is therefore
to be capable to deploy such new tools in the context of virtual organizations also known as the
extendedenterprise.
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