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Abstract

This paper is concerned with the optimization of continuum structures under
dynamic loading using methods from topology design. The constraint functions are
non-linear and implicit, their evaluation requires the resolution of a computation-
intensive finite-element analysis performed by a black-box commercial structural me-
chanics software such as MSC/Nastran. We first present a brief overview of topology
optimization methods. Then, we propose a practical topology design methodology
for handling problems with dynamic constraints over a range of forcing frequencies.
We also introduce a new interpolation scheme for the SIMP method that can remove
spurious modes in low-density areas and that allows fill-in. We present encourag-
ing 3-D computational experiments on the design of a specific car component for
Renault under acoustic and vibratory constraints, using a public-domain sequential
quadratic programming software to drive the overall optimization process.

Key words: topology design, topology optimization, structural design, structural
optimization, fictive material method, SIMP method, dynamic constraints, automo-
tive industry, mathematical programming, sequential quadratic programming.

1 Introduction

As a consequence of the increasing demand for cars that are more comfortable and
safer, the mass of cars steadily increased since 1980. Most car manufacturers are now
interested in producing lighter cars in order to save raw materials and in order to produce
cars that consume less fuel, and therefore pollute less, while maintaining a high level of
comfort and security. This fuel saving concern is critical in Europe, as the European Au-
tomobile Manufacturers Association proposed in 1997 to reduce in 2008 the CO5 emission
of its cars by 25% with respect to the emission level of 1995.

*This research was prompted by Renault which also provided the data
fCorresponding author



Topology optimization is concerned with determining the main features and the general
shape of a component or of a mechanical structure at the beginning of engineering projects.
Current topology optimization software cannot explicitly deal with dynamic constraints
such as those involving vibro-acoustics. This is a serious limitation which prevents car
manufacturers from using topology optimization for designing car components.

In this paper we consider the problem of finding the design of a car component that
is of minimal mass subject not only to static constraints (static stiffness) but also to
dynamic (acoustic and vibratory) constraints. The use of mathematical programming al-
gorithms to solve very specific topology optimization problems has been widely described
in the literature (see for instance [6]). However, the features of the very general nature
of the constraints of the topology optimization problem we consider here make it espe-
cially difficult to solve. First, the constraint functions are non-linear and implicit. Their
evaluation requires the resolution of a finite-element analysis performed by a black-box
commercial structural mechanics software such as MSC/Nastran: one single evaluation
can require up to a few hours of computational time. Second, the problem is not con-
vex and the quality of the local minimum obtained depends upon the choice of both the
initial solution and the parameters that define the specific topology optimization method
implemented. Third, practical instances of this problem involve from a few hundreds up
to one thousand optimization variables.

An approach that is often used in the automotive industry, attempts at approxi-
mating the dynamic constraints with “equivalent” static constraints, so that classical
topology optimization methods, such as those implemented in the commercial software
Altair/OptiStruct, can be applied on the resulting mathematical model. However, prac-
titioners in the industry are not content with the results obtained thereby. A similar
strategy is considered in [6, Section 2.1.2] where a criterion called dynamic compliance
is defined in the context of forced vibrations. Otherwise, to our knowledge the only
published work related to our problem can be found in [24] and in references therein,
although the problem considered there is not the same: they search for solutions of low
mass among those whose dynamic behavior fits well with that of a component from an
older, well-proven vehicle (a target). More precisely, their objective is to minimize the
deviation (in the least-square sense) of the magnitudes of the vibratory displacements at
several frequencies from an ideal target for the vibratory spectrum. The obvious drawback
of such an approach is that it gives little degree of freedom for designing new, original
components.

In this paper we propose a practical topology optimization methodology to address
structural optimization problems involving costly black-box dynamic constraints. In the
specific automotive application that we shall consider, our objective will be to minimize
the mass subject to dynamic constraints requiring that the magnitudes of the vibratory
(forced frequency) displacements are below a threshold value for a given range of frequen-
cies. Our approach combines tools from topology optimization with a state-of-the-art
mathematical programming method. After a brief overview of topology optimization
methods, we explain in the next section why the SIMP (Solid Isotropic Material with
Penalization) topology optimization method emerges as only alternative to deal with our
problem. Section 3 describes the various implementation strategies we chose to address
our problem. This includes a new interpolation scheme for vibration problems that can



remove spurious modes in low-density areas, and it includes a method for handling prob-
lems with dynamic constraints over a range of forcing frequencies. We implement our
methodology within a working framework of MSC/Nastran for the finite-element anal-
yses, with the public-domain mathematical programming software FSQP [10] (Feasible
Sequential Quadratic Programming) to drive the overall optimization process. We present
in Section 4 some 3-D computational experiments on the design of a specific car compo-
nent: an engine accessory support with both static and dynamic constraints. We draw
conclusions in Section 5.

