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Preface

Before we explain our motivation for writing this book, let us place its subject in a more
general context. Shape optimization can be viewed as a part of the important branch of
computational mechanics called structural optimization. In structural optimization prob-
lems one tries to set up some data of the mathematical model that describe the behavior of a
structure in order to find a situation in which the structure exhibits a priori given properties.
In other words, some of the data are considered to be parameters (control variables) by
means of which one fine tunes the structure until optimal (desired) properties are achieved.
The nature of these parameters can vary. They may reflect material properties of the struc-
ture. In this case, the control variables enter into coefficients of differential equations. If one
optimizes a distribution of loads applied to the structure, then the control variables appear on
the right-hand side of equations. In shape optimization, as the term indicates, optimization
of the geometry is of primary interest.

From our daily experience we know that the efficiency and reliability of manufactured
products depend on geometrical aspects, among others. Therefore, it is not surprising that
optimal shape design problems have attracted the interest of many applied mathematicians
and engineers. Nowadays shape optimization represents a vast scientific discipline involving
all problems in which the geometry (in a broad sense) is subject to optimization. For a finer
classification, we distinguish the following three branches of shape optimization:

(i) sizing optimization: atypical size of a structure is optimized (for example, a thickness
distribution of a beam or a plate);
(ii) shape optimization itself: the shape of a structure is optimized without changing the
topology;
(iii) topology optimization: the topology of a structure, as well as the shape, is optimized
by, for example, creating holes.

To keep the book self-contained we focus on (i) and (ii). Topology optimization needs
deeper mathematical tools, which are beyond the scope of basic courses in mathematics, to
be presented rigorously.

One important feature of shape optimization is its interdisciplinary character. First,
the problem has to be well posed from the mechanical point of view, requiring a good
understanding of the physical background. Then one has to find an appropriate mathe-
matical model that can be used for the numerical realization. In this stage no less than
three mathematical disciplines interfere: the theory of partial differential equations (PDEs),
approximation of PDEs (usually by finite element methods), and the theory of nonlinear

iX



X Preface

mathematical programming. The complex character of optimal shape design problems
makes the presentation of the topic in some respects difficult.

Nowadays, there exist quite a lot of books of different levels on shape optimization.
But what is common to all of them is the fact that they are usually focused on some of
the above-mentioned aspects, while other aspects are completely omitted. Thus one can
find books dealing solely with sensitivity analysis (see [HCK86], [SZ92]) but omitting
approximation and computational aspects. We can find excellent textbooks for graduate
students ([Aro89], [HGK90], [HA79]) in which great attention is paid to the presentation of
basic numerical minimization methods and their applications to simple sizing problems for
trusses, for example. But, on the other hand, practically no problems from (ii) (as above)
are discussed there. Finally, one can find books devoted only to approximation theory in
optimal shape design problems [HN96].

This book is directed at students of applied mathematics, scientific computing, and
engineering (civil, structural, mechanical, aeronautical, and electrical). It was our aim to
write a self-contained book, including both mathematical and computational aspects of
sizing and shape optimization (SSO), enabling the reader to enter the field rapidly, giving
more complex information than can be found in other books on the subject. Part of the
material is suitable for senior undergraduate work, while most of it is intended to be used
in postgraduate work. It is assumed that the reader has some preliminary knowledge of
PDEs and their numerical solution, although some review of these topics is provided in
Appendix A. Moreover, knowledge of modern programming languages, such as C++ or
Fortran 90,! is needed to understand some of the technical sections in Chapter 5.

The book has three parts. Part I presents an elementary mathematical introduction
to SSO problems. Topics such as the existence of solutions, appropriate discretizations of
problems, and convergence properties of discrete models are studied. Results are presented
in an abstract, unified way permitting their application not only in problems of solid me-
chanics (standard in existing books) but also in other areas of mathematical physics (fluid
mechanics, electromagnetism, etc.). Part IT deals with modern computational aspects in
shape optimization. The reader can find results on sensitivity analysis and on gradient, evo-
lutionary, and stochastic type minimization methods, including methods of multiobjective
optimization. Special chapters are devoted to new trends, such as automatic differentiation
of computer programs and the use of fictitious domain techniques in shape optimization.
All these results are then used in Part ITI, where nontrivial applications in various areas
of industry, such as contact stress minimization for elasto-plastic bodies, multidisciplinary
optimization of an airfoil, and shape optimization of a dividing tube, are presented.

Acknowledgments. The authors wish to express their gratitude to the following
people for their help during the writing of this book: Tomas Kozubek from the Technical
University of Ostrava, who computed some of examples in Chapters 1 and 6 and produced
most of the figures; Ladislav Luksan from the Czech Academy of Sciences in Prague and
Kaisa Miettinen from the University of Jyvéskyld for their valuable comments concerning
Chapter 4; and Jari Toivanen from the University of Jyviskyld, who computed the numerical
example in Section 8.2.

I'The code in this book can be used with Fortran 90 and its later variants.



Preface Xi

This work was supported by grant IAA1075005 of the Czech Academy of Science,
grant 101/01/0538 of the Grant Agency of the Czech Republic, grants 44568 and 48464 of
the Academy of Finland, and by the Department of Mathematical Information Technology,
University of Jyviskyld.

The motto of our effort when writing this book could be formulated as follows: An
understanding of the problem in all its complexity makes practical realization easier and
obtained results more reliable. We believe that our book will assist its readers to accomplish
this goal.

J.H. and RAEM.



This page intentionally left blank



Notation

Banach and Hilbert spaces

C*(A, B) functions defined in A, taking values in B, continuously differentiable
in the Fréchet sense up to order k € {0} UN (C*¥(A) := C*(A, R));

Ck(Q) functions whose derivatives up to order k are continuous in Q, k €
{0} UN U {00} (C(®) := C*(Q));

Ck(Q) functions from C*($2) vanishing in the vicinity of 9<2;

co1(Q) Lipschitz continuous functions in Q;

LP(Q) Lebesgue integrable functions in , p € [1, oo[;

L>®(Q) bounded, measurable functions in £2;

HY(Q) functions whose generalized derivatives up to order k € {0} UN are
square integrable in Q (H%(Q) := L%(Q));

Hé‘ () functions from H*(Q), k € N, whose derivatives up to order (k — 1)
in the sense of traces are equal to zero on 92;

H%®(Q) functions from L*°(£2) whose derivatives up to order k € {0} UN
belong to L®(Q) (H*®(Q) := L®(Q));

V() subspace of H*(Q);

V(Q) Cartesian product of V (£2);

H*Q) dual space of H*(Q), k € N;

HY2(T) traces on I' C 92 of functions from H1(Q);

H-Y2(T) dual space of H'/2(I");

Convergences

- inX convergence in the norm of a normed space X (strong convergence);

— inX weak convergence in a normed space X;

= inQ uniform convergence of a sequence of continuous functions in Q;

Differential calculus

f’f/

material and shape derivatives, respectively, of f;
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af(x)y *f(x)

8x,~ ’ ax,-c‘)x,-

alol f

D* f=

f'(a; B)

vf

Vi f

Df (also J)
Af

af /v, af /ds
curl f

div f

Domains and

R

C

Rn

N

Q

Q

intQ, extQ
19

r

Bs(Q)

conv O

oxy! - - dxy”

first and second order generalized derivatives, respectively, of f :
Rt > R,n>2;

ath generalized derivative of f : R" — R, |a| = Y| o, o; €
{0}UN;
directional derivative of f at a point & and in a direction §;
gradient of f;
partial gradient of f with respect to x;
Jacobian of f;
Laplacian of f;
normal and tangential derivatives, respectively, of f onI" C 92;
rotation of a function f : R?> - R;
divergence of f;

related notions

set of all real numbers;

set of all complex numbers;
Euclidean space of dimension n;
set of all positive integers;
bounded domain in R”;

closure of 2;

interior and exterior of €2, respectively;
boundary of ;

part of the boundary 9€2;
d-neighborhood of a set Q C R*;
closed convex hull of Q;

Finite elements

T
R
P(T)
Q1(R)

Th. Ra

T(h,s.)
R(h, 5,)

Q4,(55.)

triangle;

convex quadrilateral;

polynomials of degree < kin T;

four-noded isoparametric element in R;

norm of a partition of © into finite elements;

uniform triangulation and rectangulation of 5, respectively, whose
norm is k;

triangulation of Q(s,.), 5,. € U2, whose norm is 4;

partition of Q(s,,), 5, € U f,d, into convex quadrilaterals whose norm
is h;

domain §2(s,.) with a given partition T (%, s,.), R(h, 85, 5 € U%;
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Vi (5,) finite element space in $24(s,.), 5., € U%;
Vir(s,e) Cartesian product of Vj(s,.);
Uup finite element solution;

Fluid mechanics

stress tensor (components 7;;, i, j =1,...,d; d =2,3);
strain rate tensor (components g;;, i, j =1,...,d; d =2,3);
static pressure;

viscosity of a fluid;

density of a fluid;

L I

Linear algebra

x,y,o column vectors in R”;
xT transpose of x;

A B matrices A, B;

Al inverse of A;

AT transpose of A;

|A] determinant of A;
trA trace of A;

I identity matrix;

Linear elasticity

T stress tensor (components 7;;, i, j =1,...,d;d =2, 3);

£ linearized strain tensor (components ¢;;, i, j =1,...,d;d =2,3);
Cijkl elasticity coefficients defining a Hooke’s law;

K, [ bulk and shear moduli, respectively;

f density of body forces;

P density of surface tractions;

Mappings

A: X-Y A maps X into Y;

Al inverse of A;

LX, V) space of all linear continuous mappings from X into ¥;

fog(also f(g)) composite function;



Xvi Notation
Miscellaneous

&;j Kronecker symbol,;

v unit outward normal vector to 32;

c generic positive constant;

X characteristic function of a set;

Norms and scalar products

|- (also | - [lx) norm in a normed space X;
|-](also |- |x) seminorm in a normed space X;
(-, ) (also (-, )x)  scalar product in X;

Norms and scalar products in particular spaces

Jlx i p-norm in R*; ie., ||lx|, = {’/ZL; %17, p € [1, 00, ||x]lc =

max;—1,..» |%il;

xT y scalar product of x, y € R";

f-g scalar product of two vector-valued functions f,g : Q — R"; ie.,
(f - () = X1 filx)gi(x);

(f, Or.a scalar product of f, g in H*(2),k € {0} UN;

Ivle.a, Vo norm and seminorm, respectively, of v in the Sobolev space H*(Q),
ke {0}JUN;

v llk, 00,25 |V]k,00,0 nOrm amd seminorm, respectively, of v in the Sobolev space H koo (),

ke {0JUN;

lvller norm of v in the space C¥(Q), k € {0} UN.



Introduction

As we have already mentioned in the preface, this book consists of three parts and two
appendices.

Part I is devoted to mathematical aspects of sizing and shape optimization (SSO).
Our aim is to convince the reader that thorough mathematical analysis is an important part
of the solution process. In Chapter 1 we present simple optimization problems that at
first glance seem to be quite standard. A closer look, however, reveals defects such as the
nonexistence of solutions in the classical sense or the nondifferentiability of the solution to
a state problem with respect to design variables. These circumstances certainly affect the
numerical realization. Further, we present one simple example whose exact solution can be
found by hand. We shall see that this is an exceptional situation. Unfortunately, in real-life
problems, which are more complex, such a situation occurs very rarely and an appropriate
discretization is necessary. By a discretization we mean a transformation of the original
problem into a new one, characterized by a finite number of degrees of freedom, which
can be realized using tools of numerical mathematics. Then a natural question immediately
arises: Is the discretized problem a good approximation of the original one? If yes, in what
sense? And is it possible to establish some rules on how to define a good discretization?
All these questions are studied in the next chapters.

Chapter 2 starts with two simple SSO problems. We show in detail how to prove
the existence of solutions and analyze convergence properties of the discretized problems
(Sections 2.1, 2.2). The reason we start with the particular problems is very simple: the main
ideas of the proofs remain the same in all SSO problems. This approach facilitates reading
the next two sections, in which the existence and convergence results are established in an
abstract framework. These results are then applied to particular shape optimization problems
govermned by various state problems (Section 2.5) of solid and fluid mechanics. To keep
our presentation as elementary as possible we confine ourselves to 2D shape optimization
problems in which a part of the boundary to be determined is described by the graph of
a function. This certainly makes mathematical analysis and numerical realization much
easier. Let us mention, however, that the same ideas can be used in the existence analysis
of problems in 3D, but the proof will be more technical. Since most industrial applications
deal with domains with Lipschitz boundaries, we restrict ourselves to domains satisfying
the so-called uniform cone property. For readers who would like to be familiar with the
use of more general classes of domains we refer to the recent monograph by Delfour and
Zolesio [DZ01] published in the same SIAM series as our book.

Part II is devoted to computational aspects in SSO. Chapter 3 deals with sensitivity
analysis or how to differentiate functionals with respect to design variables. Sensitivity

XVii



xviii Introduction

analysis is an integral part of any optimization process. Gradient information is important
from the theoretical as well as the practical point of view, especially when gradient type
minimization methods are used.

We start with sensitivity analysis in algebraic formulations of discretized problems,
which is based on the use of the classical implicit function theorem. Then the material
derivative approach, a very useful tool in shape derivative calculus, will be introduced. Spe-
cial attention is paid to sensitivity analysis in problems governed by variational inequalities.

In Chapter 4 we briefly recall both gradient type (local) and gradient free (global)
algorithms for the numerical minimization of functions. Gradient type methods include
Newton’s method, the quasi-Newton method, and the sequential quadratic programming
method. Gradient free methods are represented by genetic and random search algorithms.
In addition, some methods of multiobjective optimization are presented.

In Chapter 5 we discuss a rather new technique for calculating derivatives, namely
automatic differentiation (AD) of computer programs. AD enables us to get accurate deriva-
tives up to the machine precision without any human intervention. We describe in detail
how to apply this technique in shape optimization.

Chapter 6 presents a new approach to the realization of optimal shape design problems,
based on the use of fictitious domain solvers at the inner optimization level. The classic
boundary variation technique requires a lot of computational effort: after any change in the
shape, one has to remesh the new configuration, then recompute all data, such as stiffness
matrices and load vectors. Fictitious domain methods make it possible to efficiently solve
state problems on a uniform grid that does not change during the optimization process. Just
this fact considerably increases the efficiency of the inner optimization level. This approach
is used for the numerical realization of a class of free boundary value problems.

Part I1I is devoted to industrial applications. In Chapter 7 we present two problems of
SSO of stressed structures, namely multiobjective optimal sizing of a beam under multiple
load cases and contact stress minimization of an elasto-plastic body in contact with a rigid
foundation. In Chapter 8 we first solve a problem arising in the paper machine industry: to
find the shape of the header of a paper machine in order to get an appropriate distribution
of a fiber suspension. Next a multidisciplinary and multiobjective problem is solved: we
want to optimize an airfoil taking into account aerodynamics and electromagnetics aspects.

For the convenience of the reader two appendices complete the text. In Appendix A
some elementary results of the theory of linear elliptic equations, Sobolev spaces, and
finite element approximations are collected. Appendix B deals with 2D parametrization of
shapes. A good shape parametrization is akey point in a successful and efficient optimization
process. Basic properties of Bézier curves are revisited.



Part |
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Chapter 1

Why the Mathematical
Analysis Is Important

In this chapter we illustrate by using simple model examples which types of problems are
solved in sizing and shape optimization (SSO). Further, we present some difficulties one may
meet in their practical realization. Finally we try to convince the reader of the helpfulness
of a thorough mathematical analysis of the problems to be solved.

We start this chapter with a simple sizing optimization problem whose exact solution
can be found by hand. Let us consider a simply supported beam of variable thickness e
represented by the interval I = [0, 1]. The beam is under a uniform vertical load f,. One
wants to find a thickness distribution to maximize the stiffness of the beam. The deflection
u := u(e) of the beam solves the following fourth order boundary value problem:

(Beu"(x))" = fo in[0,1],
#(0) = u(1) = (Be’u")(0) = (Be3u")(1) =0,

where B is a given positive constant. The stiffness of the beam is characterized by the
compliance functional J defined by

(P'(e))

1
J(u(e)) = / Jou(e)dx,
0
where u(e) solves (P’(e)). The stiffer the construction is, the lower the value J attains.

Therefore the stiffness maximization is equivalent to the compliance minimization. We
formulate the following sizing optimization problem:

1)

Find ¢* € U* such that
Ju(e) < J(u(e)) Yee U™,

where U% is the set of admissible thicknesses defined as follows:
1
U™ = {e :[0,1]1 > R, | / e(x)dx = y}, y > 0 given.
()}

The integral constraint appearing in the definition of U%? says that the volume of the beam
is preserved. Next we show how to find a solution to (P;).

3



4 Chapter 1. Why the Mathematical Analysis Is Important

For the sake of simplicity we set 8 = fy = 1in [0, 1]. Instead of the classical
formulation (P’(e)) we use its weak form:

Findu := u(e) € V such that
! 1 (P(e))
/ u’ ”dx—[ vdx YveV,
0 0

where
V ={ve H*)|v0)=v() =0}

is the Sobolev space of functions vanishing at the endpoints of I (for the definition of
Sobolev spaces we refer to Appendix A). In order to release the constraints in (IP;) that are
represented by the state problem (P(e)) and the constant volume constraint we introduce
the following Lagrangian:

1 1 1
E(e,u,p,k):/ udx+/ e3u"p”dx—/ pdx
0 0 0
1
+A(/ edx—y), ecU, (u,p)eVxV, reR.
0

We now seek stationary points of £, i.e., all points (e, u, p, A) satisfying
8L(e,u, p, ) =0, (1.1)
where the symbol § stands for the variation of £ with respect to all mutually independent

variables without any subsidiary constraints. From the definition of L it easily follows that

1
8L(e,u, p,A) = f (3e2u"p” + M)sedx + f Sudx + / eSGu)'p'd
0

1 1 1
+/ é ”(5p)”dx—f 8p dx + 8A (/ edx—y>, (1.2)
0 0

where 8¢, du, 8p, and A denote the variation of the respective independent variable. From
(1.1) and (1.2) we obtain the following optimality conditions satisfied by any stationary
point (e, u, p, A) of L:

3¢%u"p” + A =0 inl0,1[; (1.3)

@) =1 inl0,1[, u(0) =u(l) = (€u")(0) = (u")(1) = 0; (1.4)

@p")' =~1 inl0,1[, p(0) = p(l) = (p")(0) = (€ p")(1) = 0; (1.5)
1

/ edx =vy. (1.6)
0

Equation (1.4) is the classical form of the state equation while (1.5) represents the so-called
adjoint state equation. Comparing (1.4) with (1.5) we see that p = —u so that (1.3) becomes

—3¢*W"¥? +Ar=0 inl0, 1. 1.7



Chapter 1. Why the Mathematical Analysis Is Important 5

0.8 T T T T

0.6

0.4

0.2

0F

0.2 |

-0.4

-0.6

0.8 . L ) L
0 0.2 0.4 0.6 0.8 1

Figure 1.1. Optimal thickness distribution.

From this it follows that

elu”| = ¢ = const. > 0. (1.8)

CONVENTION: Here and in what follows the letter ¢ stands for a generic positive constant
attaining different values at different places.

The bending moment M := M(x) = (¢>u”)(x) satisfies the following boundary value
problem:

M'Gx)=1 inl0, 1[,
M©) = M(1) =0,

whose solution is M (x) = %x(x — 1). Therefore

M(x)
e2(x) =0

e(x)u"(x) =

implying together with (1.8) that

e(x) = ,/——A:I—EQ =cyx(1—-x), x¢€l0,l1[. (1.9)

The value of the constant ¢ on the right side of (1.9) can be fixed from the volume constraint.

If y =1, then e(x) = (8/m)+/x(1 — x) (see Figure 1.1).

REMARK 1.1. It is worth noticing that the stiffest simply supported beam has zero thickness
at the endpoints x = 0, 1 and, besides the constant volume constraint, no other assumptions
on admissible thicknesses are present. As we shall see later on this is an exceptional situation.
Usually some additional constraints are needed to get a physically relevant solution.
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The fact that we were able to find the exact solution of the previous optimization
problem is exceptional and due to the simplicity of the state problem and the particular
form of the cost functional (compliance). Unfortunately most optimization problems we
meet in practice are far from being so simple and an approximation is necessary. We
proceed as follows: first we decide on an appropriate discretization of the state prob-
lem (by using finite elements, for example) and of design parameters (instead of com-
plicated shapes we use spline approximations, for example). Computed solutions to the
discrete state problems are now considered to be a function of a finite number of dis-
crete design variables & = (ay, ..., ag) fully characterizing discretized shapes or thick-
nesses. After being inserted into cost functionals, these become functions of a. In this
way we arrive at a constrained optimization problem in R? whose solutions we shall
look for.

There are two ways to realize this step. The first is based on the numerical solu-
tion of the respective optimality conditions, as in the previous example. This approach,
however, has serious drawbacks. First of all one has to derive the optimality conditions.
This is usually a difficult task especially in problems whose state relations are given by
variational inequalities or even by more complicated mathematical objects. But even if the
optimality conditions are at our disposal they are usually so complex that their numerical
treatment is not easy at all. For this reason the structural optimization community prefers
a more universal approach based on the numerical minimization of functions by means of
mathematical programming methods. But also in this case one should pay attention to a
thorough mathematical analysis in order to obtain additional information on the problem
that can be useful in computations. A typical feature is that minimized functions are usually
nonconvex. This gives rise to some difficulties: nonconvex functions may have several local
minima; further, the minimization method used may be divergent or the result obtained may
depend on the choice of the initial guess. Below we present very simple SSO problems in
one dimension (i.e., d = 1) with states described by equations and inequalities involving
ordinary differential operators. The dependence of cost functions on the design parameter
will be illustrated by the graphs.

EXAMPLE I.1. Let
Uad={eER|eminSeSemax}»

where 0 < emin < emax are given, and consider the optimal sizing problem

1
min J (e) =f (e — 1)*dx,
0

eeU

where u, solves the following boundary value problem:

ue(0) = u (1) = 0. (1.10)

{ —eu! =2 in0,1[, e € U%,
It is readily seen that u, (x) = (x — x?)/e and

JO =1+ — = U™
0= T 302 T3 5T
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Figure 1.2. Graph of the cost functional.

The graph of J is plotted in Figure 1.2. We see that J is unimodal (i.e., for any choice
Of emin, €max it has only one local minimum) but not convex. If one tries to minimize J
numerically using a simple quadratic approximation of J, the method will not converge
provided the initial guess ey is large enough, say ey > 1/2.

EXAMPLE 1.2. (See [Céa81].) Let us consider the following simple prototype of the shape
optimization problem:
a
min J(a) = f (ua — 1)%dx,
0

aglad
where
U ={2€R|0 < tmin < =< max},

Qmin < Omax 18 given, and u, solves the boundary value problem

(1.11)

—u, =2 in]0,af,
u, (0) = ug(a) = 0.

In contrast to the previous two sizing optimization problems the differential equation here
is posed on an unknown domain that is to be determined. The solution of this problem is
Ug(x) = a* — x% and

4
J(o) = %as - §a3+a, a e U™,

The graph of J is shown in Figure 1.3. We see that J is nonconvex and it may have one or
two local minima depending on the choice of @min, Cmax-
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Figure 1.3. Graph of the cost functional.

In the previous two examples the resulting functions are continuously differentiable.
But this is not always so. With an inequality instead of a state equation the situation may
be completely different, as will be seen from the following example.

EXAMPLE 1.3. (State variational inequality.) Consider the optimal shape design problem
with the same J and U“? as in Example 1.2 but with u,, solving the following variational
inequality:

Uy € K(a) : / u, (V' —ul)dx > / 2(v —ug)dx Yv e K(a), (1.12)
0 0
where

K@) ={ve Hl(]O,oz[) Jv0)=0, vie) <1}, «ae€ U,

Itis well known that the solution u, to (1.12) exists and is unique as follows from Lemma A.1
in Appendix A. Integrating by parts on the left-hand side of (1.12) it is easy to show that
u, satisfies the following set of conditions:

—uy(x)=2 Vx€l0,al, (113)
ug(0) =0, ug(@) <1, up(e) <0, (uale) — Dul () =0. '
It is readily seen that the function
—x2 4+ 2ux, o<1,
Ug(x) = a4+ 1 (1.14)

24

—X
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Figure 1.4. Graph of the cost functional.

satisfies (1.13) and its substitution into J yields the following analytic expression of J as a
function of the design parameter o:

8 4
Ea5—§a3+a, a<l,
J@ =1 1
—a’ -+ -0, axl.
30 6 3 -

A direct computation shows that J/ (1) = —1/3 and J} (1) = 0;i.e., J is not differentiable at
o = 1 (see Figure 1.4). Let us comment on this fact in more detail. The external functional

I:(,y) > f (y —1)?%dx, yeH(Q0,al), a c U™,
0
is continuously differentiable with respect to both variables, while the composite function
Jiars / (U — 1)?dx = I(, uy), o €U,
0

is not. From this it immediately follows that the inner control state mapping o > u,, cannot
be continuously differentiable. Indeed, u, being a solution to the variational inequality
(1.12) can be expressed as the projection of an appropriate function from H!(]0, «[) onto
the convex set K (o). A well-known result (see [Céa71]) says that the (nonlinear) projection
operator of a Hilbert space on its closed convex subset is Lipschitz continuous. This in short
explains the source of the possible nondifferentiability of the control state mappings in the
case of state variational inequalities (for more detail on this subject we refer to [SZ92]).
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Figure 1.5. Graph of the cost functional.

The fact that a minimized function is not differentiable at some points may have
practical consequences. A common way of minimizing J is to use classical gradient type
methods that require gradient information on the minimized function. The absence of
such information at some points may give unsatisfactory or unreliable numerical results.
Fortunately there is a class of generalized gradient methods for which the nondifferentiability
does not present a serious difficulty and that were developed just to treat this type of problem.
This is a nice illustration of how a thorough analysis and understanding of the problem may
help with the choice of an appropriate minimization algorithm.

The fact that the control state mapping is not differentiable, however, does not mean
that the composite function is automatically nondifferentiable as well. Indeed, let us choose
the new cost functional

1 [+2 o
J(@) = -2-/0 (u),)? dx —/0 2u,dx, ae€U%, (1.15)

where u, € K (&) solves (1.12). Substituting (1.14) into (1.15) we obtain

2 3
e s 1’
3a o<

J(a) = (1.16)

13
——a'+——a, a>1
6 2o
(see Figure 1.5). One can easily check that J is a once (but not twice!) continuously differ-
entiable function in U%¢. Therefore, for a special choice of cost functionals it may happen
that the composite function is continuously differentiable despite a possible nondifferentia-
bility of the inner mapping. We shall meet the same situation several times in this textbook

(see Chapters 2, 3, 7).

‘We end this chapter with one shape optimization problem that has no solution, showing
how this fact manifests itself during computations.
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Let Q(a) = {(x1, x2) € R? | 0 < x; < a(xy), x2 €]0, 1[} be a “curved rectangle”
(see Figure 2.2) with the curved side I'() being the graph of a function & € U%, where

1
yed — {a € C([0.11) | 0 < o < ¢ < crmgs i [0, 11, [ a(x) dxy = y} 1)
0

with 0 < min < Umax and ¥ > O given. Further denote by O = {Q(a) | @ € U4} the
set of all admissible domains; i.e., O is realized by domains whose curved part I' (o) of the
boundary lies within the strip bounded by omin, ¢max and have the same area equal to y. On
any Q(a), @ € U%, we shall consider the following Dirichlet-Neumann state problem:

—Au(a) =C in Q(a),

Ju(w)
av

u(l@) =0 onT(a),

=0 onl; =dQ()\T' (), (1.18)

where C > 0 is a given constant. We define the following optimal shape design problem:

Find a* € U such that
* * ad (IPZ)
J@*, u(@®)) < J(o, u(@)) Vo e U,
where
1 2
J(,y) == y“dx (1.19)
2 Jaw

(dx = dx1dx;) and u(x) solves (1.18) in (o).

Problem (P,) was solved with the following values of the parameters: C = 2, opip =
0.1, amax = 0.9, and y = 0.5. Shapes were discretized by piecewise quadratic Bézier
functions. The number of segmentsisd = 10, 18. Computed results are shown in Figure 1.6.
We see that the designed part I' () oscillates and the oscillation becomes faster and faster
for increasing values of d. Now a question arises: What does the optimal shape look like?
It is difficult to imagine such a domain on the basis of the obtained results since there is no
“understandable” domain from O that can be deduced from them. In fact the oscillatory
pattern is a consequence of the nonexistence of solutions to (P;). The rigorous mathematical
analysis of this problem is far from easy and goes beyond the scope of this textbook. Let us
try, however, to give a naive “explanation.” Boundary value problem (1.18) describes the
stationary temperature distribution in the body represented by € («), which is isolated on
I'1 and cooled along I'(«). The right-hand side C characterizes the heat source. Since the
area of all Q2 («) is the same, the only way to decrease the temperature in 2 («) is to increase
the length of the cooling part I'(w). This is just what the solution found mimics: I'(a)
begins to oscillate. The constant volume constraint is added to avoid the trivial solution

L — .
o* = Opmin.
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Figure 1.6. Oscillating boundaries.

A possible way to ensure the solvability of (PP;) is to impose additional constraints,
keeping the length of I'(«) bounded. Thus instead of (1.17) one can consider another
(narrower) system of admissible domains defined by

U = [Ot € C%1([0, 1) | 0 < ttmin < & < Omax in [0, 1];
1
la’| < Lo almost everywhere in 0, 1{; f a(x)dx; =y } , (1.20)
0

where Lo > 0 is given. As we shall see later on, problem (P2) with U%? defined by (1.20)

already has a solution.
Since shape optimization problems are generally nonconvex they may have more than

one solution (see Problem 1.2).

Problems
PROBLEM I.I. Prove that u(«) solves the variational inequality (1.12) iff it satisfies (1.13).

PROBLEM 1.2. [BG75] Consider the optimal shape design problem () with the state
problem (1.18) and the cost functional (1.19). Prove that if Q(e*) solving (P) (¢* € U ad
given by (1.17)) is not symmetric with respect to the line x, = 1/2, then 2 (a™*), where
o**(x,) := (composite function) a*(1 — x2), x2 €]0, 1[, is a solution of (), too.



Chapter 2

A Mathematical Introduction to
Sizing and Shape Optimization

The aim of this chapter is to present ideas that are used in existence and convergence analysis
in sizing and shape optimization (SSO). As we shall see, the basic ideas are more or less
the same: we first prove that solutions of state problems depend continuously on design
variables (and we shall specify in which sense). Then, imposing appropriate continuity (or
better lower semicontinuity) assumptions on a cost functional, we immediately arrive at an
existence result. The same scheme remains more or less true when doing the convergence
analysis. Before we give an abstract setting for optimal sizing and shape design problems
and prove abstract existence and convergence results, we show how to proceed in particular
model examples. The same ideas will be used later on in the abstract form.

2.1 Thickness optimization of an elastic beam:
Existence and convergence analysis

Let us consider a clamped elastic beam of variable thickness e subject to a vertical load f.
The beam is represented by an interval I = [0, £], £ > 0. We want to find the thickness
distribution in I minimizing the compliance of the beam, given by the value J (u(e)), where

J») =/Ifydx 2.1)

and u(e) is the solution of the following boundary value problem:

, @2)
u® =u'0)=ul) =u'{) =0.

{ (Be*u")'(x) = f(x) Vx €l0, £,
Here B € L*(), B = B = const. > 0, is a function depending on material properties and
on the shape of the cross-sectional area of the beam. The solution of (2.2) is assumed to be
a function of e, playing the role of a control variable. To define an optimization problem,
one has to specify a class U%? of admissible thicknesses. As we already know, the result of
the optimization process depends on, among other factors, how large U% is.

13
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Let U be given by

U™ = {e e C¥' (1) |0 < epin < € < emax in I,

le(x1) — e(x2)| < Lolx1 —x2| Vxi1,x2 €1, /e(X)dx = )’] ;o (23)
1

i.e., U%? consists of functions that are uniformly bounded and uniformly Lipschitz continuous
in I and preserve the beam volume. The positive constants ep,, €max, Lo, and y are chosen
in such a way that U%¢ # (.

REMARK 2.1. The uniform Lipschitz constraint
le(x1) — e(x2)| < Lolx1 —x2| Vx1,x €1

appearing in the definition of U%¢ prevents thickness oscillations and plays an important
role in the forthcoming mathematical analysis.

We are now ready to formulate the following thickness optimization problem:

Find e* € U* such that
J(u(e) = m,i,% J(u(e)), ®)

where J is the cost functional (2.1) and u(e) is the displacement, solving (2.2). In what
follows we shall prove that () has at least one solution e*. The key point of the existence
analysis is to show that the solution u of (2.2) depends continuously on the control variable
e. But first we have to specify what the word continuous means. This notion differs for u
and e.

CONVENTION: For the sake of simplicity of our notation throughout the book we shall use
the same symbol for subsequences and the respective original sequences.

Our analysis starts with a weak formulation of (2.2). Let HZ() be the Sobolev space
of functions v whose derivatives up to the second order are square integrable in I and satisfy
the boundary conditions v(0) = v'(0) = v(£) = v'(£) = 0 (see Appendix A). The weak
formulation of (2.2) reads as follows:

Find u := u(e) € HZ(I) such that

/ e u"v" dx = f fvdx Vv e HX(I), (Ple))
I 1

where e € U%? and f € L?(I) are given. We adopt the notation (P(e)), u(e), ... to stress
the dependence on e € U%. The continuous dependence of u on e mentioned above will
be understood in the sense of the following lemma.

LEMMA 2.1. Let e,, e € U%, be such that e, =} e (uniformly) in I and let u, := u(e,) be
solutions to (P(e,)), n=1,2,....Then
up — u(e) in Hy(I),

and u(e) is the solution of (P(e)).
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Proof. Letu, € HZ(I) solve (P(e,)); ie.,
/ﬂ Sy dx —/fvdx Yv € HZ(I). (2.4)

Inserting v := u,, into (2.4) and using the definition of U*¢ we obtain
Boinlunls s < I flloslttnllzs Vn €N.
From this and the Friedrichs inequality we see that the sequence {u,} is bounded:
c>0: |upllosr<c VneN 2.5)
Thus one can pass to a subsequence such that
u, = u (weakly)in HZ(I), (2.6)

where u is an element of Hg(I ). Tt remains to show that u solves (P(e)). But this follows
from (2.4) by letting n — oo. It is readily seen that

/ﬂe3 "' dx — fﬂe3 "' d n— 0o. %))

‘fﬂe3 " dx — /,Be3 "' d

< / Bled — | lu] [v"| dx + l / Beduy —u"y'" dx
I 1

Indeed,

2.8)

-0 asn— oo,

taking into account that ¢, =2 e in I and (2.6). From (2.7) it follows that u solves (P(e)).
Since (P(e)) has a unique solution, not only this subsequence but the whole sequence {u,,}
tends weakly to u in Ho2 (I). To prove strong convergence, it is sufficient to show that

leenll = Neell, n — oo,
where || - || is a norm with respect to which H02 (I) is complete. Clearly the energy norm
Il = / Be* (") dx 2.9)
1

with e being the limit of {e,} possesses this property. Then
lel? = f Be*w,)* dx = / B — ey dx + f Be;(uy)? dx
1 1 1

=fﬁ(e3 —eﬁ)(uﬁf)de+/fundx - /fudx = lull?,
I I 1

as follows from the definition of (P(e,)), (P(e)), (2.6), and uniform convergence of {e,}
to e in I proving strong convergence of {u,} to u(e) := u in the HOZ(I )norm. 0O
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Having this result at our disposal we easily arrive at the following existence result
for (IP).

THEOREM 2.1. Let U%® be as in (2.3). Then (P) has a solution.

Proof. Denote

qi= inf Ju(©) = lim J@(en)), (2.10)
eclyad n—>00

where {e,}, e, € U%, is a minimizing sequence. Since U ad ig a compact subset of C(I),
as follows from the Arzela—Ascoli theorem, one can pass to a subsequence of {e,} such that

e 3 efcU%nl, n— oo,
for an element e* € U%. At the same time
u(en) — u(e*) in HX(I), (2.11)
as follows from Lemma 2.1. From (2.10), (2.11), and continuity of J in Hg(l ) we see that
q = J(u(e");

ie., e* € U™ solves (P). O

DEFINITION 2.1. A pair (e*, u(e*)), where e* solves (P) and u(e*) is a solution of the
respective state problem (P(e*)), is called an optimal pair of (P).

CONVENTION: The wording “optimal pair” will be used in the same sense in all other
optimization problems.

COMMENTS 2.1.

(i) There are three substantial properties used in the previous existence proof: the contin-
uous dependence of u(e) on the control variable e; the compactness of U ad enabling
us to pass to a convergent subsequence of any minimizing sequence; and continuity
of J.

(ii) Some extensions in the setting of (IP) are possible: instead of the load f € L2(I) we
can take any f € H =2(I) (the dual of Hg(I )), enabling us to consider concentrated
loads f = §,,, e.g., where the Dirac distribution &,, at a point x; € I is defined by

85, () = v(xo) Vv e HE().

The functional J given by (2.1) depends on the state variable y € V (V = HZ(I)
in our example) but not explicitly on the control variable e € U%. It becomes
a function of ¢ only through the composition of J with the control state mapping
u : e — u(e). In many situations, however, cost functionals depend on both variables
of (e, y) € U% x V. For this reason the abstract setting of these problems considers
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(iii)

(iv)

cost functionals defined on U%¢ x V, i.e., depending explicitly on both variables.
From the proof of Theorem 2.1 we see that, for a general J : U%¢ x Ho2 (I) = R, the
existence of solutions to (P) is guaranteed provided that J is lower semicontinuous
in the following sense:

e, e inl o

N = lim inf J(e,, y,) > J(e, y). (2.12)

Yo =y inHy() n—00
The admissible set U%? defined by (2.3) is quite narrow. It would be possible to extend
it by omitting the uniform Lipschitz constraint, i.e., to take U% as

U = {e eCNi0<epn<e< emaxinl,/e(x)dx = y}. (2.13)
I

Unfortunately, U“? is not a compact subset of C (7). But one can still extend U%? as
follows:

7% = [e € L°°(I) |0 < emin < e < emax almost everywhere (a.e.) in I, / e(x)dx= yl .
1
2.14)

Then J'* is a compact subset of L>°(/) with respect to L>°x weak convergence. On
the other hand the mapping u : e > u(e), e € U ad_is not continuous with respect to
this convergence. More precisely, if €,, € € U% are such that

e, —~ ¢ L%®°)* weakly, n — oo,

then the sequence {u(e,)} tends weakly to an element % in HOZ(I ), but not necessarily
u = u(e); i.e., the limit element ¥ is not a solution of (P(e)). In order to analyze
(P) with U%? defined by (2.14), deeper mathematical tools, going beyond the scope
of this book, have to be used.

Let us again consider (P) with the cost functional (2.1). Since (P(e)) is the problem
with a symmetric bilinear form, its solution can be equivalently characterized as a
minimizer of the total potential energy functional E,

E(e,u(e)) = min E(e,v),

veHZ(I)
where
E(e,v) = /ﬂe3(v”)2dx —Z]fvdx.
I 1
It is easy to verify that
E(e,u(e)) = —/fu(e) dx = —J(u(e)) Ve e U%.
1
Consequently

min J(u(e)) = min | — min E(e, v)
eeljad eclad veHX(I)

= —max min E(e,v).
ecU% yeH(I)
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Thus the original, minimum compliance problem can be reformulated as a max-min
problem for the functional E : U%? x H2(I) — R. This form of (P) is closely related
to a saddle-point type problem for E on the Cartesian product U%? x Hj 2(I) enabling
us to extend U%? even more than has been done so far. Indeed, instead of yed, god,
given by (2.3), (2.14), respectively, one can also consider

U,‘:d= {e€L°°(I)|O§eSemax a.e. inI,/e(x)dx:y};
1

i.e., we allow zero thickness of the beam. The problem of finding a saddle point of E on
Ug? x HZ(I) still has good mathematical meaning, regardless of the fact that elements
of U,;’d may vanish in subsets of I, implying the degeneracy of (P(e)). The explanation
is very simple: in the saddle-point formulation (P(e)) is not solved explicitly. This
approach is used in the so-called free topology optimization of structures, whose goal
is, roughly speaking, to find an optimal distribution of the material permitting the
presence of voids, i.e., the absence of any material in some parts of structures.

‘We now pass to a discretization of (P), i.e., to its transformation into a new problem,
defined by a finite number of parameters.

We start with a discretization of U%¢. Letd € Nbe givenand A, : 0 = ap <
a; < --- < ag = £ be an equidistant partition of I with the step h = £/d, a; = ih, i =
0,...,d. Instead of general functions from U%? we shall consider only those that are
continuous and piecewise linear on Ay; i.e., we define

={en € CUD) | enpa_, a1 € Prai—r, @), i=1,....dw}NU*.  (2.15)

For a discretization of (P(e)) we use a finite element approach. Let V}, be the finite dimen-
sional subspace of H02 (I) defined as follows:

= {vs € C'(D) | Va0 € P3(aicr, ai)), i = 1,...,d(h),

, , (2.16)
v (0) = v,(0) = v, (§) = v, (£) =0},

i.e., Vj contains all piecewise cubic polynomials that are continuous together with their first
derivatives in I and that satisfy the same boundary conditions as functions from H02(I ).
Lete, e U ,fd be given. Then the discretized state problem (P (ey)) reads as follows:

Find u;, := uy(ey) € V4 such that

Pr(e
/ﬁeiuﬁv;,’dx =ffv;, dx Vv, € V. (Prlen))
! 7
We now define the discretization of (P) as follows:
Find e} € U7 such that
J(un(e))) = min J (un(en)), (®r)

e, €l h

where uy(ey) € Vy, solves (Pr(en)).
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It is left as an easy exercise to prove the following theorem.
THEOREM 2.2. Problem (Py,) has a solution for any h > 0.

In what follows we shall show how problem (P ), characterized by a finite number of
degrees of freedom, can be realized numerically. To this end we derive its algebraic form.

Let & > O be fixed. Any function e, € U can be identified with a vector ¢ =
(eo, -..,e7) € U whose components are the nodal values of e;; ie., e, = ep(a;), | =
0,...,d. Itis easy to see that

U:[eeRd+1|e <e <emx, i =0,...,d;

d~1
leiv1 —eil < Loh, i=0,...,d —1; hZ(e,' + eit1) = 2;/} N VAY))
i=0

The discrete state problem (P (ep)) transforms into a system of linear algebraic equa-
tions,

K(e)gq(e) = f, (2.18)

where K (e) = (ki; (e)):"j=1 is the (symmetric) stiffness matrix, f = (f;), is the force
vector, g(e) € R” is the nodal vector representing the finite element solution u,(ey) € Vj
of (Py(en)), and n := n(h) = dim V,. Any function v, € V}, is uniquely defined by the
vector v of nodal values vx(a;), v,(ai), i =1,...,d — 1, sothatn = 2(d — 1). Thus the
components of g (e) are the values of u;, and u), atthe nodal pointsa; € As, i =1,...,d—1,
which will be arranged as follows:

q(e) = (un(a1), uy(ar), up(@2), uy(az), . .., un(aa—1), wy(as—1)). (2.19)

The elements of K (e) and f are computed in the standard way:

kij(e) = /ﬂe?,(p,”go;' fi =f1f¢,~dx, i,j=1,...,n, (2.20)

where {¢ j};=1 are the basis functions of V,,. The one-to-one correspondences e, <> e and

v, <> v between elements of U ,fd and U and V, and R”, respectively, defines the following
isomorphisms 7p and Ts:

To:U* > U; Tpler) =e, ene U, (2.21)
Ts Vi > R Ts(up) =v, v €V, (2.22)

enabling us to identify U, ,fd with U/ and V}, with R”. In a similar way one can identify the
cost functional J restricted to V;, with a function 7 : R* — R:

J @) = J (T3 (v)),
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where 75! denotes the inverse of Ty (if J : U* x H2(I) — R depends explicitly on both
variables, then 7 : Y x R" — R, where J(e,v) :=J (7'51(e), 7'S_l(v))). Therefore the
discrete thickness optimization problem (P;) leads to the following nonlinear mathematical
programming problem:

Find e¢* € U such that
(Pa)

J(g(e*) <J(g(e)) Vecl,

where g(e) € R" solves (2.18). Problem (PP;) can be solved using nonlinear mathematical
programming methods. Some of them will be presented in brief in Chapter 4.

Until now, the mesh parameter 2 > 0 has been fixed. A natural question arises: What
happens if » — 04, meaning that finer and finer meshes are used for the discretization of
U%? and (P(e))? Is there any relation between solutions to (P) and (P) as # — 0+? This
is what we shall study now.

Let {Ar}, & — 0+, be a family of equidistant partitions of / whose norms tend to
zero and consider the respective families {U] ,‘,“’}, {4}, A — 0+. The next lemma, which is
a counterpart of Lemma 2.1 in the continuous setting, plays a major role in the convergence
analysis.

LEMMA 2.2. Let {e;}, e, € U%, be such that e;, =3 e in I and let {uy(ey,)} be the sequence
of solutions to (Py(ep), h — 0+). Then

up(en) = u(e) in H}(I), h— 0+,
and u(e) solves (P(e)).
Proof. As in Lemma 2.1 one can prove that {u;(e)} is bounded:
dc>0: |up(ep)llzr <c Yh>0.
Passing to a subsequence, there exists u € H02 (I) such that
up(er) ~ u in HX(I), h—>0+. (2.23)

Next, we show that u solves (P(e)). Letv € Hg (1) be arbitrary but fixed. Then there is a
sequence {Uy}, v, € V3, such that

U, —>v inHII), h—>0+. (2.24)

From the definition of (P} (ey)) it follows that

f Beju) v, dx = / fopdx. (2.25)
I 1

Passing to the limit with 2 — 04 in (2.25) we obtain
/ Beu vy dx — / Beu"v" dx, (2.26)
1 1

/1 fopdx — /1 fudx. .27)
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Indeed,

‘/ (ﬂeiuﬁvz Beu"v " dx
1

< cf le; — €| |u) vy | dx + ’/ﬂe (uv, —u"v")dx

< clleg — Ellcaylunllz 1 0allzr + — 0,

/ﬂe3(u//——// //—-//) dx

making use of (2.23), (2.24), and uniform convergence of e to e in /. The limit passage
(2.27) is trivial. From (2.25), (2.26), and (2.27) it follows that

/ﬁe3 " "dx—/fvdx

is satisfied for any v € H02(I ); i.e., u solves (P(e)). Due to its uniqueness, the whole
sequence {uy(e,)} tends weakly to u(e) := u in H02(I ). Strong convergence of {uj(ex)} to
u(e) can be established in the same way as was done in Lemma 2.1. [

A direct consequence of the previous lemma is the following convergence result.

THEOREM 2.3. Let {(e}, un(ey))} be a sequence of optimal pairs of (Py), h — 0+. Then
one can find a subsequence of {(ej, un(e;))} such that

{ e et inl, 228

un(el) — u(e*) in HX(I), h = 0+,

where (e*, u(e*)) is an optimal pair of (P). In addition, any accumulation point of
{(e}, un(ey))} in the sense of (2.28) possesses this property.

Proof. et {¢};} be a sequence of solutions to (Px), A — 0+ (if (P,) had more than one
solution, we would choose one of them). Since U2¢ C U®¥ Vh > 0 and U is compact in
C(I), one can pass to a subsequence of {e};} such that

e etelUinl, h—>0+.
At the same time
un(e}) — u(e*) in HZ(I), (2.29)

as follows from Lemma 2.2.
Let € € U% be given. Then one can find a sequence {&;}, &, € U, such that (see
Problem 2.2)

en=e inl, h-— 0+, (2.30)
and

up(en) - u@ in Hi(I), h— 0+, (2.31)
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using Lemma 2.2 once again. From the definition of (IP,) it follows that
J(un(e)) < J (un(en)).
Letting 2 — 0+ in this inequality, using continuity of J, (2.29), and (2.31), we arrive at
J(u(e) < Ju@);

i.e., (e*, u(e*)) is an optimal pair of (P). From the proof we also see that any other accu-
mulation point of {(e}, us(e;))} is also an optimal pair of (F). 0O

COMMENTS 2.2.

(i) Theorem 2.3 says that (P,), & — 0+, and (P) are close in the sense of subsequences
only. This is due to the fact that (P) may have more than one solution. This theorem,
however, ensures the existence of at least one subsequence of {(e};, un(e;))} tending
to an optimal pair of (P). In addition, any convergent subsequence of {(e;, ux(e}))}
in the sense of (2.28) tends only to an optimal pair of (IP).

(ii) Besides the continuous dependence (established in Lemma 2.2) and the compactness
of (U4} in U4, yet another property plays a role in the convergence analysis: one
needs the density of {U,‘j" } and {V,} in U%, HO2 (1), respectively.

(iii) Since functions from U,fd are continuous, their C(I)- and L*®(I)-norms coincide.
Nevertheless the assertion of Lemma 2.2 remains true even if U,‘,’d C L*®(D), but
uniform convergence of {e;} in / has to be replaced by convergence in the L*(1)-
norm. This elementary result will be used below.

Besides the mathematical aspects, practical aspects should also be taken into account.
The set U, ,’,‘d defined by (2.15) is very simple from a mathematical point of view but usually
not acceptable for practical purposes. Rather than a piecewise linear thickness distribution,
engineers prefer stepped beams, which are characterized by a piecewise constant thickness
distribution. In what follows we shall consider this case by changing the definition of U

Let A, be the partition of I as before. The new set U ,‘,‘d of discrete thickness d1str1-
butions is defined as follows:

U = {?h € L®(I) | &, € Polai—1, 1), i =1,...,d,
€min = ~h < €max a.€. in I, f?hdx =y,
I

[ — | < Loh, i=1,...,d—1}, (2.32)

where &, = €h|(4,_,.a1] (see Figure 2.1).

This means that U consists of all piecewise constant functions on A satisfying the
same uniform boundedness and volume constraints as functions from the original set U%¢.
The uniform Lipschitz constraint is satisfied by the discrete values €,, i = 1,...,d(h).
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Figure 2.1. Piecewise constant approximation of U%.

This time, however, U2 is not a subset of U since it contains discontinuous functions.
Next, we shall study the following discrete thickness optimization problem:

Find & € U7 such that ~
(Pr)

TJ@r(@)) < Jun(@) Ve, € U,

with uy (€,) € V;, being the solution to (P (e,)), € € U2 and J given by (2.1).
_Itis not surprising that a convergence result similar to Theorem 2.3 also remains valid
for (IP,) with a minor change concerning convergence of {€}} to e*.

THEOREM 2.4. Let {(€}, us(€}))} be a sequence of optimal pairs of (ﬁh), h — 0+. Then
from any sequence {(€}, uy(€}))} one can pass to its subsequence such that

e > e* inL®),
{ h 0 (2.33)

un(€}) — ue*) in HX(I), h— 0+,

where (e*, u(e*)) is an optimal pair of (P). In addition, any accumulation point of
{(€}, un(€}))} in the sense of (2.33) possesses this property.

Proof. In view of Comments 2.2(iii) we know that Lemma 2.2 remains true if we change
“ep =2 ein I” to “'é’h~—-> e in L*®(I)”. We only have to verify the compactness of any
sequence {€3}, €, € U ,‘fd , and the density type result for {l7,‘,‘d } (see Comments 2.2(ii)).

Let {€,}, h — O+, &, € U2, be an arbitrary sequence. With any &}, the following
continuous, piecewise linear function &, defined on the partition A, : 0 = ap < a; 2 <
azy < --- < ag-1;2 < ag = £ will be associated (see Figure 2.1):

Zhaip) =&, i=0,...,d -1,
en(a) =&, enlag) =7,
where a;_1/, denotes the midpoint of the interval [a;_1,a;1,i = 1,...,d. From the con-

struction of g; we see that
€min < €, < émax in/

and
|l < Ly ae.inl.
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Thus {e;} is compact in C(I) so that there exists a subsequence of {€;} and an element
e € C(I) such that

eh=2e inl, h— 0+, (2.34)

satisfying emin < € < emax in I, |€| < Lo a.e. in I. The function &, can be viewed as the
piecewise constant interpolant of g, € W (I) implying that

Ner — enlloqy < chlénlwroqy < ch,

as follows from the well-known approximation properties and the fact that the sequence
{Ienllwre=(} is bounded. This, (2.34), and the triangle inequality yield

Nen — €l < Wén — enlliLoay + Nen — €llgeay = 0

as h — 0+. At the same time [, #dx = y sothate € U*.
The density of {U?¢} in U in the L(I)-norm is easy to prove. Indeed, let e € U**
be given and define &) as follows:

e = Z (% / ” edx) Xis (2.35)

where x; is the characteristic function of [@;_;,a;], i = 1,...,d. Clearly €, € ﬁ,‘:d and
en—>emml®), h—-0+. 0

2.2 A model optimal shape design problem

In this section we present the main ideas that will be used in the existence analysis of opti-
mal shape design problems. One of the main difficulties we face in any shape optimization
problem is that functions are defined in variable domains whose shapes are the object of
optimization. One of the possible ways to handle this difficulty is to extend functions from
their domain of definition to a larger (fixed) set containing all admissible domains. This ex-
tension is straightforward for homogeneous Dirichlet boundary value problems formulated
in HO1 (£2), since any function from HO1 (£2) can be extended by zero outside of €2, preserving
its norm. For this reason our analysis starts with just this type of state problem. For the sake
of simplicity we restrict ourselves to the case when only a part of the boundary is subject
to optimization and, in addition, this part is represented by the graph of a function.
Let
0= {Q(a) |a € U*)

be a family of admissible domains, where

Uad = {a € Co’l([o, 1]) | 0< Omin < O < Omax in [0» 1]1

1
|@’] < Lga.e. in]0, 1[, / a(xy)dx, = y}
0
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Figure 2.2. Parameters characterizing admissible domains.

and
Q@) = [(x1,x) eR? |0 < x; <a(x), 2 €l0,1[}, acU¥

(see Figure 2.2). Here C%1([0, 1]) is the set of all Lipschitz continuous functions in [0, 1]
and the parameters @min, Omax, Lo, and y are such that U%? 3 0.

The family O consists of all “curved rectangles” whose curved sides I' (), represented
by the graphof & € U?¢, will be the object of optimization. Since the shape of any Q (o) € O
is characterized solely by & € U4, there exists a one-to-one correspondence between O and
U%: Q(a) € O < a € U, Elements of U%? will be called design variables, determining
the shape of 2 € O in a unique way.

REMARK 2.2. From the definition of U/%¢ it follows that all Q(a) € O are domains with
Lipschitz boundaries (see Appendix A), with the same area equal to y, and such that all
I"(a) remain in the strip bounded by 0pmin, ¥max (see Figure 2.2). In addition, the uniform
Lipschitz constraint prevents oscillations of I' () (see also Remark 2.1).

REMARK 2.3. The admissible domains depicted in Figure 2.2 are parametrized in a very
simple way. In real-life problems, however, the parametrization of the geometry may
represent a difficult task.

On any Q(a), @ € U%, we shall consider the following state problem:

{ —Au(@) = f inQ(a), (P(x))

u@)=0 ondQ(a),

where f € L2 _(R?). To emphasize that u depends on () (and hence on &), we shall
write o in the argument of u.



26 Chapter 2. A Mathematical Introduction to SSO

Let D be a “target set” that is a part of any Q (&) € O, say D =]0, omin/2[x]0, 1[. We
want to find 2(a*) € O such that the respective solution u(a*) of (P(a*)) is “as close as
possible” to a given function z; in D. Assuming zy € L?(D), the problem can be formulated
as follows:

Find o* € U*? such that
(9}

J@(@) < J(@) VYo eU*,

where u(er) € H} (2 ()) solves (P(«)) and
1
JO) =3ly = 2lp, yeLD).

REMARK 2.4. Since D is the same for all @ € U%?, the cost functional J depends explicitly
only on the state variable y and becomes a function of @ € U*? only through its composition
with the inner control state mapping u : o — u(«). Cost functionals, however, may depend
explicitly on both control and state variables. For this reason, the abstract formulation of
optimal shape design problems presented in Section 2.4 uses functionals depending on both
variables.

We start our analysis by introducing convergence in O.

DEFINITION 2.2. Let {Q(a,)}, Q2(w,) € O, be a sequence of domains. We say that {Q2(a,,)}
tends to Q(a) € O (and write Q (o) — Q(@)) iff

o, 3 inf0,1], n— oco.

In other words, taking an arbitrary §-neighborhood Bs(I"(at)) of I' (@), there exists ny 1=
no(8) € N such that I'(a,) C Bs(I'(@)) Y > nyg.

From the definition of U%¢ we have the following result.
LEMMA 2.3. The family O is compact for the convergence of sets introduced in Definition 2.2.
Proof. The proof follows from the Ascoli~Arzela theorem. [0

LEMMA 2.4. Let Q(a,) — Q(), n - 00, Qa,), Q@) € O, and x,, x be the
characteristic functions of Q(a,), (), respectively. Then

Xe = x inLP(Q) Vpell, ool

where Q is such that Q D Q(a) Ya € U®. In what follows we shall take Q=
10, 20max [ <10, 11.

Another point has yet to be clarified, namely, how to define convergence of functions
belonging to H{(S2()) for different @ € U“. Let Q be the same as in Lemma 2.4.
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Ifve HOI(Q (@) for some o € U, then the function ¥ defined by

¥ = {” in (@), (2.36)

0 inQ\ Q@
belongs to H} (Q) and |7l 5 = IvllLew-

CONVENTION: In the rest of this section the symbol ~ above a function stands for its
extension by zero to SQ.

DEFINITION 2.3. Let v, € H (Q(a)), v € H (Q(@)), on, & € U%, n — o0. We say
that

ve = v iff D> Vin HQ), (2.37)
U=V iff Ty~ TinHY (), n— oo (2.38)

The symbols — and — on the rig\ht of (2.37) and (2.38) denote classical strong and weak
convergence, respectively, in Ho1 ().

As in the previous section, the following continuous dependence type result plays a
key role in the forthcoming analysis.

LEMMA 2.5. Let Q(ay), Q() € O be such that Q(a,) > Q(«) and let u, := u(a,) be
the respective solution to (P(uy)), n ~— 00. Then

Uy — uin Hol(ﬁ), n— 00,
and u(o) := u Q) solves (P(a)).

Proof. The function u,, € Ho1 (22 () being the solution of (P(w,)) satisfies
/ Vu, - Vodx = / fodx Vo € H}((an)), (2.39)
Q,, Qn

where Q, := Q(a,) and dx = iixldxz. Inserting ¢ := u, into (2.39) and using (2.36) we
see that {1i,,} is bounded in H(,1 (€2). Indeed,

~ 12 2 1 ~
[unl] g = lunli g, < I flloallnll -

From this and the Friedrichs inequality in H(} (ﬁ) the existence of a constant ¢ > 0 such
that

Nl g <c VneN (2.40)
follows. One can pass to a subsequence of {&,} such that
#, — uin H} (). (2.41)

We first prove that u g, gy = 0, implying that ujgq) € H} (Q(@)).
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LetX € § \ Q(a) be arbitrary. Smce Q \ Qa)is open, there exists a §-neighborhood
B;s(X) of X such that B;(x) C By;(X) C 9} \ Q(«) and at the same time I'(«,,) C B;(I'(ex))
for n € N large enough, as follows from Deﬁmtlon 2.2. Therefore i, = 0 in Bs(X) so that
u= 0in Bj(x), as follows from (2.41). Since X € Q \ Q(e) is arbitrary we have 4 = 0 in
9} \ Q). To prove that u o) solves (P(x)) we rewrite (2.39) as follows:

ﬁXnVﬁn -Vgdx = _/Axnffzdx Vo € Hy (R(an)), (2.42)
Q Q

where x, is the characteristic function of Q (). Let & € C5°(S2(e)) be fixed. Then &
vanishes in a neighborhood of 32 () so that Elﬂ(an) € C§°(Q(ay)) forn € N large enough
and Elg(a y can be used as a test function in (2.42):

/A XnVily - VE dx = fA Xn fE dx. (2.43)
& &
Passing to the limit with n — ©0, using (2.41) and Lemma 2.4, we easily obtain
/A)(Vu . ngx = /Axfgdx,
9 9

where x is the characteristic function of €2(e). This is equivalent to
/ Vu - -VEdx = f&dx. (2.44)
Q(e) Q(a)

From the density of Cg°(Q2(e)) in HO1 (22(x)), it follows that (2.44) holds for any & €
HO1 (Q(x)); i.e., Q) solves (P(ar)). Thus we proved that any accumulation point u of the
weakly convergent sequence {1, } is such that aew = = 0 and uq(q) solves (P(a)). Such
a function is unique so that not only a subsequence but the whole sequence tends weakly to
u in H0 (Q) Let us prove strong convergence. From the definition of (P(x,)) and (2.41) it
follows that

W= [ alViPdx = [ fldx > [ xuar= [ xvupax =i,
Q Q Q Q

Indeed,

ﬁanﬁndx—ﬁXfudx=ﬁxnf(ﬂn—u)dx
Q Q Q
+fA(xn-x)fudx-—>0, n—00. (2.45)

The first and second integrals on the right of (2.45) tend to zero because of (2.41) implying
#, - uin L*(Q) and the Lebesgue-dominated convergence theorem, respectively. O

REMARK2 .5. Sinceu = Oin Q\Q(a) andu(a) := U|2(a) solves (P(a)), wehaveu = (o)
in §. Thus the statement of Lemma 2.5 can be written in the form

W, — f(e) in H Q).
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From Lemma 2.5 the existence of a solution to problem (IP) easily follows.