2 Topology Optimization

In this section, we give an an overview of various approaches to topology design, includ-
ing an outline of the computational issues one has to consider for the different methods.
We finally discuss why we had chosen a specific approach for the final implementation.

In common practice, structural optimization problems used to be solved by trial and
error. First, a proposition of design of the component is evaluated by a structural mechan-
ics software, and if it does not satisfy the constraints, the engineer proposes a modified
design and so on. This way of doing is costly in time. It is nowadays often replaced
by the use of iterative shape optimization software. In the automotive industry, shape
optimization has been used since the 80’s and became more popular in the 90’s (see [8] for
more details). However, as explained in [6], the main drawback of such methods is that
the resulting design is highly dependent upon the initial geometry (the starting point).
Indeed, through the iterations the successive shapes can only change in their frontiers, and
their topology (number of components, number of holes, number of sides) must remain
the same. Since the starting point is often a known solution (for instance, from a previ-
ous vehicle), shape optimization commonly yields expected, classical designs. Moreover,
shape optimization methods can be very costly in computer time, since when the shape
goes too far away from the initial shape, the structure requires a new meshing.

Topology optimization addresses the more general issue of finding a design without a
priori on the number of components, the number of holes, or the number of sides of the
part to be designed. This gives a potential for more diversified solutions. The automotive
industry got interested in topology optimization at the very end of the 80’s. However
until the mid 90’s, the examples found in the literature remained mostly theoretical [8].
The topology optimization problem is concerned with laying out material in an optimal
manner. More formally, given a maximal structural domain Q C IR?* and a material with
density p° and properties A%, the aim is to find a sub-domain w C Q that will contain the
material, solution of the optimization problem:

min  f(w)
subject to  ¢;(w) <0, €1,
hi(w) =0, 1e B,

where f is the objective function, g; and h; are (real-valued) constraint functions, and I
and F are finite index sets. In typical instances, these functions are not explicit in w and
require calling a finite-element method in order to evaluate them.



Available topology optimization software include Altair/OptiStruct, which is used
namely at Renault on various design problems. However, such software packages suffer
from limitations of applicability. For instance, the current version of Altair/OptiStruct
can only address optimization problems whose objective functions and constraint functions
represent :

e the mass,

e the volume,

the compliance,

one of the eigenvalues,

the displacement at a node, or

a weighted combination of the previous functions.

As a consequence, it is not possible to deal with, for instance, the stress tensor or the
dynamic constraints (forced response). These are essential in our context of vibratory
and acoustic requirements.

We next describe very briefly the main topology optimization methods in order to
see why we chose the SIMP method for the class of problems we consider in the current
paper.

We divide the topology optimization methods into three types: evolutionary methods,
shape-gradient based methods and material distribution methods.

2.1 Evolutionary Methods

Apart from their name, these methods have no link with the genetic or evolutionary
methods that are well known in optimization (and to which she shall refer in the sequel).
Evolutionary methods for topology optimization, which rely on fully stressed design [14],
remove a small quantity of material in the parts of the domain where the stress tensor
has low value (in practice, grid elements are removed). We refer the interested reader
to [26] for more detail. These methods can be applied for general objective/constraint
functions (see for instance [13] for mechanical components), but they are heuristics, which
require a delicate tuning of parameters. Moreover, removing elements, which cannot be
reintegrated to the structure, often yields wrong decisions.

2.2 Shape-Gradient Based Methods

Classical shape optimization methods are based on the notion of shape gradient, which
monitors the sensitivity of the objective function upon the displacement of the frontier
of the domain [23]. Two categories of topology optimization methods are based on the
concept of shape derivative: level-set methods and topological-derivative based methods.



Level-set methods were introduced in [21]. A shape w in the maximal structural
domain Q C IR? is captured as the level set of a function 1

Y(r) =0z € dwN,
P(r) <0 <=1 € w,
P(z) > 0=z € (Q\w),

where Jw denotes the frontier of w. An interesting application of level-set methods can
be found in [2] where general objective functions can be taken into account when shape
gradients are available. A drawback of level-set methods is that no new hole will be
introduced during the optimization process. More importantly for our application context,
the adjoint state must be available. Thus, level-set methods can only be applied on very
specific types of objective and constraint functions.