THEOREM 2.5. Problem (P) has a solution.
Proof. Denote
q = inf J(u(@)) = lim J(u(o,)),
agl n—00

where {&,}, o, € U%, is a minimizing sequence. Since U ad jg compact in C([0, 1]), one
can pass to a subsequence such that

a, = a*in [0, 1]
and o* € U%. At the same time
(o) — H(a®) in H (),
as follows from Lemma 2.5. This and continuity of J yield
g = lim J(u(@,)) = J@@") = J @)
ie., a*is asolutionof (P). [

COMMENTS 2.3.

(i) The family O = {Q(a) | @ € U**} is a special case of domains satisfying the so-
called uniform cone property. This class of domains possesses a very important
uniform extension property (see Appendix A). Since most of the domains that we meet
in real-life problems belong to this class, we restrict ourselves to them throughout the
book.

(ii) The continuity assumption on J used in the proof of Theorem 2.5 is too strong and
can be weakened. Consider a cost functional J depending on both variables « and
y. The existence of solutions to (P) will be guaranteed provided that J is lower
semicontinuous as follows:

o, S inf0,1], @, o€ U™
Yo =y inHY ), yy € HI Q)
= liminf J (&, Ynjo@,) = /(@ Yiow)- (246)

We now pass to an approximation of (P); i.e., we shall discretize both the admissible
family O and state problem (P(e)), & € U%. We start with the former. The simplest
way would be to take piecewise linear approximations of searched boundaries. This type of
approximation has, however, serious drawbacks, as mentioned in Appendix B. Engineers
prefer to discretize admissible domains by domains that are smooth enough and at the same
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Figure 2.3. Approximation of the boundary.

time are defined by a finite number of parameters. For this reason piecewise spline approx-
imations of I'(r) locally realized by quadratic Bézier functions will be used throughout this
book. For more detail we refer to Appendix B.

Letd € Nbe given; A, : 0 =ap < a; < -+ < ag = 1 be an equidistant partition of
[0,1),a; = i, x=1/d,i =0,...,d; and a;1/> be the midpoint of [g;, a;4;]. Further
let A; = (;,i%), o €R,i =0,...,d,bedesignnodes and A; 12 = §(A; + Ai11) be the
midpoint of the segment A;A;11, i =0,...,d — 1. Inadditionleta_,, = =% Gav12 =
1+ %, A_i2 = (Gao + 3o, a_12), Adey12 = Baa—1 + S, aai12) (see Figure 2.3).
Introduce the sets

U, = {E’,{ eCl(-%,1+ ZD | Soelfai_i2,i4121 18 @ quadratic Bézier function

determined by {A;—1/2, A;, Ais1y2}, i=0,...,d},

U, = ~x|[0,l] = {5, € C}([0,1]) | 35, € U : 5i =S} -

REMARK 2.6. The triple {A;_1/2, A;i, Ait1/2} is termed the control points of the Bézier
function (see Appendix B).

In order to define a family of admissible shapes locally realized by Bézier functions, it
is necessary to specify ; € R defining the position of 4;, i =0, ..., d. With the partition
A, we associate the set Q‘;f C U% of continuous, piecewise linear functions over A,,:

Q% = {a, € C(0,1]) | Coeipay.a1 € Prl@i—i, aD Vi =1,...,d}NU*.  (2.47)
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From the previous section we already know that Q‘jf can be identified with the convex,
compact subset Y C R4*1:

U= [a:(ao,...,ad) e R | ain < 0 < Omax, i =0,...,d;
o1 — ot d-1
<Ly, i=0,...,d~1; %Z(ai +ai) = 2)/] , (248)
b4
i=0
where o; = o, (@), i =0,...,d; a,, € Q.
The family of admissible discretized design domains is now represented by

O, = {Q(s2) | 5, € UX}, (2.49)

where

U = {5, € U, | the design nodes A; = (;,i%), i =0,...,d,
are such that & = (atp, ..., &g) € U}. (2.50)

We now turn to an approximation of (P(w«)). We use the finite element method with
continuous, piecewise linear polynomials over a triangulation of the so-called computational
domain, an appropriate approximation of Q2 (s,.) € O,.. We now describe its construction.
To this end we introduce another family of regular partitions {A,}, & — 04, of [0, 1],
Ap: 0=by < b <--- < bgzy = 1 (not necessarily equidistant), whose norm will be
denoted by k. Next we shall suppose that h — O+ iff 3¢ — 0+. Let r,s,, be the piecewise
linear Lagrange interpolant of s,, on Ap:

Th8e(bi) = $:c(bi) Vi =0,...,d(h);
ThSwcitbyrb) € Prbi1, D) Vi=1,...,d(h).

The computational domain related to 2 (s,,) will be represented by 2 (rys,.); i.e., the
curved side I'(s,.), the graph of s5,, € U2, is replaced by its piecewise linear Lagrange
approximation rys,, on Ay. The system of all Q(745,.), 5,c € U f‘d , will be denoted by O,
in what follows:

Osn = {Qrassc) | 5, € U2} (2.51)

Since Q(rys,.) is already polygonal, one can construct its triangulation 7 (h, s,.) with the
norm # > O (the same as above) and depending on s,, € U%4.

CONVENTION: The domain Q2(r,s,.) with a given triangulation T (h, s,.) will be denoted
by Q4 (s,,) in what follows.

With any € (s,.) the space of continuous, piecewise linear functions over 7 (h, s,.)
will be associated:

Vi) = {vn € C@h(s:)) | vnr € Pu(T), T € T(h, 5.); vp = 0 0n 02 (550 }.



32 Chapter 2. A Mathematical Introduction to SSO

The state problem is discretized in a standard way. For any s,, € U4 fixed, we define
it as follows:

Find u;, := u,(s,.) € Vi(s,.) such that

Pr (s
/ Vup - Vop dx = / fondx Vop € Vi(s,0). (Pals))
Q(55c) Q(55¢)
Finally, the discretization of (P) reads as follows:
Find 5%, € U such that
* ad (Phx)
Jun(s;,) < J(up(ss)) Vs, € U)S,

where u(s,.) is the solution of (P (s,.)). The approximate optimal shape is given by Q2 (s3,).
Next, we shall analyze

o the existence of solutions to (Py,,),
o the relation between solutions of (P) and (Py,.) as h, 3 — 0+.

In order to establish these results, we have to impose additional assumptions on the family
of triangulations {7 (4, s,.)}, h, ¢ = 0+, which are listed below.

We shall suppose that, for any h, 3>r > 0 fixed, the system {7 (%, 5,.)}, s, € U ftd,
consists of fopologically equivalent triangulations, meaning that

(T'1) the triangulation 7 (h, s,.) has the same number of nodes and the nodes still have
the same neighbors for any s,, € U2,
(T2) thepositions of the nodes of 7 (h, s,.) depend solely and continuously on variations
of the design nodes {A;}%,.
For h, 5« — 0+ we suppose that

(73) the family {7 (h, s,.)} is uniformly regular with respect to k, », and s,, € U fj’:
there is ¥ > O such that ¥ (h, 5,.) > B9 Vh, ¢ > 0, Vs,, € U, where #(h, s,) is
the minimal interior angle of all triangles from 7 (4, s,.).

In general boundary value problems, boundaries of designed domains usually consist of
several nonoverlapping parts where different types of boundary conditions are prescribed.
In this case we suppose that

(T4) the family {7 (h, s,.)} is consistent with the respective decomposition of bound-
aries (see Appendix A) for any s,, € U? and for any s, h > 0.

CONVENTION: Throughout the book we shall consider only such families {T (h, s,.)} that

satisfy (T1)—(T4).

As in the previous section one can show that (P,,) leads to the following nonlinear
mathematical programming problem:

Find a* € U such that
Py)

Jge™) < J@g@) Ve cl,
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where g(a) € R” is the unique solution of a linear algebraic system
K(a) g(a) = f(a), (P(a))
U is defined by (2.48), and J is the algebraic representation of J.

REMARK 2.7. From (71) it follows that n = dim V}(s,.) does not depend on s,, € U f‘d or
equivalently on e € U/. The elements k;; () and f; (e) of the stiffness matrix K () and the
force vector f(a), respectively, are given by

k,~,-(oz)=f Vi - Vo;dx, f,-(a)=/ foidx, i,j=1,...,n,
Qp(55) Q

5 ($3¢)

where {¢;}7_, is the Courant basis of V4(s,,).
A simple but important consequence of assumptions (7°1) and (72) is the following.

LEMMA 2.6. Let (T'1) and (T2) be satisfied. Then the mapping
K:a— K@), aecl,

is continuous.

Proof. Let {Nj};!=1 be the set of all the interior nodes of T'(h, 5..), N; = (x1(j), x2(j)).
Then from (771) and (72) it follows that

Ny=®;(@), j=1,...,n, Yaell, 2.52)

where ®; : Y — R? are continuous functions. Let ¢; € Vi(s,.) be the Courant basis
function associated with the node N, i.e., ¢;(N;) = §;;, where §;; denotes the Kronecker
symbol. Finally, let T € T'(h, s,.) be a triangle sharing N; as one of its vertices and let
N;, N be the remaining vertices. It is known that

a() @) |1 (|1 md),
() @ T n®!TT L k)|
- 2measT

and

L x1(@) x0)
L () x(p)
1 xi1(k) xa(k)

meas T =

N -

From this and (2.52) we see that
@iir = ai(@)x1 + bi(a)x2 + c;(a), (2.53)

where the coefficients a;(e), b;(e), and c;(e) are continuous functions of « in {. Thus
@i|r and V,@; r are continuous functions of & € U. Since meas T depends continuously on
a, we easily deduce that

kij :ozl—-»k,-j(a), aecl,

is a continuous mapping forany i, j=1,...,n. 0O
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Suppose now that the right-hand side f is continuous in Q. The elements of the force
vector f will be computed using the following simple quadrature formula:

fT foidx ~ meas Tf(Qr)pi(Qr), 2.54)

where Q7 is the center of gravity of T'. Then one has the following result.

LEMMA 2.7. Let (T'1) and (T2) be satisfied, f € C (75), and the force vector f(a) be
computed by means of (2.54). Then the mapping f : a — f(et), a € U, is continuous.

REMARK 2.8. If f(«) were computed exactly, i.e., no numerical integration were used, then

the assertion of Lemma 2.7 would be true even if f ¢ C(?Zz). From the analysis presented
above we also see that if the mappings ®;, i = 1, ..., n, from (2.52) belonged to the class
C* for an integer ¢, then the respective coefficients a; (et), b;(a), and ¢; (er) in (2.53) would
share the same smoothness property and the mapping K : « +— K (o) would preserve the
C*-regularity. The same holds for the mapping f : & — f(a) provided that f is smooth

enough in Q.
From Lemmas 2.6 and 2.7 we easily get the following continuity type result.

LEMMA 2.8. Let all the assumptions of Lemmas 2.6 and 2.7 be satisfied. Then there exists
a constant ¢ > 0 such that

lig(e) — g(B < c{IK (@) — KB)Il + 1I.f (@) — F(B)I} (2.55)

holds for any o, B € U, where q(at), q(B) are solutions of (P(a)), (P(B)), respectively.
An easy consequence of Lemma 2.8 is the following.

THEOREM 2.6. Problem (P;) has at least one solution.

Proof. Since the composite mapping & — g(a) — J(g(a)) is continuous in U, as follows
from (2.55) and continuity of .7, and I/ is the compact subset of R**1, the existence of a
minimizer follows from the classical result of the calculus of variations. [

Next we shall pay attention to the convergence analysis. We start with two auxiliary
lemmas, which will be used in subsequent parts.

LEMMA 2.9. Let s,. € U%. Then s,. € W>*([0, 11) and

(1) omin < $2c(x2) < omax  VYx2 €10, 1];
@) |s,, (x| < Lo VYxp €[0,1];
(iii) the segment A;A;y. is tangent to the graph of s,. at Aijp1p2, i =0,...,d — 1;



2.2. A model optimal shape design problem 35

(iv) the graph of s\, ‘= Sujia_ipan) € CONV{Ai_1y2, Ai, Aiv12} = the convex hull
of {Ai—1)2, A, Aiyip) fori = 1,...,d — 1 with the following modifications for
i=0,d:

Sy "= Sxlag,arz) € CONV{A_12, Ag, A1p2},

X®& xe

83 = Sscllag1pp.aq) € CONV{Ad_12, Aa, Adt1p2}s
(V) there exists a constant ¢ > 0 that does not depend on 3, h, and s,. € U ;‘i such that
7285e = Sscllcqonpy < ch, b — 0+;

(vi) there exists a constant ¢ > O that does not depend on » and s,, € U f,d such that

1
/ Sic(x2)dxy — y’ < cx, #x— 0+,
0

where otyin, Omax, Lo, and y are the same as in the definition of U%,

Proof. The fact that s, € W2°([0, 1]) is straightforward, as are (i)—(iv), which follow from
the basic properties of Bézier functions (see Appendix B). The error estimate (v) follows
from (ii) and

I7n8: — Ssellcqo,y < chllssllcrqo,1y < ch.
It remains to prove (vi). Let a,, € Q% be the piecewise linear function determined by the
designnodes A;, i =0,...,d. Then

"Sx - ax"C([a;,aH.l]) < C%”sxllcl([a,-,aiﬂ]) <ecx, 1=0,...,d—-1, (256)

as follows from (ii) and the fact that a5, 4,,,) is tangent to s, at A;1,2. From this, (vi)
easily follows. Indeed,

1 1
‘ /0 55 (x2) dxy — y‘ < fo §830(x2) — at5e(x2)] dx2

A=l g,
=) f |5,0(x2) = 0oe(02)| Xy < 3¢, 36— 0 +.
=0 a;

O

The next lemma collects the basic properties of the system {O,.}, s = 0+. Recall
that O, = {Q(s,) | 55 € U%}.

LEMMA 2.10. It holds that

(i) there exists a system o of domains, compact with respect to convergence, introduced
in Definition 2.2 such that
O0,CO Vx>0
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(ii) for any sequence {2(s,.)}, Q(s,) € O,,, 3¢ — 04, there exist its subsequence and
an element Q2 (o) € O such that

Q(s,) > Qa), x— 04
(iii) for any Q2(a) € O there exists a sequence {(s,.)}, 2(s;.) € O,,, such that
Q(s;) > Q@), x— 0+
@iv) if Q2(s,) > Q(a), 3 — 0+, then
Qrps,) —> Q@), h, x—> 0+.
Proof. Since the constant area constraint is slightly violated by functions s,, € U%, as
follows from Lemma 2.9(vi), we see that O,, ¢ . On the other hand, omitting this
constraint in the definition of O and keeping all the remaining parameters unchanged,
we obtain a new family O possessing the compactness property as stated in (i). From
Lemma 2.9(1)—(i) it follows that O,, € O Vi > 0.

Let {Q2(s.0)}, Q(sx) € O,,, be given. Then from (i) it follows that there exists its
subsequence and Q () € O such that

Q) = Qa), »—>0+.

From Lemma 2.9(vi) we see that fol a(xy) dx; = y, meaning that Q(a) € O;i.e., (ii) holds.
Let@ € U* be given. Then there exists a sequence {@,.}, @, € Q% (see Problem
2.2), such that

o,=o in[0,1], x—>04. 2.57)

With any @, we associate auniques,, € U2 defined by the design points A; = (@,.(a;), i %),
i=0,...,d. Then

155 — @llcqop < 155 — @cllcqo,1ip + s — @llcgoy — 0,

as follows from (2.56) and (2.57), proving (iii).
Finally, (iv) is a direct consequence of Lemma 2.9(v). [0

The following continuity type result for approximate solutions is important in the
forthcoming convergence analysis.

LEMMA 2.11. Let s, 3 @ in[0, 1], 3 — 0+, s, € U¥, a € U, and u, = uy(s,.) be
a solution to (Py(s,.)), h — 0+. Then

Up(s,) = uin Hol(ﬁ), h, % — 0+,

and u(a) := u Q) solves (P(a)).

Proof. Using the same approach as in Lemma 2.5 one can show that {||, |, &} is bounded
so that

iy — win H} Q) (2.58)
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holds for an appropriate subsequence and u € Ho1 (ﬁ). Sincerys,, = «in[0, 11ash, » —
0+ we easily get that u = 0 in Q \ Q(a) so that u(@) := ujq@) € H}(S(e)). This can be
proved just as in Lemma 2.5. We now show that u(a) solves (’P(oz)) Let § € CP(Q(a))
be given and &, be the piecewise linear Lagrange interpolant of $|gh (s,) on T (h, s,,) For
h, » > 0 small enough, the graph of r;s,. has an empty intersection with supp§ This
means that &, € V},(s,.) and it can be used as a test function in (Py(s,.)). In addition,

1€ — Ellwroo@ = NEn — & llwioo@y i < ChIE 2@y, (2.59)

where ¢ > 0 is a constant that does not depend on A, s, and s,,, as follows from the well-
known approximation results and the uniform regularity assumption (7°3) on {7 (h, s,.)}.
Finally,

Xnse = x 0 LP(Q) Vp e [1, 00l h, 3 = 0+, (2.60)

where x5, and x are the characteristic functions of Q(s,,) and Q(«), respectively. The
definition of (Py(s,.)) yields

ﬁthVﬁh : Vgh dx = ./;thfgh dx.
Q Q

Passing here to the limit with s¢, # — 0+ and using (2.58), (2.59), and (2.60) we obtain
ﬁxVu . ngx = ﬁxfgdx;
Q (9}
i.e., ujQ(q) is the solution of (P(c)). Smce (P(«)) has aunique solution, the whole sequence
(i (s,.)} tends weakly to u in H0 (SZ) Arguing as in Lemma 2.5, one can prove strong
convergence. [

On the basis of this lemma we have the following result.

THEOREM 2.7. Let {(s%, uy(s%))} be a sequence of optimal pairs of (Py,.), h — 0+. Then
one can find a subsequence of {(s},, un(s3,))} such that

st 3a* inf0,1], (2.61)
WhGE) > u* in H(Q), h, % - 0+, (2.62)

where (o*, u*|Q@+y) is an optimal pair of (P). In addition, any accumulation point of
{(s,, un(sy))} in the sense of (2.61), (2.62) possesses this property.

Proof. Leta € U be arbitrary. Then there exists a sequence {5,.}, 5,. € U2, such that
(see Lemma 2.10(iii))
S, =2a in{0,1], »x— 0+,

and

W@ > 7 in H®), h, x— 04+, (2.63)
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where u(@) := g solves (P()), as follows from Lemma 2.11. From Lemma 2.10(ii)
it follows that one can pass to a subsequence of {s}.} such that

sr.=a* inf0,1], »x— 0+,
and
UhGsE) > u* in HI@Q), h,x— 0+, (2.64)

where u(e*) := u*g@+) solves (P(a*)), applying Lemma 2.11 once again. Using the
definition of (IP,.) we have
J(un(s},)) < J(up(5)).

Letting h, 3 — 0+, using (2.63), (2.64), and continuity of J, we arrive at
J(@")) < Ju@) YaeU». 0

2.3 Abstract setting of sizing optimization problems:
Existence and convergence results

The aim of this section is to give an abstract formulation of a large class of sizing optimization
problems and their approximations. We present sufficient conditions under which they have
at least one solution and discretized problems are close in the sense of subsequences to the
respective continuous setting. We shall follow ideas used in the particular sizing optimization
problem studied in Section 2.1. However, in view of other possible applications, we shall
consider a more general class of state problems given by variational inequalities.

Let V be a real Hilbert space, || - || its norm, V' the dual space of V with the norm
Il - I+, {-, -} the duality between V' and V, and K C V a nonempty, closed, and convex set.
Let U be another Banach space and U%¢ C U be its compact subset, representing the set of
all admissible controls. With any e € U®? we associate a bilinear forma, : V x V — R.
Next we shall suppose that the system {a,}, e € U4, satisfies the following assumptions:

(A1) uniform boundedness with respect to U%:

AM>0:  |a(y, )| < Mlylllvl VYy,veV, Vee U™
(A2) uniform V-ellipticity with respect to U®*:
Je>0: a.(v,v)>alv)*> YveV, Vee U,
(A3) symmetry condition:
a.(y,v) =a.(v,y) Vy,veV, Yeec U™,
For any e € U%? we shall consider the following state problem:

Find u := u(e) € K such that
{ (P(e))

a.(u,v—u) = (f,v—u) Vvek,



2.3. Abstract setting of sizing optimization problems 39

where f € V' is given. From (A1) and (A2) it follows that (P(e)) has a unique solution
u(e) for any e € U% (see Appendix A). Finally, let J : U x V — R be a cost functional.
An abstract sizing optimization problem reads as follows:

Find * € U* such that ®
J(e*, u(e®)) < J(e,u(e)) Vee U™,

where u(e) solves (P(e)).

In order to guarantee the existence of solutions to (), we need additional continuity
assumptions on the mappings a : € > a,, J : (¢,y) = J(e, y), e € U,y € V. Next we
suppose that

(A4) e, > einU, e,,e € U

= sup lae, (¥, v) — a.(y,v)| = 0, n — o0;
Iyl =1

vl <1
(AS) y, > yinV, e, > einU, e, e c U¥
= liminf J(e,, y») = J(e, y).
n—>oo
REMARK 2.9. Assumption (A3) is not necessary but it simplifies our presentation. As-

sumption (A4) can be equivalently expressed in a more explicit form. Let A(e) € L(V, V')
be the mapping defined by

(A(@)y, v) = a.(y,v) Vy,veV, Vee U™,
Then (A4) is equivalent to saying that
(A6) e, — einU, e,,e € U = A(e,) = A(e) in L(V, V).

This form of the continuous dependence of a, on e will be used in what follows.

We start our analysis by proving that the mapping u : e > u(e), where e € U* and
u(e) solves (P(e)), is continuous. As we already know, this property plays a major role in
the existence analysis.

LEMMA 2.12. Suppose that (A1)~(A4) are satisfied. Let e, — e in U, e,, e € U%, and
uy := u(e,) € K be a solution of (P(e,)), n = oco. Then

u, >ule) inV, n-— oo,

and u(e) solves (P(e)).

Proof. Let us fix ¥ € K. Then, from the definition of (P(e,)), (A1), and (AZ), it follows
that

a"unuz =< ae,,(uns up) < Ae, (Wn, V) + (f, up — V)
< Mllun|HITl + 0 S s (unlt + 171D,
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implying the boundedness of {u,}:
dc=const. >0: Ju,|<c VneN (2.65)
One can pass to a subsequence of {u,} such that
u, —u inV, n— oo. (2.66)

Let us show that u solves (P(e)). The convex set K, being closed, is weakly closed, so that
u € K, as follows from (2.66). From the definition of (P(e,)) we have that

lim a,, (U, v —u,) = lim (f,v—u,) Vvek 2.67)
n—>00 n—-oo

provided that both limits exist. From (2.66) we see that

Hm (f, v —u,) = (f, v — u). (2.68)

n—>00

The evaluation of the limit on the left of (2.67) is not so straightforward. We first prove that

im a, (s, v) = a.(u, v) (2.69)

holds for any v € K. Indeed,

|ac, (Un, V) — ae(u, V)| = [(Alen)un, v) — (A(e)u, v)|
< [{A(en)un, v) — (A(e)un, v)| + [{A(Qun, v) — (A()u, v}
< lAlen) — A@lcv.vollunlllivll + [{un — u, A(e)v)| - 0, n — o0,

making use of (A3), (46), (2.65), and (2.66).
Next we show that

li)ngo(A(e,,)un, u, —u)=0. 2.70)

Inserting v := u into (P(e,)) we obtain

lim sup{A(e,)uy, u, —u) < limsup(f, u, —u) = 0. 2.71)

n—oo n—>o00
On the other hand,
liminf (A (e,)un, u, — u) > liminf(A(e,)u, u, — u)
n—>o00 n—>00
= lim inf {{u, A(e,)u,) — (u, Ae,)u)}
n—oo
= (u7 A(e)u) - (ua A(e)u) = 09

taking into account (A3), (A46), and (2.69). From this and (2.71) we arrive at (2.70). Using
(2.69) and (2.70) we see that

nlggo(A(en)un, Up) = (A(eu, u).
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From this, (2.67), (2.68), and (2.69) it follows that the limit element u € K satisfies
a,(u,v—u)={f,v—u) YveKk;

i.e., u solves (P(e)). Since u is unique, the whole sequence {u,} tends weakly to # in V.
Strong convergence of {u,} to u(e) := u now easily follows:

allun — ull®* < (Alen) Uy — ), u, — u)
= {A(en)tn, up — u) — (A(ep)u, up, —u) - 0, n - 00,

taking into account (A6), (2.66), and (2.70). 0O
We are now ready to prove the following existence result.

THEOREM 2.8. Let U% be a compact subset of U and let (A1)—(A5) be satisfied. Then
(P) has a solution.

Proof. Let {e,}, e, € U*, be a minimizing sequence of (P):

= ulmlf J(e, u(e)) = lim J(ey, ulen)). (2.72)
ecljad n->00

Since U%? is compact, one can find a subsequence of {e,} and an element e* € U%¢ such
that
e, = e*inlU, n-— oo.

From the previous lemma we know that
u(e,) »> u(e) mV, n-— oo,

where u(e,), u(e*) are solutions of (P(e,)), (P(e*)), respectively. This, (2.72), and lower
semicontinuity of J yield

q = liminf J (e, u(e,)) = J(e*, u(e*)) > gq;
n—>o0
ie., e* is a solution of (). 0O

We now pass to an approximation of (P). Let & > O be a discretization parameter
tending to zero (for example, 2 mesh norm in finite element methods). W1th any k > O finite
dimensional spaces V, C V, U C U will be associated. The symbol U stands for another
Banach space such that U C U. The reason for introducing Uis simple: sometimes it
is more convement to work with approximations of U°? that do not belong to the original
space U (cf. U given by (2.32), which is a subset of U= L*®(I),butnotof U = C(1)).
The nonempty, closed, convex set K will be approximated by nonempty, closed, convex
subsets K, C Vj, not necessarily being a part of X, i.e.,, K, ¢ K in general. Similarly,
the set of admissible controls U% will be replaced by compact subsets U4 C Uy. Again,
we do not require that U4 C U®?! Next we shall suppose that the bilinear forms a, are
also defined for any e € | J,., U?®. The state problem will be approximated by means of
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a Galerkin type method on Ky, using elements of U as controls. Thus, for any e, € U2
we define the following problem:

Find uy := up(ep) € Ky such that
(Pr(en))
A, (U, Vp — Up) = (f, v — un) Vv € K.
The approximation of (P) is now stated as follows:
Find e} € U2? such that @)
J(€, un(e}) < J(en, un(er)) Ven € U4, ’

where uy (e,) solves (Pp(ep)). In what follows we present an abstract convergence theory;
i.e., we shall study the mutual relation between solutions of (P) and (P,) as h — 0+-.
To this end we shall need the following additional assumptions:

(ADp 3M > 0: g, (3, v)l < Mlylilwll Vy,veV, Ve el JUi
h>0

(A2), 3T >0: a,(,v) 2 &> YveV, Ve e| U
h>0

(A3) a0, (3, V) = a,,(v,y) Yy,veV, Ve e|JU
h>0

(Ad), e, - einlU, e, e UM, e e UM

=> A(ep) = A(e) in L(V, V'),

(A5, Yve K 3w}, vwe Ky vy —>vinV;
(A6), v, =~ vinV, v, €K, = veKk;
(AT Ye € U ey}, e € U ey — einU;

(A8), for any sequence {e;}, e, € U ,‘,‘d, there exists its subsequence and an element
e € U suchthatey, — e in U;

(A9), e — einU,y, —> yin V, where e, e U™, e c U, y, € Vs, ye V

= lim J(ep, yp) = J(e, y).
h—0+

COMMENTS 2.4.

G If U = U and U,‘,’d cvu %d yp > 0, then assumptions (A1),—(A4), follow
from (A1)—(A4)and M = M, & = «;
(ii) (AS5);, and (A7), are standard density assumptions;
(iii) If Ky ¢ K Vh — 0+, i.e., K, is the so-called inner approximation of K, then (A6);
is automatically satisfied;
(iv) (A8); is a compactness type assumption.
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The convergence analysis starts with the following auxiliary result.

LEMMA 2.13. Let (Al)h—(AQh be satisfied and {ey}, e, € UP®, be a sequence such that
e, >ecU* h— O+, inU. Then

up(ep) > u(e) inV, h— 0+,
where uy(ey), u(e) are the solutions of (Py(en)), (P(e)), respectively.

Proof. We first prove that the sequence {uy}, up = up(ep) € Kp, is bounded in V. Let
7 € K be a fixed element. From (AS);, the existence of {v;}, Uy € K}, such that

v,—>v inV, h-—> 0+, 2.73)
follows. From the definition of (Py(ep)), (A1), and (A2); we have

Glunll? < ao, (un, up) < ae, (Un, Up) + (f, un — Up)
< Mllunl©all + I £ s (s ll + 11T8 1),

implying the boundedness of {u;}. Therefore one can pass to a subsequence of {uy} such
that

up—u inV, h—->0+. (2.74)

From (.A6);, it follows that u € K. Next we show that u solves the limit problem (P (e)).
Letv € K be an arbitrary element and {73}, T € Kj, be a sequence satisfying (2.73).
Then from the definition of (P (ey)) it follows that

g, (Un, Up — up) = (f, Up — un). (2.75)
Passing to the limit with # — 0+ and using (2.73) and (2.74) we obtain
(£, —up) > (f,v—u), h—>0+. (2.76)

We now pass to the limit on the left of (2.75) by modifying the approach used in the proof
of Lemma 2.12. It is easy to show that

lim a,, (s, Vp) = a.(u, 7). Q.77
h—>0+

Indeed,

e, (Un, Dp) — ac(u, v)| < |{Aler)un, vn) — (Aledun, vp}|
+ [{A(e)un, vp) — (A(e)u,v)| = 0, h —> 0+,

as follows from (A4),, (2.73), and (2.74). Also the analogy with (2.70) remains true:

lim (A(ep)up, up —up) =0 (2.78)
h—>0+
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holds for any sequence {u#,}, uy € Ky, such that @, — u, h — 0+, whose existence
follows from (A5), implying that

lim a,, (up, up) = a.(u, u)
h—0+

and consequently
lim a,, (un, Op —up) =a.(u, v —u).
h—0+

From this and (2.76) we conclude that
a,(u,v—u) = (f,v—u) YveKk;

i.e., u(e) := u solves (P(e)). Since u(e) is unique, the whole sequence {u;} tends weakly
to u(e) in V. It remains to show strong convergence. Let {&t,}, &, € Ky, be a sequence
such that

up, > u(e) inV, h—->0+. 2.79)
Then

~ — 2 — —
allup —upll® < ae,(un — up, up, — up)
< {f,up —up) — a, Uy, up —up) > 0, h — 0+,

as follows from the definition of (Py(ez)), (2.74), (2.77), and (2.79). From this and the
triangle inequality we arrive at the assertion. [

On the basis of the previous lemma, we prove the following convergence result.