Topological-derivative based methods were introduced in [9]. They use an ex-
tension of the shape gradient which states, for every point of the current structure, the
appropriateness of introducing a hole of infinitesimal size. A drawback is that eliminated
grid elements cannot be reintegrated during the optimization process. Again, here, the
adjoint state must be available. As a consequence, topological-derivative based meth-
ods, like level-set methods, can only be applied on very specific types of objective and
constraint functions.

2.3 Material distribution Methods

The methods that lay out material on a design grid subdivide further into three cate-
gories: discrete optimization methods, homogenization methods and the SIMP method.

Instead of using a sub-domain variable w, Discrete optimization methods use a
binary variable

p € {0, p0} (1)

for each design-grid element (value py if we put material, and zero otherwise), where pq is
the density of the material we want to lay out. Typically, this formulation of the topology
optimization problem is then solved using branch and bound, simulated annealing, or
genetic algorithms (see [11, 12, 20] for applications in the automotive industry). How-
ever, due to the excessive computing time required for each objective/constraint function
evaluation (finite-element analysis), the use of such approaches is limited to very coarse
grids. It is clear that an optimal solution obtained on too coarse a grid will not contain
any information usable for a design engineer.

Alternative methods relax each discrete constraint (1) into 0 < p < py, which cor-
responds to considering a composite porous material. The two remaining categories of
material distribution methods use such a relaxation. They differ in the way they then
define the properties A of the material for densities between 0 and p°.

Homogenization methods consider that a material with a density 0 < p < p° is a
composite material having a specific micro-structure. Two types of micro-structure are
the perforated cells [4] and the sequential laminated materials [1]. The macroscopic prop-
erties of the material are then deduced from this specific predefined micro-structure. In



the case of sequential laminated materials, the properties A of the material for interme-
diate densities (p different from 0 or pg) can be explicitly computed. A post-processing
penalization step will then transform the continuous solution obtained after optimization
into a solution without intermediate densities. For now, such methods are limited to linear
elasticity and most theoretical results involve very specific objective/constraint functions
such as the compliance and the mass.

We next describe the SIMP method (Simplified Isotropic Material with Penaliza-
tion), which is due to Bendsge [3] (see also further work in [19, 27]). It is simple to
implement and it does not rely on restrictive assumptions on the form of the problem
(contrary to the homogenization methods). It allows for instance to deal with multiple-
objective and multidisciplinary problems in [6] (or in [28] for examples in the automotive
industry), as well as multi-material problems in [5, 22]. The SIMP method avoids the
delicate choice of a specific micro-structure. It rather uses a property matrix A that does
not necessarily correspond to a realistic material: to any intermediate density 0 < p < p°,
corresponds an arbitrary matrix A. More precisely, the following simple interpolation
(heuristic) formulae are assumed to relate structural properties A; and density p; at the
;th grid element:

pi = pip° (2)

where p > 1 is a predefined constant, 0 < p; < 1 is the optimization variable, p® and A°
are the density and the properties of the (original) material. The optimization variable
i takes value 1 if we put material at grid element i, and zero otherwise. A mathematical
programming method (such as sequential quadratic programming, which we shall describe
in Section 3) is then used to solve the topology optimization problem written under the
following form:

min - f(u)
subject to  g;(u) <0, i€,
hz(ﬂ) =0, i€ F,

0<m <1, i=12,...N,

where f | g; and h; are, again, some implicit objective/constraint functions requiring the
use of a finite-element code, I and E are finite index sets, N is the number of design
grid elements, and p stands for the vector (ui, o, ..., py) € RY. Contrary to the ho-
mogenization methods, a post-processing penalization step is not required in the SIMP
approach. Indeed, for the large class of topology optimization problems that are con-
cerned with minimizing mass while maximizing stiffness, there will be fewer intermediate
densities as the iterations of the mathematical programming method will proceed. This
can be seen by considering Figure 1, which plots both mass and stiffness with respect to
the density p; (for some p > 1). From equations (2) and (3), mass is proportional to p;,
while stiffness is proportional to u!. Hence, any local mathematical programming method
applied to the SIMP formulation of the topology optimization problem will attempt at
pushing towards 1 the value of the ;s that are close to 1 at the current iterate, since a
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Figure 1: Mass and stiffness with respect to the density ;.

great increase of stiffness will then be obtained at the cost of a small increase of mass.
Simultaneously, the grid elements with a density value p; close to 0 at the current iterate
will be decreased towards 0, because a significant decrease of mass can be obtained at the
cost of a negligible decrease of stiffness. Naturally, one can then expect that the solution
obtained will be highly dependent upon the initial solution chosen. We shall discuss this
matter in Section 4 as well as how the above-described implicit penalization is affected
by the way the value of the parameter p is managed.