THEOREM 2.9. Let (A1),—(A9); be satisfied. Then for any sequence {(e}, ur(e}))} of
optimal pairs of (Py), h — 0+, there exists its subsequence such that
et > e inU,
NP . (2.80)
uhj(ehj) —>u(e®) inV, j— oo

In addition, (e*, u(e*)) is an optimal pair of (P). Furthermore, any accumulation point of
{(e;, un(e;))} in the sense of (2.80) possesses this property.

Proof. Lete € U* be an arbitrary element. From (A7), the existence of a sequence
{en}, e € U, such that _
epn—e inU, h— 0+,

follows. Using (.A8); one can find a subsequence {eZl_} of {e}} such that
e;j —>eteU™ inU, j — oo.
At the same time

up,(ep) = u(€), up(en,) >u@ iV, j-— oo,
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where u(e*), u(e) are solutions of (P(e*)), (P(e)), respectively, as follows from
Lemma 2.13. The definition of (Py,) yields

J(ey,, un; (e )) < J(en,, un;(er)) VjeN (2.81)

Letting h; — 0+ in (2.81), using previous convergences of {(e,*;j, Up, (e;j))}, {(en;, un,(ex, N},
and (A9);, we may conclude that J(e*, u(e*)) < J(e,u(@) Yee U%. O

REMARK 2.10. It would be possible to consider more general approximations of (P) in
which the bilinear form a, the linear term f, and the cost functional J are replaced by
suitable approximations ax, fj, and Jj, respectively. Such approximations in practical
applications occur when a numerical integration is used for the evaluation of integrals
defining a, f, and J. In this case one can also formulate sufficient conditions on the
families {a}, {fx}, and {J5} under which the continuous and discrete problems are close
in the sense of subsequences.

2.4 Abstract setting of optimal shape design problems
and their approximations

In contrast to sizing optimization, when control variables appear in coefficients of differential
operators, the situation in shape optimization is different and more involved: this time
domains themselves, in which state problems are solved, are the object of optimization.
Two basic questions immediately appear, namely how to define convergence of sets and
convergence of functions with variable domains of their definition. We have already met
and solved these problems for the particular example in Section 2.2. Convergences of sets
and of functions defined in variable domains, however, can be introduced in many different
ways, depending on the type of state problems we consider. For this reason we shall not
specify any particular choice of these convergences in the abstract setting.

Any formulation of the problem starts with introducing a family O of admissible
domains; i.e., O contains all possible candidates among which an optimal one is sought.
The choice of O depends on the particular problems that we solve. It should reflect all
technological constraints characterizing the problem. Further, let O be a larger system
containing O. The reason for introducing O will be explained later on in this section.

Let {Q2,}, 2, € O, be a sequence and 2 € O. We first define a rule that enables us
to say that {€2,} tends to 2. This fact will be denoted by

Q5 Q n-oc. (2.82)
Next we shall suppose that the convergence g satisfies the following (very natural) as-
sumption:
For any subsequence {2y, } of {2} satisfying (2.82) it holds that

Q3 Q, ko oo (2.83)

i.e., any subsequence of the convergent sequence tends to the same element as the original
one.
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With any @ € O we associate a function space V(£2) of real functions defined in €2.
Next we introduce convergence of functions belonging to V(€2) for different Q@ € O. In
particular, if {y,}, y» € V(R,), Qn € (’) andy € V(Q), Q € (’) we have to specify
convergence of {y,} to y:

Vi~ Y. (2.84)

We use the notation ~_in order to distinguish this convergence from standard ones in the
space V(2) with Q2 € 14] being fixed. Again we suppose that abstract convergence (2.84)
satisfies an assumption similar to (2.83):

For any subsequence {yy,} of {y»} satisfying (2.84) it holds that
Yn Y, k= o0, (2.85)

Inany Q € O we solve a state problem. In this way we define a mapping u that with
any £ € O associates an element #(2) € V() that is the solution of a partial differential
equation (PDE), inequality, etc., describing the behavior of a physical system represented
by Q:

u:Qeu(Q eV, Qe0. (P())
CONVENTION: Throughout this book we suppose that (P(S2)) has a unique solution for any
QeO.
Let G be the graph of the mapping (u4(-)) restricted to O; i.e.,
G ={(Q,u() | Qe O}

Finally,let J : (2, )~ J(2,y) € R, Q€ 5, y € V(R2), be a cost functional.
An abstract optimal shape design problem reads as follows:

Find Q2* € @ such that
{ ®)

J(*5, u(2M)) < J(Q,u(Q)) Ve O,
where u(2) € V() solves (P(2)).

The existence of solutions to (IP) will be ensured by an appropriate compactness
property of G and lower semicontinuity of J. Next we shall suppose that

(B1) (compactness of G)
for any sequence {(Q,,u(2,))}, (R, u(Q,)) € G, there exists its subsequence
{(Qy,, u(2,))} and an element (2, u(2)) € G such that

QS Q,
w(Qy,) ~ u(Q), k— oo;

(B2) (lower semicontinuity of J)

2,39, 9, e

== liminf J(Qn, ) = J(, ).
Yn Y, Yu € V(2y), y € V(Q2) nmoe
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REMARK 2.11. Convergences of sets and functions in (B1), (B82) are understood in the
sense introduced above. The usual way of verifying (B1) is as follows: we first prove that
O is compact in O; i.e., for any sequence {2,.}, 2, € O, there is a subsequence {£2,, } and
an element € O such that

Q3 Q k> 0. (2.86)

Next we show that solutions u(£2) of (P(§2)) depend continuously on variations of 2 € O:

239 92,90 = u@) ~ uQ).
This together with (2.86) implies (531).

We are now ready to prove the following result.
THEOREM 2.10. Let (Bl), (B2) be satisfied. Then (P) has at least one solution.

Proof. Denote
g := inf J(,u()) = lim J(2,, u(2,)),
QeO n—o00

where {Q,}, Q, € O, is a minimizing sequence of (P). From (B1) the existence of
{(S2ys (20, ))} T {(2n, u(2,))} and (2%, u(R2*)) € G such that

an 9) Q*y
u(Qy,) ~ u(Q*), k- oo,
follows. From this and (182) we atrive at

q = lim J(Q,, u(Q2,)) = liminf J(Q,,, u(Qn,)) = J(Q*, u(Q");
n—o0 k—o00
ie., (%, u(2*)) is an optimal pair of (). 0O

We now turn to an abstract formulation of approximations of (). We shall follow
the same ideas used in Section 2.2 when approximating the particular problem. Two types
of discretized domains will be introduced: discrete design and computational domains.
The boundaries of discrete design domains are usually realized by smooth piecewise spline
functions (for example, Bézier curves). The optimal discrete design domain is the main
output of the computational process on the basis of which a designer makes decisions.
On the other hand, computational domains represent an auxiliary tool that simplifies the
numerical realization of state problems. If, for example, standard straight finite elements for
the approximation of (P(£2)) are used, computational domains are represented by polygonal
approximations of discrete design domains where all computations will be performed.

Let sc > 0 be a discretization parameter and n(3r) be the number of parameters
defining the shape of discrete design domains €2,,. For sz > 0 fixed, the set of all admissible
discrete design domains will be denoted by O,,. We shall suppose that the number n(s) is
the same for all Q,, € O,,, 3 > 0 fixed, and O,, C O for any 3 > 0 but not necessarily
0, CcO.
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T(h, k)

2, (Q20)n

Figure 2.4. Design and computational domains with triangulation.

REMARK 2.12. Due to the presence of complicated constraints appearing in the definition
of @, it is sometimes difficult to construct O,, as a subset of O. Some cc~)nstraints fors >0
given might be violated. For this reason we introduced a larger system O. Any O,,, » > 0,
can be viewed as an external approximation of 0. We shall formulate assumptions under
which the gap between O and O,, disappears when s — 0.

With any Q,, € O, we associate in a unique way a computational domain (£2,.)x,
where h := h(3¢) > 0 is another discretization parameter such that there exists a one-to-one
relation between h and ¢ such that

h—> 0+ << »—>0+.

In other words, from the knowledge of €2,. one can construct (£2,.), and vice versa. To
clarify—if computational domains (£2,.) are realized by polygonal approximations of €2,.,
then # is related to the number of sides of the respective polygonal domain approximating
2, and also to the norm of a triangulation 7T (h, 5) of (£2,.), used for the construction of
finite element spaces (see Figure 2.4). Instead of (Q,), we shall write Q. in brief. The
set of all computational domains corresponding to O,, will be denoted by O,.. In what
follows we shall also suppose that O,., CO for any 3 > 0, h(s0) > 0.

With any 2, € O, a finite dimensional space V;(Q,4) C V(S2,.,) will be associ-
ated. We shall suppose that dim V(2,4 is the same for all Q. € Oup, b, » > 0 fixed.
Since both @, and O,.;, belong to O, the same convergences of sets and functions as before
can be used. Finally we define a mapping

up 2 Qsen > un(82500) € Vi(Qsen) Pr(Qsc1))

associating with any Q,., € O, a unique element uj, (2,.) from V3 (£2,.,) and defining an
approximation of the state problem.
Thus, starting from €2,, € O,., we have the following chain of mappings:

Qs > Qo > up(San) > T (e, Un(2en))-
The approximation of (P) reads as follows:

Find Q}, € O, such that
{ § § (Phu)

J (2 un () < T (e, un () Van € O
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The set 2}, will be called the optimal computational domain, while Q%,, which can be
reconstructed from Q7 ,, is termed the optimal discrete design domain.

Solutions to discrete state problems are available only on computational domains so
that only these can be used when evaluating J. From what has been said before, however, it
follows that not the optimal computational but the respective optimal discrete design domain
is of primary interest.

CoNVENTION: By a solution of (Fy,.) we understand 2%, corresponding to Q. An optimal
pair of (Pr,.) will be denoted by (2},, up(2},,)) in what follows.

Next we shall analyze convergence properties of (Py,.) as s, h — 0+. To this end
we introduce the following assumptions on approximated data:

(Bl),, ¥Q e O 3(Q,.}, Q.. € O,,, such that
Q.39 ad 9.43Q, hx— 0+

(B2),, for any sequence {Q2,.}, Q.. € O,,, there exists a subsequence {Q2,.} and an
element Q € O such that

Q.,3Q and Q.4 > Q,
up; (25¢;n,;) ~ u(82), j — 00;

(33)’{ Qxh '9) Q: Qxh € Oxh, Qe O}
Up(S25en) ~> u(§2)

= J(Quen, up(Qsn)) = J(Q,u(R)), 2,h—>0+.

COMMENTS 2.5.

(i) (Bl),, is the density type assumption for the systems {O,.}, {O,.]} in O. In addition
it says that if {2,,} tends to Q € O, then {2,.]} tends to the same element.

(ii) (B2),, is the compactness type assumption saying that the limit pair (2, u(R2)) € G.
(iii) (B3),. is the continuity property of J.

We conclude this section with the following result.

THEOREM 2.11. Let (B1),—~(B3),. be satisfied. Then for any sequence {(S2%,, un (2}, )}
of optimal pairs of (Py,.), h — 0+, there exists its subsequence such that
« O s
2, = (2.87)
“h,-(Q:jh,-) ~u(QH, j— oo

Inaddition, (Q*, u(2*)) is an optimal pair of (P). Any accumulationpoint of {(S2%,, up(275,,))}
in the sense of (2.87) possesses this property.
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Proof. From (B2),, it follows that there exists a subsequence {QL} } of {2}, } and an element
* € O such that
Al

i

(2.88)
Up, (Q:jhj) ~ u(Q), j— oo

Let € Obe arbitrary and {5,,}, ﬁu € O,,, be a sequence such that

3.3 8.
The ex1stence of such a sequence follows from (B1),,. Applying (32),, once again to the
sequence {(Q,{h, up (Q,‘h))} we have a similar result to (2.88) with Q,{ , Q% »,; instead of
1949 QL By respectively. (Observe that due to (2.83) and (2.85) we can take the common

ﬁlter of indices {5¢;, h;} for which all these convergences hold true.) The rest of the proof
now easily follows from the definition of (Pp, ,,):

T, 5, un; (2, 5.))) < T @y, (o) ).
Passing to the limit with 4, 3r; — 0+ and using (B3),, we arrive at
T, w(2") < J(&, u(®).

Since § € Oisan arbitrary element we see that (2%, #(£2*)) is an optimal pair of (PP). From
the proof it is also readily seen that any accumulation point possesses such a property. [

REMARK 2.13. It would be possible to consider the case in which both the computational
and discrete design domains coincide.

2.5 Applications of the abstract results

2.5.1 Thickness optimization of an elastic unilaterally
supported beam

This section presents an example of sizing optimization with a state variational inequality.
We shall prove the existence of a solution to this problem and analyze its approximation by
using the abstract results of Section 2.3.

Let us consider the same elastic beam of variable thickness e, subject to a vertical
load f, as in Section 2.1, with the following minor change: the deflection u of the beam is
now restricted from below by a rigid obstacle described by a function ¢ € C(I) (we use the
notation of Section 2.1). We want again to find the thickness distribution e € U%, with U%?
defined by (2.3), minimizing the compliance (2.1). The state problem is now represented
by the following elliptic inequality:

Find u := u(e) € K such that

/ peu"' (W —u"ydx > f flv—uwydx Yvek, (Pl
1
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where
K={veH}I)|v=ginl).

Next we shall suppose that ¢(0) < 0, ¢(¢) < 0, implying that X is nonempty. It is readily
seen that X is a closed, convex subset of H&(I ). Furthermore U%¢ is a compact subset of
U = C(I), as follows from the Ascoli~Arzela theorem.

The thickness optimization problem reads as follows:

Find ¢* € U* such that
J(u(e") = min J(u(e)), ®)
eclUad

where u(e) € K solves (P(e)).
We prove the following result.

THEOREM 2.12. Problem (IP) has a solution.

Proof. We use Theorem 2.8. Clearly (A1), (A2), (A3), and (A5) are satisfied. Let us
check (A4):

3 3
sup /ﬂ(en — &)y dx| < Bl el — Ellcay = 0
1

Iyll2,r<1
lvliz, <1

asn — oo, provided e, S einl, e,,e € U ad The existence of a solution to (P) now
follows from Theorem 2.8. [

Let us pass to the approximation of (P). The convex set K will be replaced by
Kp={vw € Vp | vp(a)) 2 @(a), i=1,...,d -1},

with V;, as in (2.16); i.e., K contains all functions from V), satisfying the unilateral con-
straints at all the interior nodes of Aj,. Observe that K, is not a subset of K, in general. As
far as the approximation of U is concerned, we shall distinguish two cases:

(i) U given by (2.15). Then U = T = C(I).
(i) Up® = U Vh > 0 defined by (2.32). In this case U = C(I), U = L®(I).

For e, € U2 fixed, we define the following discrete state problem:

Find u;, := un(en) € Ky such that

Prle
/ Benu, (o) — up)dx = / fn—unydx Vv, € Ky, (Pulen))
1 1
The approximation of (P) is given as follows:
Find e} € U such that
(Pr)

J(un(ep)) = min J(un(en)),
ehGUf

with uy (en) € K, being the solution of (P, (ep)).



52 Chapter 2. A Mathematical Introduction to SSO

Next we shall prove that (P) and (P,), h — 0+, are close in the sense of subsequences
as follows from Theorem 2.9. To this end we shall verify assumptions (A1),—~(A9), of
Section 2.3. It is readily seen that (A1),—(.44),, (A9), are satisfied as well as (A7), and
(A8)y, for U given by (2.15) (see Problem 2.2); for U = U defined by (2.32) we refer
to the proof of Theorem 2.4 and Problem 2.5. It remains to verify (AS);, and (A6);. These
assumptions follow from a lemma.

LEMMA 2.14. Let v € K be given. Then there exists a sequence {vy}, vn € Ky, such that
vp— v inHoz(I), h—0+.

If {vy}, vy € Ky, is such that
v, = v in H02(I), h — 0+,

thenv € K.

Proof. We shall show that the set K N C3°(I) is dense in K in the Hg (I)-norm. To simplify
our presentation we suppose that the function ¢ describing the obstacle is such that

90) <0 and @) <0. (2.89)

The case for which the value of ¢ at one of the endpoints of I is equal to zero is left as an
exercise (see Problem 2.10).

Choose a function ® € HZ(I) such that ®(x) > 0 Vx €]0, £[. Let v € K. For any
£ > 0 we define

ve :=v+¢d.
It is easy to see that v, € HZ(I),
ve = v in HX(I), &— 0+, (2.90)
and
v, > ¢ inl foranye > 0. (2.91)

The last property is a consequence of (2.89). Fix ¢ > 0. Since CS°(I) is dense in HZ(I)
there exists a sequence {Vex}, Ven € C§O(I), such that

Vg —> Ve 1IN Hg(l) asn — oo (2.92)

and consequently

Vgn 3 v, inlasn — 00,
making use of the embedding of H&(l } in C(I). From this and (2.91) we also have that
ven > @ in I for n sufficiently large; i.e., ve, € K N CG°({). Finally, the triangle inequality

v = venllzr < v — vella, s + Ve — Venllo 1



2.5. Applications of the abstract results 53

together with (2.90) and (2.92) proves the existence of a sequence {vn}, vm € K NC§°(1),
such that

Um = v in HZ(I), m — oo. (2.93)

Let n > 0 be an arbitrary number. From (2.93) it follows that there exists my € N such that

[0my — vll2s < g (2.94)

Let rp, : C§°(I) — V; be the piecewise Hermite interpolation operator of functions by
means of piecewise cubic polynomials on A,. Then

[mo = Fhmollas < g (2.95)

for & > 0 sufficiently small, as follows from the classical approximation theory. From the
definition of r;, we see that 7, v,,, € Kj. From (2.94), (2.95), and the triangle inequality we
conclude that

lv = raVmgll2.r < 10 = Vmpllzg + 1Vme — ThUmoll2,1 < 1,
meaning that any function v € K can be approximated by functions from {K,}, h — 0+,
as indicated in the assertion of this lemma.
Let {vy}, vs € Kj, be such that v, — v in HZ(I). Then

v, =3 v inl

by virtue of the compact embedding of Hg (I) into C(I). Itis easy to show that v > ¢ in I;
ie., v € K (see Problem 2.11). 0O

Since all the assumptions of Theorem 2.9 are satisfied we arrive at the following result.
THEOREM 2.13. Problems (P) and (Py), h — O+, are close in the sense of Theorem 2.9.

REMARK 2.14. The quality of convergence of {e}} to e* depends on the choice of U, ,‘,“’ :

e 3e*inl, h —» 0+, for U,fd given by (2.15);
e} = e*in L®(I), h - 0+, for U4 = Up defined by (2.32).

2.5.2 Shape optimization with Neumann boundary value
state problems

The next few sections will be devoted to shape optimization with state problems involving
other types of boundary conditions than the one studied in Section 2.2. The existence and
convergence analysis will be based on the abstract theory of Section 2.4.
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To simplify our presentation we restrict ourselves in all examples to a class of domains
whose shapes are as in Figure 2.2; i.e., the designed part I'(«) of the boundary will be
parametrized by functions « : [0, 1] — R. More precisely, we define

T = {a € C*'(10,1]) | 0 < &min < @ < &max in [0, 1],
lo'l < Loae.in]0,1[}, (2.96)

where Gmin, ¥max, Lo are given and
={acU|g@) <0Viel;, g =0Viel) (2.97)

7,, 7, are index sets (possibly empty) and g;, i € Z; U I, are given continuous functions
of a. With U7%? and U# two families of domains will be associated:

={Q@ e eT"), O0=(Q@)|acU*,

where
Q@) = {(x1, %) € R* | 0 < x1 < a(x2), x; €]0, 1{}.

ISEMARK 2.15. The functions g;, i € Z; UZ,, define additional technological constraints in
O, such as meas Q(a) = y or y < measQ(a) < §, where y, § are given positive numbers.
The reason for introducing a larger family O has already been explained in Section 2.4.

Next we shall suppose that the data characterizing U %4 and U are such that [7%¢ #
@, U* # (. Convergence of domains from O will be defined as in Section 2.2:

Q(oty) g Q(a), Qa,), Q) € 0 = o, Zain(0, 1], o, € e

The definition of /% contains the minimum of assumptions under which Dis compact
with respect to the above-mentioned convergence of domains. Owing to the continuity of
the functions g;, i € Z; UZ,, the family O is closed in O and hence compact as well. Basic
assumptions, such as the continuous dependence of solutions on domain variations, will be
verified on O.

The convergence of a sequence {y,}, where Yn € V(Q,,) C HYU) (2, := Qew)),
will be defined as strong or weak convergence in V) € H'(Q) of appropriate extensions
of y, from Q, to Q where & D Q)Va e U 7%, In our particular case we may take, for
example, Q =10, 20ax[x]0, 1[. Such an extension is straightforward for homogeneous
Dirichlet boundary value problems formulated in H0 (R2(a)): indeed, any function from
Hy 1 (2 () can be extended by zero outside of 2 () to a function from H0 ( Q), preserving its
norm (see (2.36)). For other boundary conditions such a trivial approach is not possible and
one has to use more sophisticated extensions paw) € L(V(R2(a)), V(SZ)) whose operator
norm can be bounded independently of ¢ € U (7% Since O consists of domains possessing the
uniform g-cone property for some ¢ := &(Lg) > 0, such extensions exist (see Appendix A):

Jc¢ = const. > 0: "pQ(a) "C(V(Q(a)) V(Q)) <c Vae Uad (2.98)
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Thus we define
PQ@)Yn = Pa@y in 14®)
Yoy, Yn€V(Q(n), y e V(Q() < or
Po@)¥n = Pa@y inV(£2).

CONVENTION: Ify € V(a), then its extension pq )y from Q(«) to Q with D) Satisfying
(2.98) will be denoted by ¥ in what follows. Exceptions to this rule will be quoted explicitly.

This section deals with shape optimization involving Neumann state problems. On
any Q(a), @ € U /%4, we consider the Neumann boundary value problem

{ —Au(@) +u(e) = f inQ(a),

/P 7
du(x) —0 ondQ@), (P(e))

av

or, in the weak form:

Find u := u(a) € H'(Q(«)) such that

f 1 (P(@))
(Vu-Vv+uv)ydx = fvdx ve H (),
Q) Q)

where f € L2(Q). 5

Let D C Q(a) Yo € U be a target set (for example, D =]0, atmin/2[x10, 1)
and z; € L?(D) be a given function. We shall study the following optimal shape design
problem:

Find o* € U*® such that ®
Ju(@®) < J(u(@)) Yo e U,
where
1
T =51y - 24l o, (2.99)

u(a) € H(Q(@)) solves (P(a)), and U is given by (2.97).
To prove the existence of solutions to (P) we shall verify assumptions (1) and (82)
of Section 2.4.

LEMMA 2.18. (Verzﬁcatlon of (B1).) For any sequence {(aty, U,)}, where o, € e U* and
u, = u(e,) € H! (Q (o)) isa solutton of (P(ay)), n — 00, there exist its subsequence
and elements o € U, u € H'(R) such that

an = ain0, 1], (2.100)
W, = uin H'(Q), n— 0. (2.101)

In addition, u(&) = u|g () solves (P(a)).
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Proof. One can pass to a subsequence of {«,} such that (2.100) holds for some « € Ued.
Inserting v := u, into the definition of (P(a,)) we obtain

lunll} o, = (fs #ndo.g, < [ Flogllunllon, (= (@),
implying the boundedness of {u,}:
de=const. >0: Jlusllie, <c VneN

and also
@l g<c VneN

for another positive constant ¢ independent of n by virtue of (2.98).

Thus one can pass to a subsequence of {ii,} such that (2.101) holds for an element
ue H l(ﬁ). It remains to show that u(a) := um@\solves (P)).

Let v € H'(Q()) be given and ¥ € H'(Q) be its extension to . Since Vg, €
HY(,) Vn € N, it can be used as a test function in (P(«,)) written now in the following
form:

/A X (Vi - VT + T, D) dx = fA Y fdx, (2.102)
Q Q

where y, is the characteristic function of €2,,. Letting n — oo in (2.102) we arrive at

./;)((Vu-V'17+u5)dx=fofﬁdx, (2.103)
8 o)

where x is the characteristic function of the limit domain €2 («). To see that, let us compute
the limit of the first term in (2.102) (and similarly for the remaining ones). The triangle
inequality yields

f xnVidy, - VUdx —/ xVu - Vvdx
Q o)

=

ﬁxn(Vﬁn — Vu) - Vvdx
8

+’/A(xn—x)Vu-V'17dx -0 asn— o©
)

since Vi, — Vu — 0 and x,V¥ — xV7¥ in (L%())?. Because v € H!(Q(x)) is an
arbitrary function, it follows from (2.103) that u(a) solves (P(x)). 0O

We leave as an easy exercise the proof of the following lemma.

LEMMA 2.16. (Verification of (B2).) The cost functional J given by (2.99) is continuous in
the following sense:

o, =2 ainf0,1], o, a € gl

5 ~ = lim J(y) =J(.
yn'_\yinHl(Q), }’n»}’EHl(Q)] n—>oX yn y

From Theorem 2.10 and Lemmas 2.15 and 2.16 the existence of solutions to (IP)
follows.
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The assertion of Lemma 2.15 can be written in the following form: for an appropriate
subsequence of {if,} it holds that

~ : 2(0))2
Yu,, V{4 12n S\L (€2))%, (2.104)
U, =~ u in L (Q) asn — 00,
At the same time x, — x in L?(Q) (see Lemma 2.4), implying that
~ . 2 § 2
X Vil = xVu in (L)), (2.105)
Xnln — xu in L%(Q).

Substitution of v := #, into (P(a,)) yields

/Axn (IVEL2 + 7, %) dx = f Yo fl dx —> / fudx = / 2 (Vul® + 1ul?) dx.
[} [+) n—00 J§ [9]

Therefore weak convergence in (2.105) can be replaced by strong. Thus one can expect that
the assertion of Lemma 2.15 can be improved. Indeed, we have the following lemma.

LEMMA 2.17. Let {(ay, u,)}, @ € U, and u € H‘(ﬁ) be the same as in Lemma 2.15.
Then

Unjg —> u)g (strongly) in H'(Q),  n— oo, (2.106)
in any domain Q CC Q(a) (i.e., O C Q(x)).

Proof. Let Q CC Q() be given. For any m € N we define
1
Gp(a) = {x € Qo) | dist(x, T'()) > ;} . (2.107)

Let m € N be fixed and such that G,,(«) O Q (i.e., m is large enough). Then there exists
ng := no(m) such that Q(a,) O G.(a) Vr > ng. Since 4, = u, in G, (a) for n > ny we
have

2 2 2 2
Nun —ull{ o < llun — ulli g, @ <Nualliq, —2n W1,6.@ + 1ll16, @

=/;anﬁn dx = 2(n, W1,6,@ + 1413 6, @
o

using the definition of (P(«,)). Therefore
0 < limsup [lu — ullf 5 < ﬁ xfudx ~ulf g, @ = 1% g@ — 1ul} 6@ (2.108)
n-»o0 Q

holds for any m € N sufficiently large. Letting m — oo on the right-hand side of (2.108)
we arrive at (2.106). 0O
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REMARK 2.16. The statement of Lemma 2.17 can be equivalently expressed as follows:
u, — u(e) in Hlf,c(Q(a)), n — oo.

REMARK 2.17. Let us now consider a nonhomogeneous Neumann boundary condition
du/dv = g on 3Q (), where g € L2(3Q(e)) for any o € /%, The weak formulation of
this problem reads as follows:

Find u = u(a) € H'(Q(x)) such that

[ @uvvrmias= [ poas+ [ guas we @@ (Pl
Q@ Q@ Q@

The presence of the curvilinear integral on the right-hand side of (P(«)) complicates the
existence analysis of the respective optimal shape design problem. Uniform convergence
of boundaries, ensured by the definition of O, is not sufficient to claim that Jro@,) 8V s =
fasz (@ 8Y ds so that assumption (B1) may not be satisfied. To overcome this difficulty one
can either increase the regularity of o or reformulate the Neumann boundary condition
avoiding the integrals over 92(cr). We shall describe in brief the latter approach. Suppose
that the function g is of the form g = 3G/ds, where G € H? Q@ isa given function and
d/ds stands for the derivative along 32 (o). From Green’s formula it follows that

aG
f curlG-Vvdx:/ ———vds=f gvds
Q@) Q) s Q@)

holds for any v € H'(Q(a)), where curl G = (0G/dx2, —3G/3x1). Thus, the nonhomo-
geneous Neumann boundary value problem takes the following form:

Find u := u(e) € H'(Q(a)) such that

P,
(Vu-Vo+uv)dx = fvdx+/curlG-Vvdx Yve H{(Q()). (Ps(@)
@ Q@) Q@)

Since this formulation contains only integrals over €2 (), assumption (B1) can be verified
without changing the system O.

We now pass to an approximation of (P). First we specify constraints, defining U/*?
(see (2.97)).

CONVENTION: In all examples here and in the next subsections only the volume of Q2 (a)
will be prescribed:

ad — {a € gl | meas Q(a) = y},

where y > 0 is a given constant.