It is this latter approach, the SIMP method, that we chose to address our topology
optimization problem. We gave indications as to why the other approaches are not viable
in our context of application. The most critical reason in favor of the SIMP method
is the very general nature of the constraints it can address. Recall that we consider in
this paper a practical application involving dynamic (acoustic and vibratory) constraints,
whose evaluation requires the resolution of a computation-intensive finite-element analysis
performed by a black-box commercial software.

3 Implementation Strategies

In this section we detail our practical topology optimization methodology to address
structural optimization problems involving costly black-box dynamic constraints. More
precisely, we first discuss in Section 3.1 the choice of a mathematical programming method
to drive the optimization process. We then give in Section 3.2 indications as to how the
penalty parameter p must be managed when using the SIMP approach. We introduce
in Section 3.3 an original way to deal with dynamic constraints. Finally, we propose
a new type of fictive material for the SIMP method, and we describe its advantages in
Section 3.4.

3.1 Mathematical Programming Driver: SQP

We need a mathematical programming method to drive the optimization process.
Note first that we must reject a priori derivative-free methods (see [18] for a complete
survey) due to the (relatively) high dimension of our problem. More importantly, we do



obtain, at no extra cost, derivatives each time we call MSC/Nastran in order to evaluate
our objective and constraint functions. It would be a waste to ignore this sensitivity
information when trying to improve the current structure.

Typically in structural optimization, the type of mathematical programming methods
used are of the type sequential convex programming (e.g. sequential linear programming, or
the method of moving asymptotes [25]). At each iteration, sequential convex programming
methods solve a separable convex subproblem. This resolution can take place in a low-
dimensional search space using duality, provided that few constraints are involved in the
structural optimization problem under consideration. However, in our costly-evaluation
context, this computational saving is not worth using such a poor approximation at each
iteration (based on first-order information and on simplistic separate functions). We prefer
relying on the richer quadratic approximation of sequential programming programming
(SQP) type methods, which are the current state of the art in mathematical programming
(together with interior-point algorithms) [16]. Note also that methods such as the method
of moving asymptotes require an intensive work of parameter tuning, which is not the case
for typical SQP algorithms.

We choose a specific class of SQP algorithms, called feasible SQP methods. All iterates
generated by such methods satisfy the constraints of the optimization problem. This is
an appropriate feature in practical situations because:

e it is not desirable to evaluate costly functions outside the feasible set,
e the objective function may well not be defined at all outside the feasible set,

e should the algorithm stop prematurely, the current iterate will be a feasible solution
for the problem.

The specific feasible SQP method we use in order to perform our numerical experiments
is the public-domain software FSQP [15] developed by Tits et al. in [17].

3.2 Tuning the value of the Penalty Parameter p

In this section, we study the impact of the choice of the value of the parameter p in
the SIMP method. Due to the excessive CPU time required to evaluate the constraint
functions in our industrial problem, we first performed numerous computational experi-
ments on a toy (academic) problem: a simple cantilever. We report only our conclusions
here, the detail of these experiments (performed both in the static and in the dynamic
case) can be found in [7].

As expected with the SIMP method, the number of undesirable intermediate densities
(i.e. different from zero or one) decreases as we increase the value of the penalty parameter
p. On the other hand, the quality of the solution obtained decreases as we increase p: with
too high a value of p (e.g. p > 4), the optimization process converges too rapidly towards
an uninteresting nearby local minimum. Our aim is to reach some compromise between
two conflicting objectives: minimizing mass and minimizing the number of intermediate
densities.

Our computational experiments showed that for p > 1, we obtain different (locally
optimal) solutions, depending on the initial solution chosen. Implementing a continuation
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method, a schedule of slowly increasing values of p, as advised in [6], did not prove to
yield significative improvement in our context of dynamic constraints.

Following our preliminary numerical experiments, we choose the compromise value
p = 3.5, and kept it constant throughout the optimization process.

An interesting observation from the above preliminary experiments is that there were
always more intermediate densities near p; = 1 than near pu; = 0. We shall see in
Section 3.4 that this is due to the specific type of fictive material involved in the SIMP
approach, and we shall propose an alternative fictive material model (a new interpolation
scheme).