The family O characterized by U*¢ will be approximated by the same discrete systems
{O,.} and {O,,1,} as in Section 2.2 (see (2.49), (2.51)). Also all the other symbols introduced
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there keep the same meaning with the following minor change concerning the definition of
Vi(s:), S, € U

Vi(s:) = {on € CEUGD) | wmir € PUDIVT € Th, 5.0},

where {T(h, 5,0}, 5, € U ,"f , is a family of triangulations of 2 (rys,,) satisfying (71)—(73)
of Section 2.2. Recall that €2}, (s,.) stands for Q(rys,.) with the given triangulation T (4, s,,).
For any s,, € U? we define the following:

Find uy, := uy(s,.) € Vi(s,.) such that

Ph(ss
/ (Vuy - Vop +upvp)dx = / fupdx Vo, € Vi(5,0). (Ph(s:))
Ry (55¢) Qp(55¢)
For h, > > 0 fixed, the approximation of (P) reads as follows:
Find s?, € U% such that
" ad (Phx)
J(un(s3)) < J(un(ss)) Vs, € UY,

where uy (s,,) € Vi(s,) solves (Py(s,)). Arguing just as in Theorem 2.6 of Section 2.2 one
can prove that (P;,.) has at least one solution s, for any 4, s > 0.

The convergence analysis will be based again on the abstract convergence theory
presented in Section 2.4. As in Section 2.4 we shall consider the mesh parameter & to be a
function of s; i.e., h := h(s¢) such that

h—=> 0+ &< »x—>0+.

We shall verify assumptions (B1),, and (B2),, of Section 2.4. Assumption (B1),,
follows from (iii) and (iv) of Lemma 2.10.

LEMMA 2.18. (Verification of (B2),..) For any sequence {(S,, up(s,.))}, where s,, € U ff
and uy(s,,) € V, (si) solves (Py(s,.)), h — 0+, there exist its subsequence and elements
a €U, u e H(Q) such that
S,e A, s, =3 a inf0,1]; (2.109)
Wn(s) = u inH'®Q), hx—>0+. (2.110)

In addition, u(e) = u gy solves (P(w)).

Proof. The existence of {s,.}, {rasi}, h, 3 — O+, satisfying (2.109) for some o € U ad
follows from (ii) and (iv) of Lemma 2.10. Since the system {Osm}, #,h > 0, possesses
the uniform e-cone property with the same ¢ > 0 as O (i.e., independent of i, 3 > 0) we
know that

Je=const. >0: |luu(s;)llig<c Vh,x>0. 2.111)

Therefori (2.110) holds for an appropriate subsequence of {i(s,)} and for an element
u € H'(Q). Let us prove that u is such that u(a) := UiQ(a) solves (P(a)).
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Let E(rys,) = SZ\ Q(rys;.) and construct another family {T(h 5,.)} of trlangulatlons
of E(rys,,) satisfying (T 1)—(7'3) of Section 2.2. The union of 7 (%, s,,) and T(h S5¢)
defines a regular triangulation of Q. LetvecC °°(Q) be given and 7, v be the piecewise
linear Lagrange interpolant of v on T (%, 5,,) U T(h Sse). From the classical approximation
results and the regularity assumptions on {7 (k, s,.)} and {7' (h, s,.)} it follows that

lv—mpvllyg S ch — 0, h —> 0+, 2.112)

with a constant ¢ > 0 that does not depend on A, 3 > 0.
The definition of (Py(s,.)) yields

/;Xh,,(V'IZh Vv + Upmpv)dx = /A)(h,{fm,v dx, (2.113)
8 8

where x,. is the characteristic function of £2;(s,,.). Letglzlg h, » — 0+ in (2.113) and
using (2.110), (2.112), and the fact that x4, — x in L?(Q), s, h — 0+, where x is the
characteristic function of 2 (), we arrive at

ﬁx(Vu-Vv+uv)dx=ﬁvadx. (2.114)
o) 9]

Since C®(Q) is dense in H'(8), (2.114) holds for any v € H'(®); i.e., u(e) solves
(P(a)). O

REMARK 2.18. Using the same approach as in Lemma 2.17 one can show that
up(s,) = u(@) in H. (Q@), h,x—0+.

Since assumption (B3),. is also satisfied for J given by (2.99), Theorem 2.11 applies.
‘We obtain the following result.

THEOREM 2.14. For any sequence {(s},, un(s3.))} of optimal pairs of (Py,.), h — 0+, there
exists its subsequence such that

* * 2
[s,, =St inl0,1], 2115)

W(st) = u* inH'Q), h,x—>0+.

In addition, (a*, u*|q~) is an optimal pair of (P). Any accumulation point of
{(s3,, un(s3.))} in the sense of (2.115) possesses this property.

REMARK 2.19. We also have that
up(st) = u(@®) in HL (@), h,»x—> 0+,

where u(a*) 1= u* (g solves (P(a*)).
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2.5.3 Shape optimization for state problems involving mixed
boundary conditions

We have so far confined ourselves to state problems with boundary conditions of one type,
prescribed on the whole boundary. In this section we shall analyze a more general situation,
when different types of boundary conditions are considered on boundaries of designed
domains. In addition, differential operators, defining PDEs, will not contain an absolute
term. We pay special attention to this case because the proof of the uniform boundedness
of solutions with respect to domains, which is a key point of the existence analysis, is no
longer so straightforward.

Let U ad  jad @, and O be the same as in Subsection 2.5. 2; i.e., the shape of any
Qa) € (9 o e U {jad , is illustrated in Figure 2.2. In any Q(a) € O we shall consider the
following Dmchlet—NeumaIm boundary value problem:

_Au(a) = f in Q(a),
u(@) =0 onli(a), (P'(@))
du(a)
av

where f € Lz(ﬁ) and I'y (@) = {(x1, 0) | x; €]0, @(0)[} is the bottom of ().
The weak formulation of (P’(«x)) is defined as follows:

Find u := u(x) € V(@) such that

=0 onl, =080 \Ti(w),

f Vu-Vvdx = fvdx Vv e V(x), (Ple))
Q) Q)

where
Vi)={ve HI(Q(a)) | v=00nT(a)}. (2.116)

Let the cost functional be given by (2.99) and consider the respective optimal shape
design problem (IP) on O with the mixed Dirichlet-Neumann boundary value problem
(P(a)) as the state equation.

The first step of the existence analysis consists of proving that the solutions u(«) to
(P(a)) are bounded uniformly with respect to ¢ € U {jad:

Jc=const. > 0: [u@)lliow <c Yae %

Inserting v := u(«) into (P(c)) we obtain
(@) @ = ./s;( )f“(a) dx = || fliogliu(@)1,e@-
o

From the generalized Friedrichs inequality in V («) we have

Blu(@)If g < 4@ g@ < I floallu@lhew, (2.117)

where 8 is a positive constant. From this, however, one cannot claim that {]ju(a)|l;, Q(all} is
bounded! The reason is very simple: the constant 8 in (2.117) might depend on « € U%®
Therefore we first prove the following lemma.
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LEMMA 2.19. There exists a constant B > O such that
IU']‘Q(Q) > /3”11“1,9(0,) Vv € V(a), Ya € ﬁad’ (2.118)
where U ad V() are given by (2.96), (2.116), respectively.

Proof. (By contradiction.) Let, for any k£ € N, there exist v € V(oy), o € frad , such that

1
Vel 2w < Tl Q) (2.119)

We may assume that ||vg|1,0,) = 1 Yk € N and, in addition, passing to a subsequence of
{0t} if necessary, that

o 3o inf[0,1], k— oo, (2.120)

for some @ € U%. Let v; be tt}g uniform extension of v, from Q(a;) to Q. Since the
sequence {U;} is bounded in H!($2) we may also assume that

%=1 nH'®), k- o0 2.121)
Next we shall show that
Ol1,0@ < iminf vl 0@ = 0. (2.122)
Indeed, for any m € N we define the set G, («) by (2.107). From (2.121) we also have that
T — v in H(Gn(@), k— oo,
for any m € N fixed so that

[Tl1,6, @ < liminf |vil1,6,@ < Himinf vl 0@, (2.123)
k—o0 k—>o00

making use of weak lower semicontinuity of the seminorm | - | g, ). Lettingm — oo in
(2.123) and using (2.119) we arrive at (2.122). From (2.122) it follows that v is constant in
Q(a) and, since ¥ = 0 on I'; (@), we have v = 0 in (). On the other hand,

2 2 2
N0ellT o) = 1VkI1 Q@) T 106150y =1 Yk €N

From (2.119) we see that for ky € N large enough,

, k=>ko.

N |

2
"Uk”o,Q(ak) =

But at the same time

3

N o

Ivllo.e@ = lim [|villo,@e@) =
k=00

which contradicts 7 = 0in Q(a). 0
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REMARK 2.20. A similar approach can be used to prove the uniform property of other
equivalent norms with respect to a class of domains satisfying the uniform £-cone property
(see [Has02}).

With this result at our disposal it is now easy to prove the following result.

LeMMA 2.20. (Verification of (B1).) For any sequence {(a,, u,)}, where a, € U and
un = u(on) € Van) is a solution of (P(an)), n — o0, there exist its subsequence and
elements o € U, u € H'(Q) such that

a, = a inf0,1],

W, —u in H(S), n— oo.
In addition, u(a) := u|q(y) solves (P(a)).

Proof. We may assume thate, = o in[0, 1]and a € /%4, From Lemma 2.19 and Q.117
it follows that {|lu,||1,0(,)} is bounded. Passing again to a new subsequence if necessary
we have that

= u in H'S).

Let us show that u(o) := wujq solves (P(x)). It is readily seen that ¥ = 0 ) on Ty () so
that u(a) € V(«). Let v € V() be given and ¥ be its uniform extension to Q. Then one

can find a sequence {v;}, v; € C°°(§), such that
8(j) :=dist(supp v;, I'1(@)) >0 VjeN
and
v, > ¥ nH'Q), j- . (2.124)

In other words, any function ¥ € H!() such that Vig@ € V(o) can be approximated by

functions from C °°(?2=) vanishing in the vicinity of I'; (@).

Let j € N be fixed. Since &, = « in [0, 1] we see that V9w € V (a,), provided
that n is large enough. This restriction can be used as a test function in (P(e,)) written in
the form

ﬁanﬁn-ij dx = ﬁanUj dx, (2.125)
o) )

where yx, is the characteristic function of Q(x,). Passing to the limit first with n — oo,
then with j — o0, in (2.125) (using (2.124)), we obtain

ﬁxVu-Vﬁdx:/Axfﬁdx,
) )

where x is the characteristic function of the limit domain Q(«). Thus, u(x) solves
(P()). O
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REMARK 2.21. Using the same approach as in Lemma 2.17 one can show that
up = u(e) in H (@), n— oo,

where u,, u(a) solve (P(a,)), (P(a)), respectively.

Since the cost functional J is also continuous, as follows from Lemma 2.16, the
statement of Theorem 2.10 applies: problem (IP) has a solution.

The discretization and convergence analysis for (P) follow the same steps as the
Neumann state problems in the last subsection with appropriate modifications reflecting
the mixed Dirichlet-Neumann boundary conditions prescribed on 82 (). It is left as an
exercise to verify that assumptions (B1),~(83),, of Section 2.4 are satisfied. Therefore
solutions to discrete optimal shape design problems are close in the sense of subsequences
to solutions of the original, continuous setting in the sense of Theorem 2.11.

REMARK 2.22. If the boundary 92 (o) were decomposed into I'y (&) and I'>(«) in a more
general way than considered here, yet another assumption would be necessary:_the de-
composition of 32 (e) into I'y () and I'; () has to depend continuously on o € U [ad , and
the triangulations used for the construction of Vj,(s,.) have to satisfy assumption (7'4) of
Section 2.2.

2.5.4 Shape optimization of systems governed by
variational inequalities

In the mechanics of solids we often meet problems whose mathematical models lead to
variational inequalities. Contact problems of deformable bodies are examples of this type.
Shape optimization of structures governed by variational inequalities is an important part
of the topic. It turns out that there is yet another feature making these problems more
involved: namely, the mapping that associates with any shape €2 a solution of the respective
state inequality is not differentiable in general. This fact considerably restricts the use of
classical, gradient type minimization methods. This subsection treats the case of scalar
variational inequalities used as state problems. Shape optimization in contact problems will
be briefly mentioned in the next section.

Let U, U% be defined by (2.96), (2.97), respectively, and the families O, Obe the
same as before i.e., shapes Q(a) € (’) a € U areasin Figure 2.2. The boundary 32 (e)
consists of two parts: I'(a) is the graph of a functlon a € U and I(a) =02\ T(@).
Inany Q(a), « € U U, we define the following unilateral boundary value problem:

—Au(a) = f inQ(a),

u(@) =0 onl(a),
du(a)
av

(P@))
du(a)

u(e) >0, >0, u(a) =0 onI'(),

where f € L2(Q).
To give a weak form of (P(«)’) we introduce the space

V) ={ve H(Q(@)) | v=0o0n ' (a)}
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and its closed, convex subset
K@)={veV@)|v=0onT(x)}.
The weak form of (P(«)’) reads as follows:
Find u := u(e) € K («) such that
{ (P(e))

/ Vu-Vv—u)dx > flv—u)dx Yve K(x).
Q) Q ()

It is well known that (P («)) has a unique solution u(«) for any « € Ued (see Appendix A).

REMARK 2.23. Since the bilinear form a(«, v) = fsz @ Vu - Vv dx is symmetric, problem
(P(@)) can be equivalently formulated as the following minimization problem:

{ Find u(a) € K (@) such that (73(01))

E,(u(@)) < E,(v) Yv e K(a),

where

1
E,,(v):-z—/ Vv-Vvdx — fudx.
Q) Q ()

In other words, u(a) solves (P(a)) iff u(«) is a solution of (5(0:)). Formulation (5(00) is
important from a computational point of view.

We shall analyze the following optimal shape design problem:

®

Find o* € U?® such that
Ju@®) < Ju(e)) Yo e U%,

where J is given by (2.99) and u(«) solves (P(x)) (or (ﬁ(a))).
To prove the existence of solutions to (P) we need the following continuity type result
for the trace mapping.

LEMMA 2.21. Let {(¢ty, )}, & € U%, y, € HY(S), be such that

o, = a inf0,1],
Vo =y inH' @), n— oo,

for some a € U and y € H\(Q). Then
zn—z inL*(J0, 1)), n — oo, (2.126)

where z, = Yn|r(q,) © On ANA 2 1= Y|p(y) © &

Proof. 1t holds that

1 1 1
flzn —zlPdx, <2 [f |ynotts — ynoal*dxz + | |ysoa — yoalzdxz} . (2127)
0 0 0
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Since |&'| < Lg a.e. in 10, 1[ for any a € U4, the second integral on the right of (2.127)
can be bounded from above by the curvilinear integral over I'(«):

1
/ |y,,oa—yoot|2dx2§/ lye — y|?ds = 0, n— o0, (2.128)
I'(x)

making use of the compactness of the embedding of H(Q(a)) into L*(I'(a)) (see Ap-
pendix A) and weak convergence of {y,} to y in H'! (Q) Further,

*9
f Y gy
oy a-xl

Integrating this inequality over [0, 1] we obtain

< max |o,(x2) — a(x)| f .
X2€ [0 0 6

|¥n 00ty — Yy 0| = dx;.

f |Yn 0 &t — Y 0 @*dxz < llotn — @llcqplIyall} g = 0+
0

by virtue of our assumptions. From this and (2.128) we arrive at the assertion of the
lemma. 0O

COROLLARY 2.1. Let {(a, y»)} be a sequence from Lemma 2.21 and, in addition, let
YniQ, € K(n). Then the limit y of {y,} is such that y|q 4, € K(a). Indeed, from (2.126)
it follows that there is a subsequence of {z,} tending to z a.e. in 10, 1[. If y, € K(«,), then
all z,, are nonnegative in 10, 1[ and so is the limit z. Hence y|q,, € K(a).

We shall now verify assumptions (1) and (B2) of Section 2.4, guaranteeing the
existence of solutions to (IP).

LemMMA 2.22. (Verification of (B1).) For any sequence {(a,, u,)}, where a, € U and
u, = u(e,) € K(ap) is a solution of (P(a,)), n — 00, there exist its subsequence and
elements a € U, u € H'(Q) such that

o, S in[0,1],
Uy —-\.u in H'(Q), n— oo.
In addition, u(o) := |y solves (P(a)).
Proof. As usual we may suppose that
a, =2« in[0,1] (2.129)
and & € U Inserting v := 0 € K (o) Vn € N into (P(a,)) we obtain
Unl? 0y < (F ndo.gn < I fllo,allunll1 0@,

This and the generalized Friedrichs inequality with a constant 8 > 0 independentof« € Ued
(see (2.118)) imply the boundedness of {||u,|l1 q(,)} and hence also of {llu,, fl1.g}. One can
pass to a subsequence of {i,} weakly converging to an element u € H' (Q)

W, ~u in H'Q). (2.130)
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We want to prove that u() 1= u g solves (P(a)). First of all u(ar) € K («), as follows
from (2.129), (2.130), and Corollary 2.1.

Let v € K(a) be glven It is easy to show that there exists an extension v* of v from
Q(a) to Q such that v* € H0 (Q) Since the trace of v* * on aQ u I‘(a) is nonnegative,
one can construct a nonnegative extension ¢ of v* from 9Q U I'(@) into Q i.e., a function
@ € H} (Q) exists such that @ > 0ae. inQ and Ppdure = V¥jsdure) (see [Net67,
p. 103]). This makes it possible to express v* as the sum

v'=9+w,
where w € Hol(ﬁ) and w = 0 on I'(e) or, equivalently, W@ € HI(R(®)), wz@ €
HOI(E (), wheri E(a) := Q\ Q(a). The function w can be approximated by a sequence
{w;}, w; € C§°(R), such that
w; - w in H(Q), j - oo, (2.131)
W)@ € C(Q (@), Wjiz@ € Ci°(E(a)) foramy j eN. (2.132)
Let vj := ¢ + w;. Then
v > v* in H(@), j— oo, (2.133)

by virtue of (2.131). Let j € N be fixed. Then from (2.129), (2.132), and the definition of
v; we see that

Vjir@,) = 9Ire,) =0

holds for any n large enough (say n = ng := no(j)) meaning that Vi@, € K(ap)Vn > ng.
This enables us to substitute v; into (P(w,)), n = ng:

LXnVﬁn . V(vj — ) dx > ./;an(vj — Un)dx,
Q Q

where x, is the characteristic function of Q (cr,). Hence

limsupﬁ Xn Vi - V(v; — Up)dx > limsupﬁ Xnfj — Up)dx. (2.134)
n-—>00 Q n—00 Q
It has already been proven that
lim | x0f (0 = B dx = / xf (s — ) dx, (2.135)
n—>o0 ﬁ
lim | x.Vi,-Vv;dx =/ xVu-Vv;dx, (2.136)
n—oo Jg 8
liminf | x,Vi, - Vi, dx > f xVu - Vudx, (2.137)
oo Jo a

where x stands for the characteristic function of () (for the proof of (2.137) see the
inequality in (2.122)). Using (2.135)—(2.137) in (2.134) we obtain that

‘/;xVu-V(vj—u)dxzﬁxf(vj—u)dx
9] g
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holds for any j € N. The limit passage for j — oo gives

/xVu-V(v*—u)dxzfxf(v*—u)dx,
(9} 9)

taking into account (2.133). Since v := v*|g() € K(«) is arbitrary, we may conclude that
u(a) solves (P(w)). 0O

REMARK 2.24. Adapting the proof of Lemma 2.17 one can show that
u, — u(a) in Hﬁ,c(Q (w)), n— oc.
Since the cost functional J satisfies (/32) we have proved the following result.

THEOREM 2.15. Problem (P) has a solution.

We now turn to an approximation of (P). As in the previous subsections we shall
consider the constant area constraint in the definition of O.

We first introduce two discrete systems {O,.} and {O,.}, v, h — 0+, by (2.49)
and (2.51), respectively, keeping the meaning of the other notation of Section 2.2. Let
{T(h,s5)}, 5, € Ufj’ , be a family of triangulations of 2 (rys,.) satisfying assumptions
(T1)-(T73) of Section 2.2. Recall that j,(s,.) is a polygonal approximation of Q(s,.), s, €
U44, with the given triangulation 7 (h, s,). The curved part I'(s,;) of the boundary of
Q (s,.) is locally represented by piecewise quadratic Bézier functions, while the moving part
[ (rps,.) of the boundary of Qy(s,.) is given by the graph of the piecewise linear Lagrange
interpolant rys,, of 5,.. On any j(s,.) we define the following finite element space:

Vi(s,c) = {vn € C(Qn(5,0) lvnyr € PU(T) VT € T(h, 55),
Vp = 0 on F](S,,) = th(sx) \ F(rhsx)}

and its closed, convex subset
Ki(s5) = {vn € Vi(s5) | 1a(A) = 0VA € N3},

where N, is the set of all vertices of T € T (h, s,,) from the interior of T (r;s..).

REMARK 2.25. Since rys,, is piecewise linear in [0, 1], any v, € Kj(s,.) satisfies the
unilateral boundary condition not only at all A € N, but also along the whole I (r4s..),
meaning that Kj(s,,) C K(rps,).

On any Q4(s,.) € O, we define the discretization of the state problem as follows:
Find uy, := u;,(s,.) € Kp(s,.) such that
(Ph (S z))

f Vup - V(v —up)dx > / f(l)h —up)dx Vv, € Kp(s,.).
Q1 (85)

Qp(55)
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Finally, the approximation of (P) reads as follows:

Find s* € U?¥ such that
{ o g (Phn)

Jn(s3)) < Jun(s:)) Vs, € U,

with u;, (s,.) € Kp(s,.) solving (P (s,.)).

By virtue of assumptions (71)—(73) it is easy to prove that (P,.) has a solution
for any &, » > 0. Next we show that solutions to (;,,) and (P) are close in the sense of
subsequences in the sense of Theorem 2.11. To this end we shall verify assumptions (531),,—
(B3),, of Section 2.4, The validity of (B1),, and (B3),, has been already established so that
it remains to prove a lemma.

LEMMA 2.23. (Verification of (B2),,.) For any sequence {(s,., uy(s,.))}, where s,. € U ftd
and up(s,.) € Ky (‘Ei‘) solves (Py(s,)), h — 0+, there exist its subsequence and elements
o € U%, u € H'(Q) such that

S A, s, =a in[0,1}, (2.138)
() = u inHYRQ), h,x—0+. (2.139)

In addition, u(a) := ) solves (P(a)).

Proof. Equation (2.138) follows from (ii) and (iv) of Lemma 2.10. The boundedness of
{Nun(s:0) 11,245} implying the boundedness of {||W,(s,.)|l; g} can be proven just as in
Lemma 2.22. Thus one can pass to a subsequence of {i(s,)} such that (2.139) holds
for some u € H 1(SZ) From (2.138), (2.139), Corollary 2.1, and the fact that u;(s,,) €
Kr(s,:) C K(rps,) we have that u(a) := u0@) € K(o). Next we show that u(a) solves
(P(a)).

Let v* € H}(R) be such that v := v*,qq) € K(@). From the proof of Lemma 2.22
we know that v* can be approximated by a sequence {v;}, v; € H} (), of the form

v =¢+wj,

where ¢ € Ho (Q), ¢ >0a.e. in Q and {w;} satisfies (2.131) and (2. 132) The functlon 7]
also can be approached by another sequence {¢;} such that ¢; € Ci° ), ¢ ;> 0in Q, for
any j € N:

9> ¢ mH)Q), j— o (2.140)
Define v} := ¢; + w;. Then v} € cg°(§) for any j € Nand

vi— vt inHJQ), j— oo, (2.141)
as follows from (2. 131) and (2.140).

Let E(rys,,) := Q \ Q(rps,,) and {T(h S:0)} be a family of triangulations of E (r1s,.)
satisfying (7°1)-(73). The union of T (A, s,.) and T(h, s,.) defines a regular triangulation
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of Q. Since v; € Cf° (), one can construct its piecewise linear Lagrange interpolant 7, v
onT(h,s,)U ?(h, §,.). The classical approximation result says that

v - mvillyg < chllvila VieN, (2.142)

where c is a positive constant that does not depend on j and k. R
Fix j € N. Then in view of (2.132), (2.138), and the nonnegativeness of ¢; in  we

see that v’J'." 2 6520) € K (rys..) and consequently mp v’;' Q620) € K (s,.) provided that h, 3¢ are
small enough. Thus one can use 7, v;“ Q6. 252 test function in (P, (s,,.)):
ﬁthVﬁh - V(mpv} —up)dx = /;thf(ﬂhv; ~Up)dx (2.143)
9} 9}

holds for any h, s > 0 sufficiently small and any j € N. Here yx, stands for the char-
acteristic function of €2;(s,;). We now proceed as in the proof of Lemma 2.22. Applying
lim supy, ,,_, o, to both sides of (2.143) we arrive at

ﬁxVu-V(v}‘—u)dxZ/Axf(v;f—u)dx VYj eN, (2.144)
5] 5]

where x is the characteristic function of 2 («), taking into account (2.139) and (2.142).
Letting j — oo in (2.144) and using (2.141) we finally obtain

ﬁxVu-V(v*—u)dxZ/Axf(v*—u)dx.
) )

In other words, u(e) solves (P(x)). 0

REMARK 2.26. It can be shown again that

un(s,e) = u(@) in Hy, (Q@)), h,x—0+.

Since (B1),,—~(B3),. of Section 2.4 are satisfied we arrive at the following.

THEOREM 2.16. For any sequence {(s7,, uy(s}.))} of optimal pairs of (Pp,.), h — 0+, there
exists its subsequence such that

st = a* in0, 1],
(2.145)

GE) ~u* inH'®), hox—>0+.

Inaddition, (o*, u* g (o) is an optimal pair of (P). Any accumulation point of {(s,, U, (s3,))}
in the sense of (2.145) possesses this property.

In the remainder of this subsection we present the algebraic form of (P,,) for A, 3¢ >
0 fixed. Let 7p and Ts be the isomorphisms between U fcd and U{ (the set of discrete
design variables defined by (2.48)) and V},(s,,) and R” (n = dim V) (s,,)), respectively (see
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(2.21), (2.22)). As in Remark 2.23 the approximate solution uy(s,,) of (P (s,)) can be
characterized as a minimizer of E,,;_ over Kx(s,):

(P (5:2))

Find uy(s,.) € Ky (s,) such that
Er;,s” (un(ss)) < Erhs,‘ (vr) VY, € Ki(s,),

where )
E,;s, (vp) = —/ Vo, - Vo dx — f fupdx.
2 Qp(53e) Qn(8s)

The algebraic form of (ﬁ, (55)) leads to the following quadratic programming prob-
lem:

Find K such thi
l ind g(et) € K such that P@)

E(a,q(@)) <E(a,q) Yq ek,
where i
E@ ) =30"K@q-q" f@

is the quadratic function defined by the stiffness matrix K (e) and the force vector f(er)
both depending on the discrete design variable & € I/ and

K={xeR"| Ty x € Kn(s:0)}.
It is readily seen that K is a closed, convex subset of R* defined by
K={xeR" lxj, >0V j; eI},

where 7 contains the indices of the constrained components of x corresponding to the nodal
values of uy(s,.) at the points of A:

Ji €l < 3JA; G./\/h I un(s,.)(A;).

Observe that K does not depend explicitly on e € U/. Optimization problem (P,..) leads to
the following nonlinear mathematical programming problem:

Find a* € U such that
®2)

Jg@)) < TJ@@) Ve el,

where q(«) € K solves (P(«)) and J is the algebraic representation of J. As we have
already mentioned at the beginning of this subsection, problem (P;) is more involved than
the ones analyzed up to now due to the fact that the state problem is given by the variational
inequality (P(a)).

2.5.5 Shape optimization in linear elasticity and contact problems

The previous subsections were devoted to shape optimization of structures governed by
scalar state problems. We saw that the way to prove the existence and convergence results
depends on the type of boundary conditions in the state problem. We discussed in detail
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four typical cases: the Dirichlet and Neumann boundary conditions prescribed on the whole
boundary, the mixed Dirichlet-Neumann boundary condition, and finally the unilateral
boundary conditions on the designed part of the boundary. These techniques can be used
(eventually and with minor modifications) in more general state problems.

This subsection deals with shape optimization in the mechanics of solids. We restrict
ourselves to the case of linearly elastic structures. Before we formulate the problem, recall
in brief the basic notions of linear elasticity that will be used (for details we refer to [NH81]).

CONVENTION: Inwhat follows Einstein’s summation convention is used: any term in which
the same index appears twice indicates summation with respect to this index over the range
from 1 to the spatial dimension (2 or 3). For example,

Let a body occupying a bounded domain 2 C R3 be loaded by body forces of density
f = (f1, f2, f3) and surface tractions of density P = (P, P,, P;) on a portion I'p of
the boundary of Q. On the remaining part I', = 3 \ T p, the body is fixed. We want
to find an equilibrium state of Q. This state is characterized by a symmetric stress tensor
(t; j)i j=1» Tij = Tji, defined in €, in equilibrium with f and P, i.e., satisfying

0T

V4 =0 inQ, i=1,23 (2.146)
ax,-
nvi=PF onlp, i=1,2,3. (2.147)

The deformation of €2 is characterized by a displacement vector u = (u;, u;, u3) and the re-
spective linearized strain tensor e (u) = (&;; (”))?,j=1’ whereg;; (1) = % (3u,~/8x,~ + 8uj/8x,~).
The stress-strain relation is given by a linear Hooke’s law:

Tij = Cijki€kl» i j, k,l =1,2, 3, (2148)
with ¢;ju € L®(Q) Vi, j, k, | satisfying the following symmetry and ellipticity conditions:

Cijrt(x) = Cjig(x) = cu;j(x) for almost all (a.a.) x € Q, (2.149)
dg =const. > 0:  cju(x)éi6u > q&ij6;; foraa x € Q, (2.150)

where (&;); j=1 is an arbitrary 3 x 3 symmetric matrix.

We seek a displacement vector u such that (2.146) and (2.147) are satisfied with
T = 1(u), where t(u) is related to £(x) through (2.148). In addition, the displacement
vector u has to satisfy the homogeneous boundary condition on I',:

u;=0 onl,, i=1273. (2.151)
To derive the weak formulation of this problem we use the following Green’s formula:

9T
frijeij(v)dx - _f -ﬂv,-dx+f 7;v; ds, (2.152)
Q o 0x; as

which is valid for any t and v smooth enough.
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Let V() be the space of admissible displacements
V(Q) ={veH Q) |v=00nT,}. (2.153)

From (2.146), (2.147), and the definition of V() it is readily seen that a solution u (if any)
can be characterized as an element of V() satisfying the following integral identity:

/rij(u)s,-j(v)dx=/ f,-v,-dx+/ Piv;ds Vv € V(Q), (2.154)
Q Q e

which will be used as a basis for the weak formulation of our problem.
Thus the weak formulation of the linear elasticity problem reads as follows:

(P

Find u € V() such that
a(u,v) =L{w) VYveV(Q),

where the bilinear form a and the linear form L are defined by the left and right sides of
(2.154), respectively.

Next we shall suppose that f € (L2(Q2))?, P € (L*(T'p)), and T, is nonempty and
open in 32. From (2.148) and (2.150) we see that

a(v,v) 2 4 _/s; & (Ve (W) dx = qlle@)f g Vv € V(). (2.155)

The most important assumption of the Lax—Milgram lemma, namely the V(Q)-ellipticity
of the bilinear form a, follows from Korn’s inequality:

3B =const. > 0: ||s(v)||0 Q= ,B||v||1 Q> (2.156)

which holds for any v € V(£2). Therefore (P;) has a unique solution.

‘We now turn to shape optimization. To simplify our presentation we restrict ourselves
to plane elasticity problems in what follows (due to symmetry conditions that are frequently
present, such a dimensional reduction is possible).

Shapes of admissible domains will again be parametrized by means of Lipschitz
continuous functions from /¢ , defined by (2.96) (see also Figure 2.2). On any Q (&), o €
U/, we consider the followmg linear elasticity problem:

Find u := u(x) € V(o) such that Pr@))
a(,v) = La(v) Vv € V(@), 1
where
a,(u,v) = [ T, (u)e;;(v)dx, 2.157)
Q(w)
L,(v) = fividx +/ P;v; ds, (2.158)
Q) Cp(a)

and V(a) is the space of admissible displacements defined by (2.153) on Q(a). As in
Remark 2.22 we shall suppose that I', (@), I'p (@) depend continuously ona € U [ad and, in
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addition, there exists § > 0 such that the one- -dimensional Lebesgue measure meas 1 I, (o) >
8 > 0 for any o € U*. Finally, let

f e L), (2.159)
Ac=const. >0: ||Plor,m <c Vae U, (2.160)

and (2.149), (2.150) be satisfied in 8o Q) Va € Ued,

One of the most typical problems we meet in shape optimization of deformable struc-
tures can be formulated as follows: Determine the shape of the structure of a prescribed
volume exhibiting the highest stiffness. The mathematical formulation of this problem is
as follows:

Find o* € U%  such that )
J@*, u(@) < J(@, u@) Yo e U™, :
where
J(a,y) = fiyi dx+/ P,y ds (2.161)
Q(x) Cp(e)

is the compliance functional, u() € V(a) solves (P;(a)), and U is defined by (2.97)
involving the constant volume constraint.

Before we prove the existence of solutions to (IP;) we shall specify the location of
I, (@) and T'p (). In what follows we shall suppose that T, () is represented by the graph
ofa € U je,T w(@) =T(@) and U'p(a) = 02 () \ I'(ex). We shall verify assumptions
(B1) and (B2) of Section 2.4.

LEMMA 2.24. (Verification of (Bl) ) Let T',(), T'p(cx) be as above and {(ay, u,)} be an
arbitrary sequence, where a, € U U and un = u(ety) € V(a,) solves (P1(a,)), n = o0.
Then one can find its subsequence and elements o € U 0,y e (H 1(Q))2 such that

{a,, = a inl0,1],

P 2.162
Uy = u in(H(Q)?, n— oo, ( )

where it,, denotes the extension of u, from Q(a,) to 9} by zero. In addition, u(a) = u\q)
solves (P1(a)).

Proof. From the definition of (P;(c,)), (2.155), (2.159), and (2.160) we sec that
2NleUn I3 o) < da,(Wn, Un) = La, (n) < cllunll o) (2.163)

holds for any n € N with a positive constant ¢ that does not depend on @ € U4, Next
we use a nontrivial result saying that the constant 8 of Korn’s inequality (2.156) is uniform
with respect to a class of domains possessing the uniform -cone property (see [Nit81]). In
particular, this constant can be chosen independently of ¢ € U {/%¢. From this and (2.163)
we see that there exists a positive constant ¢ such that

Nl 0@,y <c VYreNlN. (2.164)
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The rest of the proof is now obvious. Since u, = 0 on I'(«, ), one can use its zero extension
i, from Q (a,,) to Q satisfying (2. 164) as well. Thus there exists a subsequence of { ((x,,, un)}
satisfying (2.162), for some o € U 44 and converging weakly to an element u in (H 1@))2.
The fact that u = 0 in & \ Q(a), implying that u(e) := ujq« € V(a), can be verified just
as in Lemma 2.5. To show that u(c) solves (Py(@)), fix v € V(«). Then one can find a
sequence {v;} with v; € (C°°(?2:))2 vanishing in a vicinity of I (o) and such that

v > v in(H'Q)? j- oo (2.165)

For j € N fixed, the function v; 12@) belongs to V(a,) for n large enough. This means that
it can be used as a test function in (P;(«,)). Passing to the limit first with n — oo, then
with j — 00, we obtain

lim (hm aq, (Uy, v,)) = a,(u(x), v),

]—)OO

lim (hm L, (v,)) = L,(v),

Jj—>00 \n—>00

making use of (2.162)y, (2.165), and weak convergence of {,} to u. From this we conclude
that u(«) solves (P1(«)). Strong convergence in (2.162), can be shown in the standard
way.

REMARK 2,27. The linear term L, also involves the integral over I'p(or). We have men-
tioned in Subsection 2.5.2 that uniform convergence of {«,} to @ generally does not ensure
convergence of the respective sequence of the curvilinear integrals. In our particular case,
however, the situation is simpler, since the integration over I'p(a) is carried out on the
straight line segments and only the integrals along the top and bottom of Q(c) depend on
a. These integrals are of the form

o, (0) o, (1)
/ Pyv; dx;, / Piv; dxy,
0 0

and clearly uniform convergence of {,} to & is more than enough to pass to the limit with
n — oo. If the surface tractions P were prescribed on a curved part, it would be possible
to proceed as in Remark 2.17, avoiding the use of more regular design variables .

It is left as an easy exercise to show that J is continuous in the following sense:

o, =2 a inl0,1], o, oecT% }

. ~ —~ = lim J(@n, Yn|@,)) = (@, y ).
Yo =y in(H' ) yuye H @) nvoo " I 2@

(2.166)
From this and Lemma 2.24 we arrive at the following result.

THEOREM 2.17. Problem (Py) has a solution.

We now describe very briefly the discretization of (P;). The discrete families of
admissible domains O,,, O, will be defined as in Section 2.2. The space of admissible
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displacements will be discretized by continuous, piecewise linear vector functions on a
triangulation 7 (h, s,) of Q(r455.), 5, € U%:
Vi(s:) = (s € (CQuSIN* lowr € (PUT)? VT € T(h, 5),
v, =0 onTly,(rys,)}. (2.167)

Recall that ", (,5,,) = I'(rs5,,) is the graph of the piecewise linear interpolant of s,,.
In any €24 (s,.) € O, we define the following discrete linear elasticity problem:

Find uj := up(s,.) € Vy(s,.) such that
(P1(s50))
ar,s, (n, vp) = Lp,5, (vp)  VYoi € Vi(s,),
where
Arys, (Un, Vn) = / i (up)eij(vp) dx,
Qp(85c)
Los.ow) = [ foomdx+ f Punids  (Tp(nss) = 39(5) \ Talrsrn)).
Q4 (55) Tp(rnss)
For h, » > 0 fixed, the discretization of (IP;) is as follows:
Find s}, € U such that .
* * ad (]Ph’f)
J(s5,, un(s,)) < J (550, un(ss)) Vs, € Uy,

where
J(85c, yr) = f Sfivnidx +/ Piynids, yn € Vu(s,0).
Q1,(55¢) Cp(rnsse)

The convergence analysis for this problem can be done in a similar fashion as in the
previous parts of the book (see Problem 2.18).

We now turn to an important class of problems called contact shape optimization, i.e.,
optimization of structures assembling several deformable bodies in mutual contact. For the
sake of simplicity, we restrict ourselves to contact problems between one elastic body and
a rigid foundation—the case known in literature as the Signorini problem.

Consider a body 2 loaded by body forces of density f and surface tractions of density
PonapartI"'p C d2andfixed along I',,, respectively. In addition, the body will be supported
along a portion "¢ of the boundary by a rigid foundation S, limiting its deformation (see
Figure 2.5).

The body deforms in such a way that it still remains in the complement of S. Why
is this problem more complicated than the classical elasticity problem discussed above?
The deformation of Q2 depends not only on the given forces but also on contact pressures
occurring on ["¢. Unfortunately, these pressures are not known a priori; they are unknowns
of the problem. To make the form of contact conditions simpler, we confine ourselves to
a two-dimensional case and, in addition, shapes of bodies will be as shown in Figure 2.6:
the rigid foundation supporting €2 () is represented by the half-plane S = {x = (x;, x2) €
R? | x; < 0} and the contact part I'¢, usually the main object of optimization by the bottom
of Q(«). We shall suppose that ['¢ is represented by the graph of functions « € U, where

U = o e COU0,1D) | 0 < @ < @max in [0,1], |&/| < Loae.in]0, 1[} (2.168)
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Figure 2.5. Deformable body on a rigid support.

£

(=1 ]

S

Figure 2.6. Shape of admissible domains.

for some positive constants @max, Lo. The family O consists of domains
Q) ={(x1,x) € R? |ax) <x2 <¥,0<x; <1}, ¥ > 0given, (2.169)

where o € U and oy < 7/2.
The contact conditions on I'c = I'c (), o € U%, are expressed as follows:

ux(x) = —a(xy), Tx)=0 Vx=(x,a(x1)), x1 €0, 1], (2.170)
(u2(x) + a(x1)) To(x) =0, Vx = (x1,(x1)), x1 €]0, 1, (2171
Ti(x) =0, VxeTc(@), (2.172)

where T;(x) = t;;(u(x))v;, x € 3Q(«), stands for the ith component (i = 1, 2) of the
stress vector 7.

Condition (2.170) says that €2 («) cannot penetrate into S and only pressures may
occur on I'c(ar). If there is no contact at a point x € I'c(@), then T2(x) = 0 (no pressure).
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This is expressed by (2.171). Assuming perfectly smooth surfaces of Q2(«) and S, the
influence of friction can be neglected (see (2.172)).

By a classical solution of the Signorini problem we mean any displacement field
u = (u1, uy) satisfying the analogy of (2.146), (2.147) for plane problems with 7 := t(u),
where T (1) is related to the strain tensor () by means of the linear Hooke’s law, as well
as the homogeneous conditions on I', (o) and the contact conditions (2.170)—(2.172) on
Fc(w). As before we shall suppose that both ', («) and I'p () depend continuously on
ae U™ and meas 1 I',(¢) > § > Oforsome § > OQand all @ € Ued,

The weak form of the Signorini problem in Q(«) leads to an elliptic variational
inequality. We first introduce the closed, convex, and nonempty subset of V(«):

K@) = {v = (v1, 1) € V(@) | valxy, a(x;)) > —a(xy) foraa. x; €]0, 1[}. (2.173)

By a weak solution of the Signorini problem we mean any function u that is the solution of
the following:

Find u — K(e) such that
{m u == u(e) € K(o) such tha (P2())

ag(u,v—u) > Lo(v—u) Yve K(),

where a,, L, are defined by (2.157), (2.158), respectively. It is well known that (P,(c))
has a unique solution u () for any o« € U i (see [HHNO96]). It is left as an exercise to show
that the weak and classical formulations are formally equivalent. Since the bilinear form a,
is symmetric, (P,(w)) is equivalent to the following minimization problem:

Find u := u(a) € K(«) such that ~
{ (Pa(e))

Ey(u(e)) < Eq(v) Vv e K(a),

where .
E,(v) = —au(v v) — Ly (v)

is the total potential energy functional.
Next we shall analyze the following optimal shape design problem:

Find o* € U*® such that
)

J(@*, u(@") < J(e, u(@)) Vo e U™,

where
1
U™ = {a € U*given by (2.168) | / a(x)dx = y}, y > Ogiven, (2.174)
0
and

J(o, u(@)) := E,(u(a)) Va € U%,; (2.175)

i.e., the value of the cost functional equals the value of the total potential energy in the
equilibrium state u() € K(w), the solution of (P»(«)). As we shall see in Chapter 3, shape
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optimization with such a choice of J has an important feature: namely the resulting contact
stresses are evenly distributed along the optimal contact part.

The existence analysis for (P,) is based on the following auxiliary result, whose proof
can be found in [HN96] (see also Problem 2.19).

LEMMA 2.25. Let a, =3 « in [O,B, Uy, & € U, andv € K(«) be given. Then there
exists a sequence {v;}, v; € (H L)Y, such that

[%W”amm VjeNVn=no(j) €N, 2176

v, > ¥ in(H'@@)?, j— oo,
where U = pq v is the uniform extension of v from Q(a) to Q.

With this lemma in hand one can easily prove the following one.

LEMMA 2.26. (Verification of (B1).) For any sequence {(a,, u,)}, where o, € U and
Uy = u(a,) € K(ay) is a solution of (P2(ee,)), n — o<, there exist its subsequence and
elements o € U, u € (HY(D))? such that

o, S a in[0,1],
N ) LA 2.177)
u, ~u in(H (), n— oo,
where Uy, = Pqa,Un- In addition, u(a) := uiq ) solves (P2(a)).
Proof. (Sketch.) Inserting v := 0 into (Pz(«,)) we obtain
g, (U, Un) < Lo, (un) < cllunlli,0@) Yn €N, (2.178)

making use of (2.159) and (2.160). Exactly as in the linear elasticity problem one obtains
the boundedness of {{|#,l1,o,)} and hence of {{|#,]l; 5}.

We may assume that (2.177) holds for an appropriate subsequence and elements
a € U", ue (H'(Q))2 Set u(@) := ujne. To prove that u(a) € K(a), it is sufficient
to verify that us(x;, ¢(x1)) > —a(x;) ae. in ]0, 1[. Indeed, let z, = un o @y + oy,
Z = uy o o + o be the functions belonging to L2(]0, 1[). As in Lemma 2.21 one can show
that

zn =z in L%(10,1]), n — oo.

Since z, are nonnegative for any n € N, so is the limit z, implying that u(e) € K(o). It
remains to prove that u(«) solves (P2(«)). Fix v € K(«). From Lemma 2.25 the existence
of {v;} satisfying (2.176) follows. In particular, for j € N fixed, v i |9, a0 beusedas a
test function in (P, (ct,)) provided that n > ng(j):

aa,,(uns Vj — Up) > Lot,,(vj - Up).

It is now easy to show that the limit passage forn — oo and then for j — oo in the previous
inequality yields
aq(u(e), v —u(@)) = Lo(v — u(@)),

making use of (2.176) and (2.177). From this we conclude that u(e) solves (P2(e)). 0O
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‘We now prove the following.

LEMMA 2.27. (Verification of (B2).) The cost functional J, defined by (2.175), is lower
semicontinuous in the following sense:

a, 3o in[0,1], o ael%

~ ~ == liminf J(«,, > J(o, ).
=y in(H'@?, ymye (H‘(sz))z} ! (n maten) i

Proof. From the definition of J it follows that

1
J(a,y) = Eot()’) = ‘Z‘aa(y’ y) = Lo (y).

Since the bilinear form a, is symmetric for any & € U, it holds that the mapping y —
V. (y,y), y € V(@), is anorm in V(). Arguing as in the proof of Lemma 2.19 one can
show that

Iinn;l)iolgf g, (}’nm(an), yn|Q(an)) = aa()’m(a)’ Vi)

Since also
Iim Lo, Ynje@,)) = LaOio@)s

we arrive at the assertion. [

As a consequence of Lemmas 2.26 and 2.27 we obtain the following existence result.
THEOREM 2.18. Problem (IP,) has a solution.

In the remainder of this subsection we briefly describe the discretization of (IP;).
Recall that the geometry of admissible domains is now given by Figure 2.6. The only
difference in contact shape optimization is the fact that the state problem is given by a
variational inequality. Let Ay : 0 = by < by < --- < bz, = 1 be a partition of [0, 1]
and, as before, denote by rys,, the piecewise linear interpolant of s,, € U f;’ (given by
(2.50)) on A, defining the computational domain Q (rs,.). Let 7 (h, s,,) be a triangulation

of Q(rss,c) and My, = {A )8, A; = (bi, ra8,.(B)) = (b, 5,.(;)), be the system of all
nodes of T'(h, 5,.) lying on Cc (r45,.). By A, € M), we denote the system of all the contact
nodes; ie., A; € Ny iff A; € Tc(rps,.) \ Tu(rns,.) (observe that AV}, is a proper subset of
M, provided T (rys,.) N Ty (rys,.) # B). We set

Kn(s::) = {vn = (Wn1, vr2) € Vi(s50) | v (A) = —s,.(bi) VA; € Np}, (2.179)
where V;,(s,.) is defined by (2.167).

REMARK 2.28. As in Remark 2.25 one can show that K (s,.) C K(rys,.); i.e., functions
from K (s,,) satisfy the unilateral condition not only at the contact nodes but also along the
whole piecewise linear contact boundary "¢ (rys..).
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On any 2,(s,.) € O, we define the discrete state inequality as follows:

Find u; = L) € Ki(s, h that
{ ind uj, := up(sx) € Ku(ss) such tha (Pan(s52))

Ar,s, (Un, v — up) = Ly, (vp —up) Yo € Ki(s,0).

REMARK 2.29. In analogy to the continuous setting the solution u(s,.) of (Px(s.)) can
be characterized as follows:

(Pan(5:0))

Find u;(s,.) € Ki(s,,) such that
Erhs,‘(uh(sx)) < Er;,s,((vh) Y, € Kh(sx)s

where

1
~Qprys,, (vh» vh) - Lrhsx (vh)-

Er;,s,{ (vh) = 3

The discretization of (IP;) is now obvious. For &, 3z > 0 fixed we define the following:

Find s* € U* such that
{ 4 3 (P}Z,x)

J(sh un(s)) < J(Soe, un(s5)) Vs, € UL,
where uy, (s,.) € K, (s,.) solves (P2 (s,.)) and

J(S3c, un(5,0)) 1= Er;.su (un(5:0)).

To establish a relation between (P,) and (]P’,Zm) for h, 2 = 0+ we have to verify the
assumptions of Theorem 2.11.

LemMa 2.28. (Verification of (B2),,.) For any sequence {(S,., un(s,))}, where s,, € U ,‘id
and uy(s,.) € K;, (sxlsolves (P21r(552)), h = O+, there exist its subsequence and elements
a € U%, u e (H(Q))? such that

- L~ (2.180)
up(s,) =~ u in(H (Q))°, h,»x— 0+,

{s,{ Sa, ms=3a inf0,1],
where Up(S:c) = P@rys, )4 (85c) is the uniform extension of up(s,.) from Q(rps..) to S m
addition, u(a) := u\q ) solves (P2(a)).

Proof. (Sketch.) The existence of a subsequence and of elements & € U, u € (H!(Q))>
satisfying (2.180) is obvious. Also, the fact that u(«) := u)0) € K(ar) can be shown as
in Lemma 2.26. Next we prove that u(«) solves (P(«)). From Lemma 2.25 we know
that any function v € K(a) can be approximated by a sequence {v;}, v; € (H'(Q))?,
satisfying (2.176) with {rys,.} instead of {a,}. It is possible to show (see [HNT86]) that
the functions v; can be chosen even more regular, namely v; € (C°°(7S§))2 Vj € N and
Vi 1@(rhs.0) € K(rns,.) provided that A, sc are small enough, still preserving (2.176),. Let

(T, §,.)} be a system of triangulations of Q \ Q(745,,) satisfying (71)~(73) and let v, ;
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be the piecewise linear Lagrange interpolant of v; on T (h, s,.) U T (h,s,). Fix j € N,
Then N
m; — v, in (H'(Q)?, h—> 0+,

and muv J 12, € Kn(s,.) for h, x small enough. Therefore 7,v; can be used as a test
function in (P (s,.)). The rest of the proof proceeds in the standard way: we pass to the
limit in (Pyy(s,,)) first with A — 0+, then with j — co. [

LEMMA 2.29. (Verification of (B3),,.) Let {(S;, un(s,.))}, where s,, € U"d and uh(s%) e
Ky (s,.) solves (Pa(ss)), h — O+, be such that (2.180) holds for some « € U* a
u € (HI(Q))2 Then

h’;l{i_lll% J (S50, un(850)) = J (0, U1Q(a))-

Proof. From the proof of the previous lemma we know that any function from K(«), in
particular the solution u(a) of (P2(@)), can be approximated by a sequence {u;}, u; €
(C°°(=§)) UjiQeas.) € K(rns$,.), h, » small enough, such that (2.176), holds with ¥ :=
u(a). Let mu j be the piecewise linear Lagrange interpolant of u ; constructed in the previous
lemma. We know that for any j € N fixed

14 ~—>-'nH1§2, h 0+,
{ wj = Uy in (H(S0) - 2.181)

TThU 10 5,0) € Kn5:x)
for h, > small enough. From the definition of J, Remark 2.29, and (2.181) it follows that
J (S, un(8,)) = Erhs,{ (un(s,)) < Er;.s,( (nhuj)-

From this and (2.181) we easily obtain

lim sup J(s,,, up(s)) < limsup (lim sup E,, ;. (pu j))
h, x>0+ j—=o0 h, x>0+

(2.182)
= lim ( lim E,hsx(m,u,)) = Ey(u(@))
Jj—o0o \ h,3x—>0+

(for the sake of simplicity of notation we write 7, u; instead of wyu; |n(rhs,())' On the other
hand, from Lemma 2.27, it follows that

}llim ingr J (850, un(s,0)) = J (@, u(@)) = Eq(u(a)).

Combining this and (2.182) we see that
, lim0+ J(S30, un(850)) = J(a, u(e)). O

Since all the convergence assumptions are satisfied, we have proved that (IP;) and
(P2,), h — 0+, are close in the sense of subsequences in the sense of Theorem 2.11.

The matrix formulation of (’Pz;, (s5)) for h, 3x > O fixed leads again to a quadratic
programming problem similar to the one presented in the previous subsection. However,
there is one distinction in comparison with the scalar case: the closed, convex subset of
R® (n = dimV,(s,.)), which is isomorphic with K (s,,), now depends explicitly on the
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discrete design variable & € /. Indeed, the function s,, € U2¢ defining the shape of ()
is uniquely determined by a discrete design variable & € U (see (2.48) and (2.50)). To stress
this fact let us write s,. () instead of s,,. Then

K(e) ={x e R" | xj;, > —s,.(bi, ) Vj; €1}, (2.183)

where Z is the set of indices of all (constrained) x, components of uj(s,,) at the nodes of Nj:
i€ < A eNy: xj =un(l), A = (b, s, (bi, ).

2.5.6 Shape optimization in fluid mechanics

In the third part of this book we shall present several examples of shape optimization in
the field of fluid mechanics with applications in practice. The aim of this subsection is to
show how the techniques developed so far can be used in such problems. For the sake of
simplicity we restrict ourselves to two-dimensional stationary problems governed by the
Stokes equations and to a cost functional J depending only on the velocity. For more details
on the formulation and the numerical realization of problems in fluid mechanics we refer to
[GR79].

We first introduce the state problem. Let an incompressible Newtonian fluid occupy
adomain © C R2. We want to find the velocity field u = (u;, u») and the pressure p of the
fluid satisfying the Stokes equations

d . )
—;,LAu,-+a—fi=ﬂ me, i=1,2,
divu =0 in€,
u;=0 ondQ, i=1,2,

(2.184)

where 4 > 0 is a viscosity parameter and f € (L2, (R?))? is the density of external forces.

For simplicity let 4 = 1. To get a weak form of (2.184) we introduce the space
V(Q) = {v e (H} (2))* | divv = 0in Q}. (2.185)

We start with the so-called velocity formulation. A velocity u is said to be a weak solution
of the Stokes problem iff

ueV): /Vu:Vvdx:/f~vdx Yv € V(Q), P)
Q Q

where Vu : Vv := Vu; - Vv; and f - v ;= f;v; using again the summation convention. The
pressure p disappears from this formulation owing to the definition of the space V(£2) in
which the incompressibility constraint div v = 0 in Q is satisfied a priori. On the other hand
this condition can be viewed to be an additional constraint that can be released by means of
a Lagrange multiplier technique. In this way we arrive at the velocity-pressure formulation,
frequently used in computations.

Acouple (u, p) € (H}(2))? x L() is called a weak solution of the velocity-pressure
Jormulation of the Stokes equations iff

/Vu:Vvdx—fpdivvdx:/f-vdx Vve(Hol(Q))z,
]qdivudx:O Yq € L3(R),
Q
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where L%(Q) is the subspace of functions from L?() that are orthogonal to Py, i.e., to all
constants. The pressure p can be interpreted as the Lagrange multiplier associated with the
constraint divu = 0 in Q. It is well known that (P) and (P) are equivalent in the following
sense: if u € V(L) solves (P), then there exists p € L? 5(§2) such that the pair (u, p) solves
(’P) On the contrary, if (u, p) solves (P) then the first component u solves (P). In addition,
(P) and (P) have unique solutions u and (u, p), respectively.

In what follows we shall consider an optimal design problem with the Stokes equations
as the state problem. As before we restrict ourselves to domains depicted in Figure 2.2;
i.e., the designed part is again parametrized by functions & € U e given by (2.96). On any
Q(a), a € U, the Stokes problem will be defined. One of the typical shape optimization
problems in ﬂuid mechanics consists of finding a profile of the structure that minimizes the
dissipated energy. The mathematical formulation of this problem is as follows:

Find a* € U*  such that )
J(@*, u(@®) < J(e, u(@) YaeU®,
where
1 1 /ov; ov;
J(o,v) = 3 -/;Z(a) &;j(v)e;j(v) dx, ;i (v) = 5 (B_xj + a_xj) 5 (2.186)

u(a) solves the Stokes equations in Q2 («); and U® is defined by (2.97). Below we prove
the existence of a solution to (). To this end we shall verify assumptions (81) and (B2)
of Section 2.4. Since the cost functional J involves only the velocity field u, we shall use
the weak velocity formulation of the Stokes problem in Q2 («):

Find 4 := u(x) € V(o) such that

/ Vu :Vvdx = f-vdx VveV(r), (P(@))
Q(a) Q)

where V() is the space defined by (2.185) in  := Q(a), a € Ued.

CoNVENTION: Throughout this subsection, the symbol ™ above the function stands for its
extension by zero outside of the domain of its definition.

LEMMA 2.30. (Verification of (B1).) For any sequence {(o,, u,)}, where o, € € U and
u, = u(ey,) € V(a,,) solves (P(an)), n — 00, there exist its subsequence and elements
o€ U“d, u e (H0 (S'Z))2 such that

{a,, =a inl0,1], (2.187)

Wy, = u in(H/(Q)% n— .
In addition, u(@) 1= uq () solves (P(a)).

Proof. The proof proceeds in the same way as the proof of Lemma 2.5 using that V(o) N
(CFP (2 (@)))? is dense in V(a) foranya € U [jad (for the proof see [Tem77]) and the fact that
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if v € V(«), then its zero extension v belongs to V(ﬁ) ={pe (Ho1 (’Si))2 | divp =0in ﬁ}.
Only one more step has to be proven, namely that u(«) is divergence free in Q (), or

/ w@) -Vedx =0 VYo e C(2(a)). (2.188)
Q(a)

Let ¢ € C§°(2()) be fixed. Then @man) € C§°(Q(e,)) for any n > ng, where ng € Nis
large enough. Since u, € V() we have that

/ Uy, -Vgdx =0 Vn > ng.
Qen)

Passing to the limit with n — oo and using (2.187) we arrive at (2.188). 0

It is readily seen that assumption (132) is also satisfied for the cost functional J defined
by (2.186). Therefore from Theorem 2.10 we obtain the following.

THEOREM 2.19. Problem (P) has a solution.

Let us pass to an approximation of (PP). As far as the approximation of the geometry
is concerned, we use the same systems O, and O, as in Section 2.2. We will focus on the
discretization of the state problem. The incompressibility condition is the main difficulty
we face in the numerical realization of the Stokes equations. There are several ways to treat
this condition. Here we briefly mention three of them: (i) the stream function formulation,
(ii) mixed finite element formulations, and (iii) penalization techniques.

The stream function formulation relies on the fact that any function v € V(&) in
(simply connected) () can be written in the form v = curl ¥, where the so-called
stream function v belongs to Hg(Q (). Inserting u := curl g, v := curly into (P(a)),
@, ¥ e HO2 (2(@)), we derive the stream function formulation of the Stokes problem:

Find ¢ := () € HZ((«)) such that

/ ApAyrdx =/ [ curlyrdx Yy € HOZ(Q(CY)), (Psur(e))
@) Q@

which will be the basis of a finite element approximation.

REMARK 2.30. In the derivation of (P («)) we used the fact that

¥p 8%y 2¢ 3y
Rz = dx Vo, v € H(Q ().
/3:2(00 dx} 8x; * ./s;(o,) dx10x2 dx10x2 * Yo.¥ 0 (©2()

Let Wy (s,) C HZ(Q2(r455)) be a finite element space constructed by means of C!-
finite elements over a triangulation 7 (k, s,,) of Q(rys,.), s, € U f,d (we may use, for
example, polynomials of the fifth degree on triangles with 21 degrees of freedom; for
details we refer to [Cia02]).
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The discretization of the stream function formulation is now defined in the standard
way:

Find ¢y := ¢5(s,.) € Wi(s,.) such that

f A(phAl//h dx = / f - curl lph dx Vl/lh € Wh(s,,).
24(55¢) Q1 (55¢)

(Pste,n(852))

With ¢y (s,.) at hand, the function uy(s,.) := curl ¢, (s,,) approximates the velocity field.
Observe that the incompressibility condition div u,(s,.) = 0 is satisfied exactly in €2 (s,.)
in this case.

The discretization of (P) now reads as follows:

Find s% € U%  such that
(]Phu)

J (st curl @ (s5)) < J(So, curl g (s,0)) Vs, € U,

with @, (s,.) € W;(s,,) being the solution of (Pg 5 (s55)).
We want to prove that (IP) and (P,,) are close as k, » — 0+ in the sense of Theo-
rem 2.11. We first shall verify assumption (32),, of Section 2.4.