3.3 Modeling Dynamic Constraints

We now describe how we handle the dynamic constraints. We are required to obtain
a topology design which has its vibratory response (the measured displacement following
certain excitation frequencies) below a given reference value, say v, over a range of forcing
frequencies. In practice, we want these dynamic constraints to be satisfied at every
discretized step of the frequency range. For each proposition of topology design, we must
run a finite-element analysis, performed typically by a black-box structural mechanics
software such as MSC/Nastran. This latter gives punctual values at every discretized
step of the frequency range. Formally, the dynamic constraints stipulate that

ud7k(uk, f) < Yd.,k» d = 1, 2, 3; ke [(; for all f € [fmm, fma:c]a (4)
where:
Ug magnitude of the displacement at node £ in the dth divection of space,
i material density at node k,
YV k maximal value imposed at node £ in the dth direction of space,
K index set of nodes,

[ frmin, fmaz] frequency range of interest.
If for a certain frequency f, the computed magnitude of displacement is above the thresh-
old 74, then the proposed design is not acceptable.

How can we implement such a constraint so that it can be taken into account by a
mathematical programming method? Part of the difficulty is that we want to impose
that the displacements, over the whole frequency range, be below . However, in practice
when we call MSC/Nastran we only obtain values at the discretized steps of the frequency
range. We must therefore rewrite the dynamic constraints under the discretized form:

ud,k(ﬂkaf) S’Yd,ka d= 172a3a ]{TE [(; f:flaf27"'afo7 (5)

where Ny is the number of discretized frequencies used to cover the frequency range
[ fmin, fmaz). Such a large number of constraints has proved to be a handicap for mathe-
matical programming methods such as active-set based methods (which include SQP-type
methods). One way to get round this problem is to replace the multiple constraints (5)
with a single constraint:

max (2 J) < , d=1,2,3; ke K. 6
fe{fr,farnfny} k(s £) < Vak (6)



However, an important drawback of this equivalent way of writing (5) is that the mathe-
matical programming method would have to deal with a non-differentiable constraint. As
a consequence, we rather consider the alternative aggregated [,-norm constraint:

1/q

(éuk(ﬂkafi)q) < Vd,k (7)

where ¢ is an integer such that ¢ > 2. Constraint (7) is differentiable. It approximates well
constraint (6) if ¢ is set to a sufficiently large integer. Based on computational experiments
on our academic test problem (cantilever), we set empirically this value to the compromise
value ¢ = 6 (smaller values of ¢ did not allow constraint (7) to model correctly our dynamic
constraints (5), whereas we want to avoid approaching non-differentiability numerically
which would result from too large a value of ¢).

Further computational experiments performed on the simple cantilever test problem
revealed another difficulty related to the discretization of the dynamic constraints. Clearly,
the finer the discretization step is, the better will be the discrete approximation of the
dynamic constraints (4) (at a higher computational cost nevertheless). However, even if
we use a very fine discretization step, there is always a phenomenon of hidden constraint.
For instance, the displacement measurements at the design found by our optimization
procedure are everywhere below the prescribed threshold 74 when using a given frequency
discretization step, say of 25 Hz, but when we refine the discretization step to, say 2 Hz
and call Nastran to evaluate the same design, we observe that constraint (4) is violated for
some frequency f (hidden peaks in between the coarse discretized steps), which means that
the design is in fact not acceptable. Here is how we overcome this numerical difficulty:
we impose a stricter constraint, using an empirical threshold value v smaller than the
required one. We shall use this strategy in the numerical results reported in Section 4,
avoiding thereby relying on excessively fine discretizations which would yield prohibitive
CPU time spent in MSC/Nastran calls.

3.4 A New Type of Fictive Material

In this section we introduce an alternative penalty function for the SIMP method. In
other words, we propose to replace the traditional heuristic formulae (2) and (3) used in
SIMP, with a new interpolation scheme. Function

Fy(x) := " (8)

is at the basis of the standard SIMP interpolation scheme. Some difficulties encountered
while solving our topological optimization problem with dynamical constraints seem to
be caused by particular features of F,. One of these difficulties is related to the spurious
modes which are observed in low-density areas. Such local modes cause undue increase
in computation time and memory space requirements for Nastran and makes it difficult
to identify relevant modes. As explained in [6], local eigenfrequencies are found in areas
where the mass/stiffness ratio is very large, that is to say for the SIMP method at grid
elements ¢ such that the density p; is near zero. Indeed, for such grid elements, the
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i

mass/stiffness ratio (which is equal to —;) tends towards infinity as p; tends towards

zero. These undesirable local frequenciesZ are therefore a consequence of the fact that
holes in the structure are modeled with soft (i.e. low-density) material, in order to avoid
removal of the corresponding grid elements as the optimization iterations proceed. A
solution to this problem involves keeping the mass/stiffness ratio finite when the density
decreases.

A second problem that we observed with function F), from our preliminary numerical
experiments on our academic problem, is the fact that during the optimization process,
null or very low densities are never increased. Close examination of Figure 1 shows why.
Let us consider a grid element where the density is low (u; close to zero). Then, a small
increase of the density y; will have a negligible impact on stiffness (£ remains close to zero)
although a significant contribution to the mass (the curve y = x has a positive slope).
Thus, such an increase of density is unfavorable and unlikely to be undertaken by the
optimization algorithm. The problem is related to the null derivative of the function F}, at
x = 0. Note that the analogue does not occur for densities near one, where the derivative
of F, is finite. This explains why, among the intermediate densities, the majority of
densities are near zero rather than near one in the various tests we performed.

In order to overcome both problems mentioned above (spurious modes and no filling
of holes), we propose replacing the standard penalization function F, with

F(x) = é(x + (o — 1)3:““)

in the interpolation scheme (3). In other words, equation (3) is replaced with:

Ai= = (= i) A )

The new penalization function F,, has a behavior at x = 0 which is “symmetrical” to
that at x = 1: F.(0) = 1 and F/(1) = o. Figure 2 displays plots of F, and F,. Let
us consider again our academic test problem in order to illustrate computationally the
advantages of the new function F,, over Fj,. The dimension of the cantilever is 100 mm x
100 mm x 10 mm, the density of the material is p° = 7800 kg/m3. We restrict our tests
to the simple static case. We apply a force F = 1000 N at nodes 1 and 2, as displayed
on Figure 3, and we require the corresponding displacements to be below 0.0128 mm.
We use as design grid: 20 x 20 x 1 and an identical computing grid. We choose as
starting point for the optimization: all 400 densities equal to 0.9, and we keep p = 3.5
for the standard SIMP interpolation scheme based on the function F,. On the frequency
range 0-500 Hz, the solution obtained reveals 798 local modes (between 0 and 2 Hz)
and 12 global modes. Figure 4 displays the first local mode and the last global mode.
Our computational experiments with the alternative F,-based interpolation scheme give
comparable results on the point of view of the design obtained. However, this time there
is no local mode even for solutions with intermediate densities. In this case the ratio
mass/stiffness does not tend towards infinity (but rather towards é) as the density tends
towards zero. Another positive effect of using F,, revealed by our numerical tests, is that
the densities which are initialized at zero can effectively be increased as the optimization

11
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Figure 2: From left to right: F, for a« = 1,2,3,4 and F}, for p = 4.
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Figure 3: Cantilever toy problem.

proceeds (and even for larger values of the penalty parameter «), contrary to the case
where one uses the standard F), function. In the latter case, the zero-density elements
(or the elements with density nearly zero) remain constant throughout the optimization
iterations when the penalty parameter p is set to p > 1.

To conclude this section, let us simply mention that we first consider the following
penalty function as an alternative to F, :

Hi(@) + g (z) + | fa(z) — ga(2)]

F\(x):= 5 :
where
2
@) = 1+ (3+)\)(1_)\)(A—\/3—2)\—(3+)\)(1—)\)a;),
and gy(z) = B+ =" + z ).

4
12



Figure 4: Local mode (left) and global mode (right).

This function not only displays symmetry at x = 0 and at x = 1, it is also completely
symmetric with respect to the line of equation y = 1 — x, as shown on Figure 5. As a
consequence, it considers material and absence of material in a completely symmetrical

1
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0.6
051
0.4}
0.3F
0.2

0.1F

0

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 5: F\ (with A = 0) and F, (with o = 4).

manner (permuting the convention “0 for void” and “1 for material” does not affect
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results). However, programming language restrictions within Nastran prevented us from
testing the F\-based interpolation scheme.

4 Computational Experiments

We present in this section some 3-D computational experiments on an industrial prob-
lem.