LEMMA 2.31. (Verification of (B2),..) For any sequence {(s,., ¢n(5,.))}, where s, € U% ad
and ¢, = @u(s,.) € Wy(s,) is the solution of (Psrn(85)), B — 0+, there exist its
subsequence and elements o € U%?, ¢ € H0 (Q) such that

s, =3 a inf0,1],
~ PPN (2.189)
On(sy) =@ inHy(Q), h,x—0+4.
In addition, p(at) = @) solves (Pse(e)).
Proof. Inserting vy, := @y into (P, n(s,.)) we obtain (see Remark 2.30)
083,045, = 1800150,y < 1 0,212k l12.04 5.0 (2.190)

Smce the extended function @ belongs to Ho (Q) (2.190) and the Friedrichs inequality in
H? &) yield
clFnlZg <182 o = lenli gy < 1702 1Phl20.

where ¢ > 0 does not depend on k, » > 0, implying the boundedness of {||@x ||, g}. Thus
one can pass to a subsequence of {(s,, <ph)} satisfying (2.189); for some « € U%? and
convergmg weakly to an element ¢ € H, 2(SZ) To prove that p(a) := @|q(, belongs to
H0 (22 («)) we have to show that (o) = d¢(a)/dv = 0 on I'(«). But this follows from the
fact that ¢ = O in 9 \ Q(a) (see the proof of Lemma 2.5). It remains to prove that ¢ (c)
solves (Pstr(oz))

Let {T (h,s,)}bea regular family of triangulations of Q \ Qrisy) satisfying (ThH-
(73) of Section 2.2 and W, () be the finite element space over T (h, 5,.) U T (h, s,.) using
the same type of C!-finite elements as above. Let yr € C5°(R2(a)) be given and denote by
nm// e W, (SZ) the piecewise Hermite interpolant of 1// Then

m¥ — ¥ inHXQ), h—>0+. (2.191)
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In addition, the restriction 7, 1,; 19 5,0 DElONgS to Wi (s,,) as follows from (2.189); for A, 3¢ >
0 small enough. Thus it can be used as a test function in (P, (550)):

f AgohA(m,l?/’) dx = / f -curl (m,;ﬁ) dx
Qp($3c)

Qp (55c)

or, equivalently,
ﬁ Xnu AP AT YY) dx = fA Xisef - curl (mp ) dx,
9] 9)

where xz,. is the characteristic function of Q4 (s,,). Letting h, 5» — 0+ we arrive at

ﬁwaAt/?dx:f xf - curl ¢ dx, (2.192)
Q

Q)

where x is the characteristic function of €2 (o), making use of (2.189);, (2.191), and weak
convergence of a subsequence of {@(s,)} to ¢. Since C§°(2(a)) is dense in H&(Q (@),
(2.192) holds for any ¢ € HOZ(Q (@)); i.€., Yo solves (Pu(e)). The proof of strong
convergence of {@y(s,.)} to ¢ in the Ho2 (ﬁ)-norm is obvious:

|84l g = (f curl Ga(s,:))p8 — (frcurlplog = lol; 5. O

Since assumption (B3),, is also satisfied for the cost functional J, we arrive at the
following result.

THEOREM 2.20. Let {(s},, ¢n(sL))} be a sequence of optimal pairs of (Py,.), h — 0+.
Then one can find its subsequence such that

{s; =a* inl0,1],

I ) A (2.193)
on(sy) > o* inH{(Q), h,»x—0+.

In addition, (a*, p*\q+) is an optimal pair of (P). Any accumulation point of
{(sX, @n(s%))} in the sense of (2.193) possesses this property.

Due to their complexity, C!-finite elements used for the approximation of the stream
function formulation represent the main drawback of the previous approach. For this reason,
mixed finite element techniques based on the velocity-pressure formulation are nowadays
more popular. For more details on mixed variational formulations see also Chapter 6.

On any () € O we shall consider the velocity-pressure formulation of the Stokes
problem:

[ Find (u(a), p(@)) € (HL(Q()))? x L3(S2(a)) such that

/ Vu(a): Vvdx — / p(a)divvdx
Q(a) Q)

[ foesx wem@ay, @
Q(a)

/ qgdivu(e)dx =0 Yq € L%(SZ (@)).
L v/ Q(a)
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As we have already mentioned we are not now restricted to divergence free velocities.

Let X(s5,.) C (H(}(Q(rhs,{)))z, My (s,) C L3(S2(rys..)) be finite element spaces
constructed by means of triangular elements in 2 (s,.). By a mixed finite element approx-
imation of the Stokes equations we mean a problem of finding a pair (uy(s,.), pr(s,)) €
Xn(s5) X Mp(s,,.) satisfying

/ Vuy(s,.) : Vo, dx — f pr(s,)div o, dx
Qh(sx) Qh(sx)

_ / fomdx Yo €Xn(s),  (Bu(se)
Qp(53.)

/ gndivup(s,)dx =0 Vg, € My(s,).
2 (55¢)

The existence and uniqueness of a solution to (ﬁh (s,.)) is ensured provided that the following
condition is satisfied:

f grdivopdx =0 Vup € Xp(s) = gn =0 in 24(s,.). (2.194)
Q5 (55)

This condition restricts the choice of X, (s,.) and M (s,.) used in (ﬁh (s55.)). For pairs satis-
fying (2.194) we refer to [GR79] and [BF91]. Contrary to the stream function formulation,
the divergence free constraint in (Py(s,,.)) is satisfied only in the following approximate
sense:

/ grdivuydx =0 Ya, € My(s,.).
Qp(55)

On the other hand, mixed finite element methods enable us to approximate simultane-
ously and independently the velocity u and the pressure p. The convergence analysis for
(Pu,.), B, 3 — 04, using mixed finite element formulations of the Stokes state equations
can again be carried out by adapting the abstract theory of Section 2.4.

A penalty technique is another way to treat the incompressibility condition. We shall
illustrate this approach in the continuous setting of the Stokes equations.

It is known that the velocity formulation (P («)) is equivalent to the following mini-
mization problem:

| Find \% h that
[ ind u(a) € V() such thal P ()

Ey(u(@)) < Eq(v) Vv e V(w),

where
1 .
E,(v) = —/ Vv : Vudx —/ f-vdx, aeU" ve (Hy(Q@))>
2 Jow Qe)

The divergence free condition appearing in the definition of V(&) represents a constraint
that can be involved in the problem by means of a suitable penalty term.

Let £ > 0 be a penalty parameter destined to tend to zero and define the augmented
functional E, ;:

Eoo(v) i= Eq(v) + 1 / divv)?dx, aeU%, ve(H Q@)
2¢e Q@)
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The penalized form of the Stokes equations in 2 () is defined as follows:

Find u. (o) € (H{(R(a)))? such that )
. ) (Py(a))
Eqye(ue(@)) < Eqe(v) Vv € (Hy(R2()))
or, equivalently:
Find u, = u. (@) € (H3 (Q2()))* such that
(Pe())

1
f Vu.:Vvdx + —/ divu divode = | f-vdx Yv e (H} (QUa))>.
Q) € JQ@) Q(a)

Notice that (P (e)) is already the unconstrained minimization problem, which approximates
(P()) in the following sense (see [Lio69]):

us(@) > u(e) in (HA(Q@))?, &—>0+. (2.195)

For any ¢ > 0 fixed, we shall define the following optimal shape design problem:

Find o} € U*  such that
(®.)

T} us (@) < J(@,us(@)) Vo e U™,

where u.(a) € (HO1 (S2()))? is the solution to (P, («)) and J is defined by (2.186). Instead
of the original state problem (P («)) we use its penalty approximation (P, («)) whose quality
depends on, among other factors, the magnitude of &. The optimal shape in (P.) depends
on £. This is why we use the notation o). A natural question arises: What happens when
& — 0+? Are solutions to (P) and (P,) close for ¢ — 0+ and, if yes, in which sense? We
shall study this in more detail.

First of all, using the abstract theory of Section 2.4, one can easily show that () has
at Jeast one solution ) for any ¢ > 0.

The following lemma plays a crucial role in the convergence analysis.

LEMMA 2.32. Forany sequence {(at,, us(ats))}, wherea, € U andu,(a,) € (H{(Q (Olfv)))z
is the soltﬁion of (P:(a:)), € — 0+, there exist its subsequence and elements a € U ad,
ue (HO1 (2))? such that

o, =S a inl0,1],
B ; NP (2.196)
ug(og) > u in(Hy(RQ)°, €—->0+.

In addition, u(a) := u|p) solves (P()).

Proof. The definition of (P.(a,)) yields

1
f Vug : Vu. dx + —f (divug)?dx = / f -usdx. (2.197)
Qe € JQ() Q@)

From this and the Friedrichs inequality in (HO1 (ﬁ))2 it easily follows that {[|iz;|l; g} is
bounded. Therefore (2.196) holds for an appropriate subsequence of {(c,, 4 (o))} and for
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some @ € U* and u € (H} (©))2. Tt is easy to prove that u = 0 in & \ Q(«), meaning that
u(@) = ujg@) € (Hy(Q@)))>.

Next we prove that u(«) is divergence free in Q(x); i.e., u(xx) € V(«). To this end it
will be sufficient to show that

f gdivu(@)dx =0 Vq € L() (2.198)
Q)

for a dense subset L(a) of L%(Q (). Indeed, if (2.198) were satisfied for g € L(a), then
it also would be satisfied for any ¢ belonging to the direct sum Py & L(«), which is dense
in L%(Q(x)), since

divedx =0 Vv e (HH(2 (@))%,
Q(a)

implying div u(o) = 0 in (). Below we show that
L@) = {g € Ly(Q(@)) | I € (CF(Q@)))* : g =divv} (2.199)

possesses this property. We first prove that such an L (@) is dense in L%(SZ ().
Letg € L3(Q(a)) and n > 0be given. Then there exists a function v € (Hj (R (@)))?
(see [GR79]) such that

divv =g in Q(a). (2.200)

From the density of (C(Q2()))? in (H} (2()))?, the existence of w € (CP(Q(e)))?
such that
lv—wliow <7

follows. From this and (2.200) we see that

lg = qllo.ew <7,

where ¢ = div w in Q (o), proving the required density resuit.
Let w € (C(R(w)))? be given. Then Wge,) € (C((ee)))? for any & < &
where g9 > 0 is small enough. The definition of (P.(c.)), & < &, yields

divu divivdx = ¢ ( f-wdx — / Vu, : Vu dx) . (2.201)
Q(ae) Qa;) Q(a;)

Letting ¢ — 0+ in (2.201) and using the boundedness of {|ju:|l1,o,)} We obtain

lim div u divwdx = 0.
20+ Jo,)

On the other hand it is easy to show that
0= lim divu divwdx = f divu(a) g dx, (2.202)
20+ Jae,) Q@

proving (2.198) for any element ¢ = divw € L(a) given by (2.199). It remains to show
that u(a) solves (P(a)).
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Let w € (C(R()))?, divw = 0 in Q(«), be given. Then W) € V(a,) for any
& < gg with gy > ( small enough. From the definition of (P, (c.)) it follows that

/ Vu, : Vindx = f-wdx (2.203)
Q) Qo)
holds for any ¢ < gy. The limit passage € — 04 in (2.203) yields
/ Vu(e) : Viodx = / f-wdx. (2.204)
Q) Q(e)
This equality holds for any w € V(o) N (C°(Q (@)))? that is dense in V(a). Therefore

(2.204) holds for any w € Y(a); i.e., u(a) solves (P(a)). Let us show now that {#,(a.)}
tends strongly to u in (Hj (2))?. From the definition of (P;(,)) it follows that

~ 1 .
|u8|f s < f Vu, : Vu.dx + —/ (divug)?dx = fuzdx
' () € Ja,) Q%)
so that
limsup [%)% 5 < lim f u.dx = f-u(@)dx
’ £—>
0+ ) ) (2.205)

= / Vu(a) : Vu(e)dx = Iulfﬁ,
Q@) '

making use of the fact that u(x) = u)q(q) solves (P(a)). On the other hand,

2A
1.8

liminf |7, % 5 > |u
im nf 17,17 5 = lu
as follows from the weak convergence of {i.} to u. From this and (2.205) we see that
lim |18 = lul1 8
€_>0+| clig = lulya,

implying strong convergence, taking into account that | - [, g is a norm in H] @. 0

On the basis of the previous lemma we are ready to analyze the relation between
solutions to (P) and (P.) as ¢ — 0+.

THEOREM 2.21. Let {(a}, u.(c:}))} be a sequence of optimal pairs of (P;), € — 0+. Then
one can find its subsequence such that
{ o 2o inf0,1],

~ A (2.206)
Ug(a)) = u* in(Hy(Q)*, e—->0+.

In addition, (a*, u*|q~) is an optimal pair of (P). Furthermore, any accumulation point
of {(a}, us(a}))} in the sense of (2.206) possesses this property.

Proof. From Lemma 2.32 we already know that (2.206) holds for an appropriate subse-
quence of {(a], us(a}))} and that u(a*) 1= u*\q+) solves (P(a*)). We shall show that o*
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solves (P). Let@ € U“? be given and u(a) € V(@) be the respective solution to the Stokes
problem in Q (&). From (2.195) we know that u (&) can be approximated by the solutions
of the penalized problems (P, (o)) (keeping o fixed):

u (@) — u@ in(H @ Q@))? &—>0+. (2.207)
From the definition of (P,),
Jak, uc(a))) < J(@, u(@)).
Passing to the limit with ¢ — 04, using (2.206), (2.207), and continuity of J, we arrive at
J(e*, u(e®)) < J(@, u(@)).

Since @ € U® is arbitrary, a* solves (P). [

REMARK 2.31. Instead of the penalty functional j.(v) = (1/¢) fQ @ (div v)? dx, which is
the simplest one, more sophisticated penalizations of the Stokes problem (see [GR79)) are
usually used.

We now briefly describe the discretization of (IP) using the penalized form of the
Stokes equations. Let s,, € U ,“{d be given and V,(s,,) be a finite element subspace of
(H} (S2(rs..)))* made of continuous, piecewise linear vector functions over 7 (A, s,,). Fi-
nally, let the penalty parameter ¢ := e(h) be a function of & such that e(h) — O+ iff
h — 0+. We first discretize the penalized Stokes problem as follows:

Find u.p, := u.;(s,.) € Vi, (s,.) such that

1
Vug, : Vopdx + —— div u pdiv vy, dx
/szm,,) PV Japen (Pen(5:))

= / f c Uy dx Yy, € Vh(su)’
Q5 (55¢)

and then we define the following discrete optimization problem:

Find s*_ € U%®  such that

T2, uen(sE)) < T (s, ten(s:)) Vs, € U,

where u.;(s,.) solves (Pgp(s,)). One can show again that problems (P) and (P,.) are
close in the sense of Theorem 2.11 as A, »r — 04.

REMARK 2.32. The penalty technique can be used with success in any optimization prob-
lem involving constraints. In particular, it can be used in the optimization of structures
whose behavior is governed by variational inequalities. As we have already mentioned,
these problems are not generally differentiable due to the fact that the state is represented
by a variational inequality. An appropriate penalization of constraints makes it possible
to approximate state inequalities by a sequence of equations and therefore to replace an
originally nonsmooth problem with a sequence of smooth ones. This approach has been
used, for example, in contact shape optimization (see [HN96]).
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Problems
PROBLEM 2.1. Prove Theorem 2.2.

PROBLEM 2.2. [BG75] Prove that for any e € U there exists {e;}, e, € UF?, such that
en =3 ein I, h — 0+, where U%, U,‘,‘d are defined by (2.3), (2.15), respectively.

Hint: For any h > 0 define the continuous, piecewise linear function e; on Ay as
follows:

1 Qi+1/2
eh(ai)=—/ edx, i=0,...,d,
G172

where € is the even extension of e from [0, £] to [—h/2, £ + h/2] and a;.1/2 stands for the
midpoint of [a;, ai41] (a_1/2 = —h/2, ag+12 = £+ h/2). Show that e, € U;:d and {e;}
has the required convergence property.

PROBLEM 2.3. Prove the formal equivalence between the classical formulation (2.2) of the
state problem and its weak formulation (P(e)).

PROBLEM 2.4. Prove that the cost functionals (e € U% (see (2.3)), y € H02 n)

1 1 i . .
J(e, y) = §||y —ydlli, + 5_/;e2dx, ya € Hj(I) given, j =0,1,2;
k 2

11d
J(e,y) = 3 ’E,;)’(xo) —Cr

1
+ 5 fezdx, cr € R and xp €]0, £[ given, k =0, 1,
I

satisfy (2.12).

PROBLEM 2.5. Prove that the function €;, defined by (2.35) belongs to ﬁf" given by (2.32)
and
en— e inL*®{), h— 0+,

for any e € U%.

PROBLEM 2.6. Prove Lemma 2.4. (Hint: use the Lebesgue-dominated convergence
theorem.)

PROBLEM 2.7. Prove Lemma 2.7.
PrROBLEM 2.8. Prove Lemma 2.8.

PROBLEM 2.9. Provg\ that the following cost functionals satisfy (2.46) (@ € U 4d (see
Section 2.2), y € H} (Q)):

1 — .
J(a,y) = 5”)’ — 2l 0@ 24 € L*(Q) given;

1 ~ .
J(@,y) = Elle’ ~ 2} 0@ 24 € (L*())* given;

1
I@3) = 519318 g = (f: Yoo
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PROBLEM 2.10. Prove Lemma 2.14 under the conditions that
p(0) <0, @@ =<0,

where ¢ is the function appearing in the definition of K.

PROBLEM 2.11. Let K, and K be the same as in Subsection 2.5.1. Let {v;}, vy € K}, be
such that
vp(x) &> v(x), h > 0+, forallx e I,

where v € C(I). Prove that v € K.

PROBLEM 2.12. Prove that (P(e)) from Subsection 2.5.1 has a unique solution u. Using
integration by parts shows that u satisfies the following set of conditions:

A(e)u > f in]0, €[,
u@ =) =ul@=u'{®€) =0, u=>¢, inl0,¢],
(Al@u — flu—¢)=0 in]0, £,

where A(e)u := (Be’u”)” provided u is smooth enough.

PROBLEM 2.13. Give the algebraic formulation of the discrete state inequality (P (es))
from Subsection 2.5.1.

PROBLEM 2.14. Prove Lemma 2.16.
PRrROBLEM 2.15. Consider problem (P) with nonhomogeneous Neumann state problems

whose weak formulation is defined by (Pg(«)) (see Remark 2.17) and with the cost func-
tional J:

@y =[ vy-Vyix yeH'@@). aev,
Q(a)
where U%¢ is given by (2.97). Prove the existence of solutions to (P).

PROBLEM 2.16. Define the approximation of () with the Dirichlet-Neumann boundary
state problems and verify that assumptions (1),,~(B3),. of Section 2.4 are satisfied.

PROBLEM 2.17. Prove (2.166).

PRrOBLEM 2.18. Complete the convergence analysis for optimal shape design problem (P;)
from Subsection 2.5.5.

PROBLEM 2.19. Prove Lemma 2.25.

Hint: let v = (v, v2) € K(o), v = pawv = (U1,7,) be the extension of v
from Q(x) to Q. Define ¥ (x1, x3) = max{vy(x1, x2), —x2}, (x1,x2) € R, and set

¥ = (9, ¥2). Provethat ¥/ g, € K(ar). Decompose v : ¥ = ¢+, where ® = (P, D)
is such that @yr, ) = P21, (@) = P2ire(ey = 0. Approximate $ by a sequence {®;}, d; =
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(@1, ®j2) € (C®(RQ))2, with & j;, B ;, vanishing in the vicinity of T, (), T, @) UTc(@),
respectively, and ShOV,V\ that {v;}, where v; := ¢ + ®;, satisfies (2.176) using the fact that
Yo (x1, x2) = —x2in Q.

PROBLEM 2.20. Let 0% be given by (2.96) and consider the respective family O of
admissible domains. On any Q () € O, @ € U %4 we shall consider the linear elasticity
problem (P; (c)) as in Subsection 2.5.5 with the following minor change: the surface traction
P is now applied on I'p(a) = I'(e), i.e., on the designed part of the structure, while the
zero displacements are prescribed on I'y(e) = 3Q(a) \ I'p(er). Formulate the traction
conditions on I'p (&) by using the technique of Remark 2.17.

PROBLEM 2.21. Prove the formal equivalence between the classical and weak formulations
of the Signorini problem without friction.

PROBLEM 2.22. Prove that optimal shape design problem (P, ) from Subsection 2.5.6 using
the penalized Stokes equations (P;(«)) has a solution for any ¢ > 0.

PROBLEM 2.23. Consider an approximation (Py,) of () using a mixed finite element ap-
proximation (P (s,.)) of the Stokes problem with finite element spaces X, (s,,) and Mj(s,,)
satisfying (2.194). Prove that (P) and (Pj,.) are close in the sense of Theorem 2.11 for
h, 3z — 0+ provided that the systems {X}, (s,.)}, {Mx(s,.)} satisfy the following conditions:
Va € U V(v, p) € (H{(Q(@)))? x L3(Q(@)) H(ss, vr, Pr)}s S € UL, vy € Xp(s0),
Pr € My(s,.),

17— vnll1.9.6,.) = O,
7 — prllo,g,.) = O ash,c—0+.

PROBLEM 2.24. Consider the approximation (P.,.) of (P) defined in Subsection 2.5.6
using the discretization (Pg(s,,)) of the penalized form of the Stokes problem. Let the
penalty parameter & ;= g(h) satisfy £(h) — 0+ iff h — 0+. Prove that (P) and (IP,y,.) are
close in the sense of Theorem 2.11 for A, ¢ — 0+ provided the family {7 (4, s,.)} satisfies
assumptions (7 1)~(73) of Section 2.2.
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Chapter 3
Sensitivity Analysis

From the previous chapter we already know that a continuous dependence of solutions
to state problems on design variations is a fundamental property ensuring the existence of
optimal solutions. Continuity is important but not enough. To better understand the problem,
other properties are needed. Differentiability is one of the most important of these. The
need to deal with such information gave rise to a special discipline in optimization called
sensitivity analysis. Sensitivity analysis develops appropriate tools and concepts enabling
us to analyze the differentiability of various objects, such as solutions to state problems,
cost and constraint functionals, etc., with respect to control variables, and in particular
with respect to design variables in sizing and shape optimization (SSO). On the basis of
these results one can derive necessary optimality conditions satisfied by solutions to optimal
control problems. The interpretation of optimality conditions reveals important properties of
optimal solutions that are not usually directly seen from the original setting of the problem.
Sensitivity analysis also plays an important role in computations: it provides us with gradient
information required by the gradient type methods most frequently used for the numerical
minimization of discretized problems.

This chapter deals with sensitivity analysis in SSO. The basic ideas are the same. Each
branch of structural optimization, however, develops its own techniques, taking into account
its features. This will be seen, in particular, in the case of shape optimization, for which
appropriate tools enabling us to describe the change in geometry have to be introduced.
This chapter starts with sensitivity analysis in the algebraic setting of problems because of
its simplicity. Here we explain common ideas. These results will then be adapted following
the specific needs of SSO.

3.1 Algebraic sensitivity analysis
Let us consider a system of linear algebraic equations depending on a parameter o:
A()x(a) = f(e), A(a) eR”", f(o)eR", (P(a))

in which A and f are matrix and vector functions, respectively, of &, which belongs to an
open setld{ C R?. Further, let J : U x R* — R be a real function and define 7 : U/ — R

99
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by
J(a) := J(ex, x(e)) 3.1

with x(a) € R" a solution of (P(e)).

REMARK 3.1. In the framework of SSO, (P(«)) represents a finite element approximation
of a linear elliptic equation, e is a vector of discrete design variables, I/ is isometrically
isomorphic with U2¢, and J is an algebraic representation of a cost functional.

In what follows we shall analyze the differentiability of the mappings x : &/ — R”
and J : U — R defined by (P(er)) and (3.1), respectively. To this end we shall suppose
that

(i) A(a) is regular foranya € U;
(ii) A, f are C'-mappingsinU: A € C'(U; R™™), f e C'U;R");
(i) J € C1(U x R™).

REMARK 3.2. From (ii) it follows that the directional derivatives of A and f exist at any
point & € I and in any direction 8 € R?:

A ) = lim 2@ =A@ g,
t—>0+ t
f(a; B) := lim fatiB) - f@ e R™.

t—~>0+ t

The elements of A'(e; B) and f’(e; B) can be computed in the standard way:

aj;(o; B) = (Vaa;j(@)'B Vi, j=1,....n,
fl; B) = (Vo fi()™B Vi=1,...,n,

where V,, is the gradient of a function with respect to e.

CONVENTION: To simplify notation we shall sometimes use the symbols A’ (@), f’ (), etc.,
instead of A'(a; B), f'(e; B), etc. The direction of differentiation will be seen from the
context.

From (i)—(iii) continuous differentiability of the mappings x and J inl/ easily follows.
Indeed, let @ € U, B € R be given and x (¢ + t8) € R” be a solution to (P (e + ¢ 8)):

Al +iB)x(a+tB) = f(a+1tB), t>0.

The classical implicit function theorem ensures the existence of the directional derivative
x' (o) := x'(et; B) for any B € R%:

(@) =A@ (f'@ - A'(@)x@). 32)
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REMARK 3.3. If A is symmetric for any a € U, then the directional derivative x’(a) can be
equivalently characterized as the solution of the following minimization problem:

Find x'(¢) € R" such that

Gup(x'(@)) < Gap(y) VyeR",

where

1
Gapg(y) = EyTA(u)y + yTA (@)x (@) — y" f' (o). 3.3)

By virtue of (ii) the mapping x’ : @ — x’(a;-) is also continuous in U so that
x € C'(U,R*). From this and (iii) we may conclude that 7 € C'(i) and, in addition,
the directional derivative J'(a; B) can be computed by using the classical chain rule of
differentiation:

T (@ B) = (VaJ (0, (@) B + (Ve J (2, x(@)))'*'(e, B), (3-4)

where V,,, V, denote the partial gradients of J with respecttoa € U/, x € R", respectively.
To get full information on the gradient of .7, d linearly independent directions 8 € R? are
needed. If (3.4) were directly used for its computation, it would be necessary to solve (3.2)
d times for each direction separately to get V,x (). Fortunately there is a way to overcome
this difficulty. We first introduce the so-called adjoint state system

A@)Tp() = Vi J (@, x(@)). (3.5
The vector p(e) is termed the adjoint state. Multiplying (3.5) by x’(e) we obtain
P@)T(f (@ — A'(@x@) = p@)TA@x (@) = (VoI (@, x(@)) ¥ @), (3.6
making use of (3.2). From (3.4) and (3.6) we arrive at the final expression for [J'(a; 8):
T (@ B) = (VaJ (@, x (@) B + p(@)" (f'(@) — A'(@)x(@). (3.7)

The previous results are summarized below.

THEOREM 3.1. Let (i)~(iii) be satisfied. Then the solution of (P(«)) and the function J
defined by (3.1) are continuously differentiable in U with respect to a. The directional
derivatives x'(et; B), and J'(et; B) are given by (3.2) and (3.7), respectively. The adjoint
state p(a) appearing in (3.7) is defined by (3.5).

The same result can be achieved by using a duality approach: state equation (P(ex))
will be treated as a constraint by means of a Lagrange multiplier technique. Indeed, it is
readily seen that the value J (e, x(ex)), where x () € R” solves (P(«)), can be expressed
as follows:

J(@, x(e)) = inf sup Lo, x, p), (3.8)
PER”
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where £ : U x R"” x R* — R is the Lagrangian defined by
Lia,x, p) = J(e, x) + pT (f (@) — A(a)x). (3.9)
Let (x, p) € R* x R” be such that

J(e, x(e)) = inf sup L(e, x, p) = L{a, X, D).
xeR" peR”

Then necessarily
VoL@, X, P) =0 < A@¥ = f(a)
and

V.l(a,%,P) =0 < A(0)'p = V.J(a,X);

i.e., ¥ = x(a) solves (P(a)) and p = p(a) is the respective adjoint state. From this, (3.1),
and (3.9) we have

J(@) = J (e, x(@) + p@)" (f(@) — Al@)x(x)).

Assuming that the adjoint state is directionally differentiable in I/, the classical chain rule
of differentiation applies to the right-hand side of the previous expression:

T (@, B) = B VaJ (@, x(@)) + (VxJ (e, x(@))) "x' (@)
+ (P @) (f @ - A@x(@)) (3.10)
+ p(@)(f (@) ~ A'(@)x (@) — A(@)x'(@)).

The third term on the right of (3.10) disappears since x (a) solves (P(«)). The second and
fourth terms can be rearranged as follows:

X' ()" (Ve J (o, x(e)) — A@)T p(@)) + p(@)”(f' (o) — A'(@)x(a))
=p@)(f'(@) — A'@x(@)),
taking into account (3.5). We have recovered (3.7).
REMARK 3.4. It would be possible to consider nonlinear state equations of the form
A, x(a)) = f(a),

where A € C'(U x R*,R"), f € CYU,R") are two vector functions. The previous
sensitivity analysis extends straightforwardly to this case (see Problem 3.1).

‘We shall now pay attention to the case when (P(a)) is given by the following algebraic
inequality, depending on a parameter o € U:

Find € K(a) such that
{ ind x (&) o) such tha P @)

(y — x(@)TA(@)x(@) > (y —x(@)" f(@) Vy e K@),
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where
K@ ={yeR" |y, >-o;Vjiel}, a=(u,...,as) €U CR?, (3.11)

and Z is a set of indices of the constrained components of y € R*. As we have already
mentioned, optimization of systems governed by variational inequalities deserves special
attention. In contrast to state equations, this time the control state mapping need not be
continuously differentiable. The remainder of this section will be devoted to the sensitivity
analysis of solutions to (P;, (@)).

In addition to (i)~(iii), two more assumptions are supposed to be satisfied:

(iv) A(e) is symmetric for any ¢ € U;
) Im=const. >0: yTA(@)y=>m|yl|> VyeR", Vacll

REMARK 3.5. Assumption (iv) is not needed. It helps us to interpret the next results in a
variational way. Also (v) can be weakened. It is sufficient to assume that

) yTA(@)y >0 VyeR", Vaecld

(see Problem 3.2).

It is left as an exercise to show that the control state mapping defined by (P, («)) is
Lipschitz continuous in U. This results from (ii) and the following.

LEMMA 3.1. Let (V) be satisfied. Then, for any two solutions x(a), x(B) of (Pin(et)),
(Pin(B)), respectively, where o, p € U,

%) —x(B) < c{liAle) — AB) + I1.f (@) — fFBI + Il — B}, (3.12)

where ¢ > 0 does not dependon o, B € U.

Proof. See Problem3.3. O

REMARK 3.6. If (v') were satisfied then the control state mapping would be only locally
Lipschitz continuous in U, having no influence on the sensitivity analysis.

From the previous lemma and the Rademacher theorem it follows that the mapping
x oo = x(a) € K(a) is differentiable almost everywhere in /. Next we prove that x is
in fact directionally differentiable at any a € U and in any direction 8 € R? and we show
how to compute x'(e; 8).