Let us first review our overall computational methodology, which we named Dyna-
miTO. Figure 6 displayed the coupling of the various elements involved. DynamiTO is
a MATLAB program which couples Nastran (finite-element analyses: evaluation of the
objective functions and the constraints) and the public-domain mathematical program-
ming software CFSQP (written in C) to drive the overall optimization process. The SIMP
method is only involved in the calls to Nastran in order to evaluate functions (objective and
constraints). Recall that the SIMP method determines the material properties (Young
modulus) in each design grid element from the corresponding density, following equa-
tion (3) (or equation (9), when using our new interpolating scheme). The user-provided
input data include:

e a .dat Nastran file specifying the load instance, the type of analysis, the definition
of the optimization functions (objective and constraints) and the grid (elements and
nodes);
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e the parameter values required in the optimization, i.e. a starting point, constraint
bounds, the value of the SIMP penalty parameter p (or a, when using our new
interpolating scheme);

e the mechanics constraints, i.e. the nodes on which displacements are measured, the
corresponding directions, and when dynamic constraints are involved: the frequency
range and discretization step.

Based on various tests, we choose the Armijo (monotone) line search option of FSQP.
Also, in order to avoid extremely slow progress in the line searches of FSQP, we need to
scale the various (objective and constraint) function and gradient values at every iterate
1*) as follows :

1

IV ()]s
1

X I~ /. (O\I
NI
1

F(u®) = f(u®) x
VW) = V(™)

(k)Y (k)
gi(p®) = gi(p™) X =,
(1) W) I

1
nd Vap®) = Vo) x o

where f is the objective function, ¢ is the ith constraint function, and ;(°) denotes the
initial value for the density (at iteration 0). Finally, in order to avoid the numerous and
costly iterations yielding negligible objective-function progress, we tighten the stopping
criterion of FSQP. The algorithm now stops as soon as

1f(pETD) = (™)) < 107",

i.e. when two consecutive objective-function values differ by less than 107, even if the
norm of the gradient of the Lagrangian is not as small as required by the original FSQP.
We now present 3-D computational experiments on the design of a specific car com-
ponent: an engine accessory support. It is a light car component (around 2 kg) designed
to support the compressor and the alternator, each of which weighs around 6 kg. Stiff-
ness and resistance of the engine accessory support are therefore crucial. An example of
engine accessory support is showed on Figure 7. Accessories are modeled with masses.
Consequently, every mass value given in the sequel includes the mass of the accessories.
For mechanical computation purposes, we aggregate into two master nodes (which we
shall call Point 1 and Point 2) the different grid points where the accessories are fastened.
The grid design and the analysis grid are the same, except for some “non-design” ele-
ments (shown in grey on Figure 7) whose densities remains constantly at 1 throughout
the optimization process. The number of design elements is 1354. The starting point is

W =09, i=1,...,1354.

We use the standard SIMP penalty function F),, and we keep the penalty parameter
constant at the value p = 3.5.
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Figure 7: An engine accessory support and the design grid.

First, we perform a preliminary test by considering only static constraints. We shall
come back afterwards to the real problem, which does involve dynamic constraints. The
only interest of this test is to confirm that our methodology is validated by comparison
with the results obtained using the commercial software Altair/OptiStruct. A downwards
force of 1 Newton is applied at Points 1 and 2 and we impose that the vertical displace-
ment be less than 1.25 x 1075 mm. The solution obtained by DynamiTO (Design N°1)
and OptiStruct (Design N°2) are displayed on Figure 8. The designs are almost iden-

R

Figure 8: Design N°1 obtained by DynamiTO (left) and Design N°2 by OptiStruct (right),
both under static constraints only.

tical and the respective masses are similar (13.01 kg for DynamiTO and 12.99 kg for
Altair/OptiStruct). Both solutions satisfy the imposed static constraints.

However, the real problem of interest in our vibro-acoustic application context involves
dynamic constraints. Software such as Altair/OptiStruct cannot deal with such problems.
Let us now consider the design problem with dynamic constraints imposed on the master
nodes (Points 1 and 2) and resulting from forcing frequencies in the three directions of
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space:

max )<, 10
fe[fminafmaz} 3,1(/1/ f) - /}/ ( )
max  uga2(p, f) < 7. (11)

fe[fminyfmam}

For this test we use a force of 1 Newton and a tolerance v = 1.2 x 1072 mm. Since
the initial solution (all y; = 0.9) reveals a fundamental mode at 353 Hz, we restrict the
frequency range to the interval [0 Hz , 500 Hz] with a discretization step of 10 Hz. Remark
that Designs N°1 and N°2 (Figure 8) are not satisfactory because they violate the dynamic
constraints (10) and (11). As explained in Section 3.3, we model these constraints using
the [g-norm of the sampled collection of displacements:

(Zu:a,P(/h fi)ﬁ)l/G <v, P=12 (12)

where the summation runs over all discretized frequencies f; considered (here every 10
Hz). For this problem, each single Nastran analysis (one evaluation for the optimization
process) requires around two hours of CPU time on a Sun Ultra 10 station.

The main features of the optimal design found by our DynamiTO methodology (Design
N°3) are displayed on the first line of Table 1. This solution does satisfy the dynamic

Design  Penalty o Mass Eval. TIter. Intermediate Constraints
N°  function (1073mm) (kg) densities satisfied?
3 F, 1.2 12.833 379 46 1330 no
4 F, 1.1 12.789 171 33 450 no
5 F, 1 13.973 128 37 22 yes
6 F, 1 13.987 187 51 54 yes

Table 1: Tests using different right-hand side tolerances 7 for the right-hand side of the
dynamic constraints for the optimization

constraint (12) with a discretization step of 10 Hz. However, when analyzing it with a
finer discretization step for the frequencies, namely 2 Hz instead of 10 Hz, we observe
that Design N°3 does not satisfy the dynamic constraints (10) and (11). As shown on
Figure 9, where we evaluate the displacements at Points 1 and 2 at every 2 Hz, there is a
peak that goes beyond the tolerance ¥ = 1.2 x 1073 mm. This violation was hidden during
the optimization process, which relied on a 10 Hz discretization step for constraint (12).
As mentioned in Section 3.3, using a finer discretization during the optimization process
only (greatly) increase the computational cost, without preventing such violating peaks to
appear at even finer discretizations. We therefore apply the simple strategy we described
in Section 3.3. We successively run tests using stricter tolerances values for v. We obtain
a satisfactorily design when using v = 1073 mm (Design N°5). Tts features are displayed
on Table 1. We observe on Figure 10 that Design N°5 violates the artificially stricter
constraint (v = 107* mm) but satisfies the required dynamic constraint (y = 1.2 x 107*
mm). Moreover, Design N°5 has the advantage of having fewer intermediate densities
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Figure 9: Dynamic constraints for Design N°3 (optimization using y = 1.2 x 1073).

than previous designs. Figure 11 displays Design N°5 and Design N°6. The latter was
also obtained with our DynamiTO methodology, with the same settings except for the fact
that we replaced the standard SIMP interpolating scheme F), with the penalty function
F,, introduced in Section 3.2. Design N°6 is very similar to Design N°5. In the case
of the specific engine accessory support application, the use of this new interpolating
scheme yields no benefit. The difficulties mentioned in Section 3.4 and linked to spurious
modes are not relevant here. Indeed, in the present application, displacements are only
monitored at elements where the density is not near zero, since the force is put at points
where the accessories are fastened (where the density remains equal to 1).

5 Conclusion

We surveyed in this paper the computational methods for topology optimization in
view of solving a difficult structural optimization problem involving computation-intensive
dynamic constraints. We explained why the SIMP topology optimization method was
the only viable approach, and we introduced a practical methodology for addressing
our problem. Our approach relies on a state-of-the-art method from mathematical pro-
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Figure 10: Dynamic constraints for Design N°5 (optimization using the stricter constraint
v =1073).

gramming (sequential quadratic programming) and on the SIMP topology optimization
method. We described the implementation of our methodology using the commercial
software MSC/Nastran for the finite-element analysis and the public-domain mathemat-
ical programming code FSQP to drive the overall optimization process. We presented
a simple strategy consisting in using stricter tolerances for the dynamic constraints al-
lowed to avoid designs violating the dynamic constraints between discretized frequencies.
We demonstrated the viability of our approach with encouraging 3-D results obtained
on a real-world mechanical component at Renault where it is intended to be used as a
decision-analysis tool for designing new, original components.

We also introduced in this paper a new material density interpolation scheme for
removing non-physical modes in low-density regions and which is simpler than other
methods proposed in the literature. Although the superiority of the interpolation scheme
introduced could not be demonstrated on the specific automotive application we presented,
numerical tests performed on an academic test problem suggest that the new penalty
function does remove spurious modes in low-density areas. Moreover, these preliminary
tests suggest that the penalty function we introduced allows for more degree of freedom in
the search space, as it allows fill in. Future work should attempt at exploiting this feature
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Figure 11: Design N°5 obtained using F), (left), and Design N°6 obtained using F,, (right).

as a diversification strategy for topology optimization problems for which algorithms tend
to get trapped into uninteresting local optima.
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