We start with an equivalent formulation of (P(e)). It is well known that x (&) € X(t)
solves (P(a)) iff there exists a vector

A=A(e) = (A(a), ..., An(a)) € R™, m = cardZ,
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such that the pair (x (e), A(a)) satisfies the following conditions (the summation convention
is used):

a;j(a)x;(e) = fi(e) Vi g1,

ajr(e)xg(a) = f(a) + Ai(a) Vj; €I,
Ay >0 Vi, x;(@)+a; =20 VjeZ,
Ai(e)(x; (o) + o) =0 (nosum) Vj; €Z,

(KKT(er))

known as the Karush~Kuhn—Tucker (KKT) optimality conditions for (P;,(et)) (see [Fle87]).
From Lemma 3.1 and (KKT(et)) we see that the mapping A : a +— A(e) is Lipschitz
continuous in U4, as well.

Let (x(a +18), A(a +1B)) be the solution of (KKT(e +8)), where € U, B € R?,
and ¢ > 0. In view of Lipschitz continuity, the difference quotients

x(a+1B) —x(e) Ala +1B) — M)

t t

are bounded for ¢ > 0. Thus one can find a sequence {t,}, 1, — 0+, and vectors ¥ :=
£({ta}), A := A({z.}) such that

x (o +t,,f) —x(a) i Al +t,,f) — M) Y f =0+ (3.13)

We do not yet know if ¥ and A depend on a particular choice of {¢,}. This is why we used
the symbol {#,} in the argument of the previous limits. From (ii) it follows that

Ale +1.8) — Al@)

A(a; B) := lim = A(e; B),
t—0+ ty (3.14)
i) g FEEEREEE = i

@ 9

and these limits are independent of {t,}, t, — 0+4. The operation can be viewed as a
kind of “directional derivative” that coincides with the classical one for smooth functions.
Applying “-” to the first two equations in the KKT conditions we obtain

aij(e)xj(@) = fi(o; B) ~ aj;(o; Byx;(0) Vi ¢ I,
aji@ir(e) = f} (o B) — a,(; B)xi@) +4; Vj €,

making use of (3.14). The constrained components of x(a) determine the following de-
composition of Z: 7 = T, () U Zp(e) U Z_(ax), where

Zi(a) = {ji €T | xj(a) > —oy} (set of nonactive constraints),
To(a) ={ji € L] x,(at) = —0;, Ai(e) =0} (set of semiactive constraints),
I_(a) ={ji € T |xj(at) = —a;, Aj(a) > O} (set of strongly active constraints).

Next we shall analyze the behavior of the constrained components of x () and of the vector
A(o) for small parameter perturbations of the form a + ¢8, t — 0+.
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Let j; € Z,.(a). Then owing to the continuity of the mapping x : o > x(a) the
index j; belongs to Z, (& + ¢B) for any |¢t| < §, where § > 0 is small enough. From the
last condition in the KKT system we have that A; (e + #8) = 0 = A;(«) for any |¢| < §,
implying 4; () = 0.

If j; € Z_(a), then A;(@) > 0 and also A;(x + tB8) > O for |t| < & using the
continuity of the mapping A : @ — A(a). The last condition in the KKT system yields
xj (e + tB) = —a; — 1B s0 thatfcj,.(a) = —B;.

Finally, let j; € Zy(er). Then forall z > O,

Ai(ee +1B) = Ai(a) =0,
x(@+1B) = —a; —tf; = x;,(ax) — tB;

and consequently A;(e) > 0, %} (&) > —B:.
We now show that

Ai(@) (% (@) + ;) =0 (nosum) Vj; €Z. (3.15)

This is certainly true for j; € Z; () U Z_(er) since either Ai () =0o0rx;(ax) = —p;. Let
ji € To(er). If A;(a) = O, then (3.15) holds true. On the other hand if i;(a) > 0, then
necessarily A; (e + ¢8) > 0 so that x, (@ + t8) = —a; — t; for any ¢ > 0 small enough.
Hence xj, (&) = —p;, and we may conclude that (3.15) holds for any j; € Z.

With the decomposition of Z into Zy(et), Z_ (), and Z () the following convex set
K(e, B) will be associated:

K@ B ={yeR |y, =-BVjieIl@, y,z-b Vieh@}. (.16

From the previous analysis it follows that x ({#,}) belongs to K (e, ) and, in addition, the
pair (X ({#,}), A({z,})) satisfies the following KKT type system:

a;j(@)x;(a) = f(a) — a;;(@)x;(@) Vi & Tp(a) UL (),
ajr(@)i(@) = fi (@) —aj(@x(@) + 4 Vj; € Toe) UT_ (),
Ai(@) 20, i@ > B Vj € To(e), %, (@) = —Bi Vji € I_(a),
Ai(@) (G (@) + B) =0 Vji € To(a) UT_(a0).

(3.17)

We are now able to formulate and prove the following theorem.

THEOREM 3.2. Let (i), (ii), (iv), and (v) be satisfied. Then the solution x(a) of (Pin(a))
is directionally differentiable at any o € U and in any direction B € R%. In addition the
directional derivative x'(e) := x'(a; B) can be equivalently characterized as the unique
solution of the following minimization problem:

{Findx (a) € K(a, B) such that (3.18)

Ga,p(x'(@)) < Gap(y) VyeK(w,p),

where G, g, K(a, B) are defined by (3.3), (3.16), respectively.
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Proof. We have already shown that X := % ({#,}) belongs to K(a, B), and in view of (3.17)
the vector x minimizes G, g on K(e, 8). It is seen from the previous analysis that any
accumulation point of {t~!(x(a + t8) — x(a))}, ¢ — 0+, possesses this property. But
Ga g being strictly convex admits a unique minimizer on K(a, 8). Therefore the limit of
the previous difference quotient for t — 0+ exists and x({t,}) = x'(e; 8). O

Let us comment on the previous results. For the linear state problem (P (et)), sensi-
tivity analysis leads to a linear algebraic problem (3.2) or, equivalently, to an unconstrained
minimization problem for the quadratic function G, g provided that A (et) is symmetric for
any o € U (see Remark 3.3). In the case of a variational inequality (P;, (et)), the sensitivity
analysis is more involved. This time the directional derivative of x is obtained as the solution
of the constrained minimization problem. Despite the fact that the control state mapping
is directionally differentiable in any direction, it need not be continuously differentiable in
U. Indeed, the directional derivative x’(ar; B) being the solution of the quadratic program-
ming problem (3.18) does not satisfy x'(e; — ) = —x'(a, B) in general; i.e., approaching
a from the opposite direction, the respective directional derivative may have a jump. At
the same time, Theorem 3.2 indicates the source of possible nondifferentiability: it is due
to the presence of semiactive constraints or, equivalently, the nonemptiness of Zy(et). If
To(er) = @B, the respective control state mapping would be continuously differentiable (see
Problem 3.4).

Let J : U x R" — R be a function satisfying (iii) and J : &/ — R be defined by
(3.1) with x(e) solving (P;,(e)). Then J as a composition of J and x is directionally
differentiable at any & € I and in any direction § € R? but generally not continuously
differentiable. For some special choices of J, however, it may happen that J is once
continuously differentiable. Take, for example,

1
J(e, y) = EyTA(a)y -y o).

Then )
J(@) = E(x(a))TA(a)x(a) — (x (@) T f(e)

is a C'-function. To see that, we first compute the directional derivative 7' (et; B):
J'(@; B) = (x'(@))" A()x (@)
+ %(x(u))TA’(wx(a) — &'@)" f@) = @) (@),
making use of (iv). From (KKT(a)) and the definition of (e, ) we see that
@' (@)  (A@x (@) — f(@) = —Biki(e)
and consequently
J'(; B) = %(x(«x))TA’(a)x(a) — (@) f'(@) — Biki(e). (3.19)

From (ii) and the continuity of A : & > A(e) it follows that the mapping & > J'(et, -) is
also continuous in I/ so that 7 € C'4).
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Directional derivatives of solutions x(et) to algebraic inequalities, which are a finite
element discretization of the scalar variational inequalities studied in Subsection 2.5.4, can
be computed directly from Theorem 3.2 by setting

K(av ﬂ) = {y eR" | Yi = Ovjt € I—(a)’ Vi = OVJI € IO(“)}$
where

I()={jiel]|x;(@)=0, ri(a) >0},
To(a) = {ji € T | xj, () =0, Ai(x) =0}.

Observe that (e, 8) does not depend on B; information on B8 is encoded in the func-
tional G, g. Sensitivity analysis in contact problems (see Subsection 2.5.5) is slightly more
complicated since the closed, convex set X(e) is of the following type:

Kla) ={x e R" | x; = ¢i(e0) Vji € I}, (3.20)

where ¢; : U — R, i € Z, are continuously differentiable functions in ¢/ (see (2.183) with
@i () = —s,.(b;, ar)). If its proof is adapted, Theorem 3.2 extends to this case, too. This is
left as an exercise.

3.2 Sensitivity analysis in thickness optimization

This section deals with sensitivity analysis in sizing optimization. We shall show how to
compute the derivatives of stiffness matrices and of right-hand sides with respect to discrete
sizing variables. Knowledge of these derivatives is indispensable to obtain sensitivities of
solutions and cost functionals.

To illustrate how to proceed let us consider thickness optimization of the elastic beam
studied in Section 2.1. Instead of the compliance of the beam, we take the following cost
functional (see Problem 2.4):

1 [t 1 [*t
J(e,y) = 5/ (y—y,,)de+5/0 e?dx, (3.21)
0

where y; € C([0, £]) is given such that y;(0) = y;(£) = 0. The set U,‘,’d and the space
Vi used for the discretization of (2.2) are defined by (2.15) and (2.16), respectively. The
discrete state problem leads to the following system of 2(d — 1) algebraic equations (see
(2.18)):

K(e)q(e) = f(e), (3.22)

where e = (e, ..., e;) € R¥! is the discrete sizing variable. (To make the presentation
more general, we allow here the force vector to depend on e, too. One could consider the
loads caused by the weight of the beam, for example.) Recall thate;, i =0, ..., d, are the
nodal values of e, € U4, Using a numerical integration formula for the evaluation of J
we obtain its algebraic representation in the form

d-1 1

- 1 d
J(e) = J(e.q(@) =5 ) oi(gu-1(e) ~ ya(@)* + 5 ) e, (3.23)

i=1 i=0
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where {w,} '_, are the weights of the selected numerical integration scheme and g(e) solves
(3.22) (the components of g(e) are arranged as in (2.19)).

Lete € U and ¢ € R?*'. Then arguing as in Section 3.1 we obtain the following
expressions for the directional derivatives of ¢ and J:

g'(e;0) =K(e)"' (f'(e;e) — K'(e;€)q(e)), (3.24)
T'(e;2) = (VeT (e, g(e)) e+ p(@)T (f'(e; ) — K'(e; ©)q(®)) , (3.25)

where p(e) € R2@D is the adjoint state:
K(e)p(e) = VyJ (e, q(e)), (3.26)

making use of the symmetry of K(e). Choosing e as the kth canonical basis vector in
R?t! we obtain the partial derivatives dg/dex, 3.7 /dex from (3.24) and (3.25). The partial
gradients of J needed in (3.25) and (3.26) are easy to compute:

3D _ e k=0, ....d, (3.27)

3ek
and

47 (e,

a—(f—) — wr (@2t — ya(a), (3.28)
qok—1

?__‘M =0, (3.29)
g

k=1,...,d — 1. To determine

9K (e) _ <8kij(e))" n=2d-1), k=0 d
deg dex ij=l’ , o

we use (see (2.20))
kijle) = f Beroloidx, i j=1,...,n, (3.30)

where ¢, € Up? and {g;}?_, is the basis of V. Since Us“ is realized by piecewise linear
functions, any e, € U;l‘d can be expressed in the form

d
en(x) =) eyi(x), e=(e,...,e) €U,

i=0
where {;}%_, is the Courant basis associated with the equidistant partition A, of [0, £]; i.e.,
i=0
Pl x — 1), x € la-r, @l

‘/’k(x) = 1 - h_l(x - ak)y X € [ak’ ak'l‘l]y
0 otherwise,
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k=1,...,d — 1, with the appropriate modifications for k = 0, d. From this and (3.30),

ok;:: ax
2O — [* 3phx — -l ] dx
€k Qg1

i+l
+ / 3B(1— ' (x — ap))ep) ¢} dx, (3.31)
i,j=1,...,nandk =1,...,d — 1, again with the modifications for k = 0, d.
If f does not depend on the thickness, then
of

— =0, k=0,...,d.
Bek

REMARK 3.7.

(i) Taking the compliance J(y) = f(;Z f ydx as the cost functional and using the same
integration formulas for the evaluation of both J and the right side of (2.2), we obtain

J@ = fTq,

so that g(e) = p(e), as follows from (3.26), and no adjoint state is needed.

(ii) In multicriteria optimization or in problems involving a number of state constraints,
sensitivities for several functions 7;, i = 1, ..., M, are needed. If the number M is
bigger than the number of design variables d, the adjoint equation technique is not
any more advantageous since M adjoint equations have to be solved. In this case we
compute the derivatives from (3.24) and substitute them directly into
3Ji(e) _ 3Ji(e, q(e) (e)

= k=0,...,d,i=1,.... M,
Bek aek

+ (Y Jie, ge)T == "

where Ji(e) = Ji (e, q(e)).

3.3 Sensitivity analysis in shape optimization

Sensitivity analysis in shape optimization deals with computations of derivatives of solutions
to state problems as well as control and cost functionals with respect to shape variations.
But first, basic questions such as how to describe changes in the geometry and how to
differentiate functions with varying domain of their definition have to be clarified. We
present the approach based on the material derivative idea of continuum mechanics. This
presentation will be formal, meaning that it is correct provided that all data we need are
sufficiently smooth. For a rigorous mathematical treatment of this topic going beyond the
scope of this textbook we refer to [SZ92].

3.3.1 The material derivative approach in the continuous setting

A bounded domain 2 C R” with Lipschitz boundary 0€2 is thought to be a collection of
material particles changing their position in time. A space occupied by them at time ¢ will
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determine a new configuration €2,. The change in the geometry of 2 will be given by an
evolutionary process deforming the initial configuration 2. To formalize this idea mathe-
matically, we introduce a one-parameter family of mappings {F;}, t € [0, 1], F; : @ — R”,
defining the motion of each material particle x € Q and such that Fy = identity (id). At
time ¢ the particle x € © will occupy a new position x;:

x=F{x), xeQ, tel01] (3.32)
The new configuration of Q at time ¢ is given by
Q2 = F(S2); (3.33)

i.e., ©, is the image of Q with respect to F;. The set 0 C R"+! where Q = Usc[o.11{t} X s,
determines the evolution of €2 in space and time ¢t € [0, #]. To keep the shape of all 2,
“reasonable,” each F,, t € [0, %], has to be a one-to-one transformation of £2 onto €2, such
that

F,(intQ) = int Q,, F,(9Q) = 3%;,. (3.34)

In the rest of this textbook we shall consider a special class of mappings F, being a pertur-
bation of the identity, namely

F=id+tV, >0, (3.35)

where V € (HV®(R2))" is the so-called velocity field. It can be shown that for #o small
enough F; of the form (3.35) is a one-to-one mapping of 2 onto €2, satisfying (3.34) and
preserving the Lipschitz continuity of 9€2,.

REMARK 3.8. The form of the velocity field V realizing shape variations depends on
how shapes of admissible domains are parametrized. Consider, for example, the family of
domains shown in Figure 2.2, whose moving parts I' (o) of the boundaries are parametrized
by functions & € U4, T* as in (2.96). Then it is natural to take V in the form

x
V=V,0, Vi) =——¥@) =11 eQ@), (3.36)
o (x2)
where o € U and ¥ : [0, 1] — R is a Lipschitz continuous function. It is readily seen
that for this choice of V we have

Q) = {1, x2) € R? |0 < x1 < a(xp) + ¥ (x2), x2 €10, 1]}.

In computations we use shapes described by functions belonging to a finite dimensional
space D,,, » > 0, spanned by functions &, ..., £40¢, d(3¢) = dimD,,. Then the coeffi-
cients of the linear combination of {& j}‘;g) form a vector of the discrete design variables.

Let DF; be the Jacobian of F; and denote I, = det DF,. Important formulas con-
cerning their differentiation are listed in the next lemma.
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LEMMA 3.2,
. , . d
(l) DF’It:O = ld, (ll) _Ft -_ V,
d v\ d
(ii) —DF,| =DV= (l) , vy —(DE) =DV,
dt t=0 axj i,j=1 dt =0
v) d (DFYH =-DV (vi) d Ll =divy
dto " L ’ dr |, )

Proof. The proof is left as an easy exercise. [

Let us consider state problem (P) in a domain Q C R”. Let (7,), ¢ €]0, 1], be
a family of problems related to (P) but solved in 2, = F;(Q) with F, given by (3.35).
Solutions of (P,) will be denoted by u; : Q, — R™. The function u, can be viewed as the
restriction of another function u : Q —> R™ to {t} x Q;:

u(xe) =ult,x+1tVx)), xe,tel0,n] (3.37)

Suppose that u is smooth enough in a §-neighborhood Q5 of Q. Then the classical chain
rule of differentiation applies:
d B
u(0, x) := —E;u(t, x 4+ tV(x)) = au(O, x) + Vou(, x) - V(x). (3.38)
t=0

CoNVENTION: (P;) for t = O coincides with (P), and ug(xg) = u(0, x) := u(x), x € ,
solves (P). The symbol u now has two meanings: it designates the function u defined by
(3.37) and designates u’s restriction to the time level t = 0.

Using this convention, (3.38) can be written in the following abbreviated form:

3
i == a—': +Vu-V Q. (3.39)

The total derivative u is termed the pointwise material derivative of u. It characterizes
the behavior of u at x € Q in the velocity direction V(x). To be precise we should write
u(x, V(x)). The partial derivative du /9t will be denoted by u’ in what follows and it will
be called the pointwise shape derivative of u. Under certain smoothness assumptions the
shape and spatial derivatives commute:

(Eﬁ) = 2w (3.40)

8x,~ - 8x,~

The material derivative concept can be extended to less regular functions belonging to
Sobolev spaces. For example, let u; o F, € H*(Q) for any ¢ € [0, t,]. Then the material
derivative i can be defined as an element of H*(Q) that is the limit of the finite difference
quotient in the norm of H*():

u,OFt—u

; -0, r—>0+.

HY ()

—~u
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With & in hand one also can define the shape derivative u’ for less regular functions by
W :=u—-Vu-V ing, (3.41)

which is inspired by (3.39).

Next we shall explain how to compute the shape and material derivatives of u. It is
clear that knowledge of only one of them is needed to determine the other one in view of
(3.41) (the term Vu - V resuits from u, a solution to (P)). Relations satisfied by ' and 1
will be obtained by differentiating (P,) with respect to ¢ at t = 0. Since state problems are
defined in a weak form, i.e., a form involving integrals, we first show how to compute the
derivative of integrals in which both the integrands and the domains of integration depend
on the parameter t > 0.

Let

Jy = f@ x)dx, Ci= f, x)ds,,
Q, %2,

where Q, = F;(Q) and 92, = F,(0<2), and let f : Q; — R be a sufficiently smooth
function, where Q; is a §-neighborhood of Q. Denote

. . d
, C:=C0O%YV)= —tC,

. . d
J=JEV)=—J
=0+ d

dt

=0+

These derivatives can be viewed as directional type derivatives characterizing the behavior
of J and C when Q “moves” in the direction V defining F;. They can be computed as
follows.

LEMMA 3.3.
j=/ fdx+/ fdivVdx, (3.42)
Q Q
j=f f’dx+/ fV-vds, (3.43)
Q 19
c’=/ f’ds+/ (%+fH)V~vds, (3.44)
902 aq \ OV

where f := f(0, x) and f' = f'(0, x) are the material and shape derivatives, respectively,
of f att = 0 and H denotes the mean curvature of 3S2.

Proof. For the proof of (3.44), which is quite technical, we refer to [HCK86]. Expres-
sion (3.43) follows from (3.41), (3.42), and Green’s formula. Thus it remains to prove
(3.42). Using the theorem of substitution for integrals and applying the classical result of
differentiation of integrals with respect to parameters, we obtain

d d
E;Jt o = E <L f(t,x + V()1 dx)

=/ i[f(t,x+tV(x))1,] dx.
Q

=0+ dt =0+

From this and (vi) of Lemma 3.2 we arrive at (3.42). [0
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We shall illustrate how to get sensitivities in particular boundary value problems.

EXAMPLE3 1. (Nonhomogeneous Dirichlet boundary value problem.) Let f € Lloc R, g €

H} (R") be given and consider

—Au, = f inQ; = F(Q),
P
u, =g ondS = F,(3Q)
or, in the weak form:
Find u;, € H'(;), u; = g on 8, such that
(Pr)

/ Vut . V'Ut dx; = / f'Ut dx, Vv, € Hol (Qt).
Q Q;

Let v € H}(Q) be arbitrary and take v; in the form v, = v o F; ! € H}(,). Since v, is
constant along each streamline x 4 1V (x), x € Q, we have ¥ = 0 in € so that

vV=—-Vv-V inQ. (3.45)
From this, (3.40), and (3.43) it follows that

d
— (f Vu, - Vu, dx,) =f Vu' - Vodx
dt Q, t=0+ Q

—[ Vu~V(Vv~V)dx+f (Vu - Vo)V -v)ds. (3.46)
Q 0

Applying Green’s formula to the second integral on the right of (3.46), we obtain
]
/ Vu-V(Vv - -V)dx = —/ Aqu-de+f —qu -Vds
Q Q aq OV
, du
= | Auv'dx + —Vv - Vds, 3.47)
Q ag v

making use of (3.45) again.
We now arrange the curvilinear integrals in (3.46) and (3.47). It holds that

oudv  Odu dv ou Jv
(V”'V”)‘V'”’=(a—a+asas)(" D= wn
du [ v v ou dv
——(v M=o [—av(v~v)+—as(v-s)] 55,V

since v € Ho1 (), yielding 3v/ds = 0 on 92, where 3/9s stands for the derivative along
dR2. From this, (3.46), and (3.47) we obtain the following expression for the derivative of
the first integral in (7P;):

=/ Vu'-Vvdx -—/ Auv' dx. (3.48)
1=0+ Q

d
E(‘/Q'Vut-Vv,dx,) _ q
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Differentiation of the second integral in (7;) is easy. Since f does not depend on ¢, we have

f/ = 0in Q so that
d
Z(/ﬁffv,dx,)

as follows from (3.43) using also that v = 0 on 2. From (3.48), (3.49), and the fact that
—Au = f in Q, we finally obtain

= /Q fv'dx, (3.49)
=04+

/ Vu'-Vudx =0 Yve HN(RQ); (3.50)
Q
i.e., u’ is harmonic: Au’ = 0 in . To specify the boundary condition satisfied by u’ we
use (3.41):

W=u—-Vu-V=¢—-Vu-V=Vg-V—-Vu-V

a
= 5(‘? —uw)(V-v) onadf

since g’ = 0in Q and g — u € H} (Q). In summary, we proved that the shape derivative u’
satisfies the nonhomogeneous Dirichlet boundary value problem

—AY' =0 inQ,
P 3.5
u = a(g—u)(v-v) on 9Q2.

EXAMPLE 3.2. (Nonhomogeneous Neumann boundary value problem.) Let f € L7 (R")

and g : R" — R be such that g3, € L?(3%2,) Vt € [0, tp]. Consider the problem

—Au,+u, = f inQ = F(Q),
3 P!
M _ o ondQ, = F(9) (Fo
av;

or, in the weak form:

Find u, € H'(Q,) such that

/ Vu; - Vo, +uv)dx, = /

Q

gy
fo.dx, + / gu. ds, Vv, € HY()). (F2)
982,

Since any function v, € H'(£2,) can be obtained as the restriction of an appropriate function
v € HI(R") to €2, one can use Vi@, as a test function in (P;). Differentiating both sides of
(P,) with respect to ¢ at ¢ = 0+, we obtain the following equation satisfied by the shape
derivative of u:

/(Vu'-Vv+u'v)dx+/ (Vu-Vv+uv)(V~v)ds=/ fe(V-v)ds
Q an a0

+ f (i(gv)+(guH))(v-v)ds Yv e HY(Q), (3.52)
IR av



3.3. Sensitivity analysis in shape optimization 115

making use of (3.43), (3.44), and the fact that v, f, and g do not depend on ¢, implying
V=f=¢g=0mR". 0O

We now show how to differentiate functionals depending on solutions u, to state
problems (P;). To this end let us consider two sufficiently smooth functions L : (¢, y) —
Lit,y)eR, t €[0,4], y e R*,and f : Q5 — R™ (recall that Q; is a §-neighborhood
of 0 and @ = U,¢pp4{t} X ;) and denote

E, = / L@, f)dx,, Qu=F(®), fi=fixa-
o
Arguing as in the proof of (3.42) and (3.43), one can easily show that

E=E®QV) = %E,

t=0+
=f [%L(O, H+V,LQO, f)- f] dx+/ L, f)divVdx (3.53)
Q Q
and

£ =/ [E'L(O’ H+VyLO, f)- f’] dx +/ L, )V -v)ds, (3.54)
s o aQ

where f := f(0,x) and f and f’ stand for the material and shape derivatives, respectively,
of f att = 0. If L does not depend on ¢ explicitly, then

E=/ VyL(f)-fdx+/ L(f)divVdx, (3.55)

Q Q

E=/ vyL(f).f'dx+/ L(f)(V - v)ds. (3.56)
Q an

REMARK 3.9. From (3.53) and (3.54) we see that the same derivative E canbe equivalently
expressed in two different ways.

ExAMPLE 3.3. Let L : R — R be a sufficiently smooth function and u, € HO1 (£2;) be the
solution of the homogeneous Dirichlet boundary value problem from Example 3.1 (g = 0).
Denote

E,=f L(u;)dx,.
Q

Then (3.56) yields

E= / L y@u' dx + f L@)(V-vyds, L,:= Ly} (3.57)
Q aQ dy

To get rid of &’ from (3.57) we use the adjoint state technique again. Let p be the solution
to the following adjoint state problem:
{ —Ap=L,u) mnQ,

3.58
p=0 onaQ. (358)
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Then Green’s formula and (3.58) yield

0=/Vp~Vu’dx= pru dx+/ P "ds
Q

=/L,y(u)u'dx+f P gs. (3.59)
Q aq v

The first integral in (3.59) vanishes since p € HO1 (Q)and ' € HY(Q) satisfies (3.50). From
this, (3.57), (3.59), and (3.51), with g = 0 we obtain the final expression for E:

/ ———(V v)ds +/ L)V -v)ds. (3.60)
aq OV AV 89
Take, for example, the compliance functional

Et = fu, dx, s
2

where f is the right-hand side in (P;). Then from (3.58) we see that p = u in 2 and, since
L(u) := fu = 0 on 3%, expression (3.60) becomes

2
E=] (a—“) (V-v)ds. 0 (3.61)
aq \ v

The same sensitivity results for functionals can be obtained by using a duality tech-
nique. To illustrate how one can proceed, consider Example 3.3. We have

Et=/ L(u)dx, = inf sup  L;(v, q),
o, wEH (@) g, e Bl (@)

where the Lagrangian £, : H}(Q,) x H}(Q;) — R is defined by
L, g)=Lw)+ | (fg: ~ Vg, - Vu)dx,.
o2

Let (U;, g,) € Hy(Q) x Hj () be such that E; = L£,(7;, §,). Then necessarily 7, = u;
solves (P;) and

8, L:(;,q,) =0 & Vg, Vv dx, =f L y(v)v; dx; Vv € Hol(Qt), (3.62)
Q, Q

where §,, stands for the partial variation of £, with respect to v;. From (3.62) we recover
the adjoint state (3.58) at time ¢ so that (v;,q,) = (4, p;). Hence

E, = f L(us)dx, +/ (fpe — Vu, - Vp,)dx,.
Q Q,
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From this, (3.43), and (3.56),
E:/ L,y(u)u’dx+/ L(u)(V-v)a’s+/ fp'dx
Q ;193 Q

—/ Vu’~Vpdx—/Vu-Vp’dx—f (Vu-Vp)(V-v)ds, (3.63)
Q Q 0

using also that ' = 0in Q and p = 0 on 32. Green’s formula, (3.58), and the definition
of (P) yield

d a
/Vu'-Vpdx:—fu’Apdx+f u’—l—,ds=./L,y(u)u’dx+f w2l gs
Q Q e OV Q s OV

and

ad 9
/Vu-Vp’dx:—f Aup’dx+/ —up’ds=/ fp’dx+/ —L—‘-p’ds.
Q Q aq OV Q aq OV

Inserting these expressions into (3.63) we obtain

E=/ L(u)(V-v)ds—f u'a—-ds—f __d _f Wb,
1o an OV @ 9v v

Finally using (3.51), for both 1’ and p’ we find (3.60).

From the previous examples we see that only the normal component of V and the
normal derivatives of states and adjoint states on the boundaries appear in integrands defining
E. The fact that sensitivities depend only on boundary data is not accidental. This is
a general result that can be rigorously justified (see [SZ92]). In computations, however,
the boundary integral form of sensitivities turns out not to be convenient. Indeed, classical
variational formulations of state problems together with low order finite elements give a poor
approximation of the normal fluxes. To overcome this difficulty we may use the alternative
formula (3.53), which involves only volume integrals (see Problems 3.11 and 3.12).

On the basis of the previous results one can formulate necessary optimality conditions
satisfied by optimal solutions. Their interpretation may reveal some important properties
that are usually hidden in the original setting.

Consider, for example, a shape optimization problem with the homogeneous Dirichlet
boundary value state problem

-Au(@)=f inQeO0,
{ u(Q)=0 ondQ2 (PED)

with the compliance J(Q) = f,, fu(2) dx as the cost and

C’)=[QCR"|/ dx=c},
Q

where c is a positive constant. To release the constant volume constraint, we introduce the
Lagrangian £ : O x R — R as follows:

E(Q,A):J(Q)+A(/ dx—c).
2
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Suppose that ©* € O is an optimal shape and denote Qf = F;(2*). Then there exists
A € R such that

LE* 1 V) = g;z:(sz;*, 2)

=0 (3.64)
=0+
holds for any regular velocity field V. From the definition of £, (3.43), and (3.61) we see
that (3.64) is equivalent to

* 2
/ [(aum) +X](v-v)ds=0 vV,
Flok av

implying that the absolute value of the normal flux du(£2*)/dv across the boundary of the
optimal domain Q* is constant.

The next example interprets the optimality conditions in the contact shape optimization
problem studied in Subsection 2.5.5, where we claimed that shape optimization with respect
to the cost functional J given by (2.175) results in an appropriate distribution of contact
stresses along the optimal contact part. In what follows we shall clarify the meaning of this
statement. -

Let Q(a) € Obe given. In view of the special parametrization of shapes of admissible
domains (see Figure 2.6), the velocity field V € (H1*°(Q (a)))? will be chosen as follows:

V=0,V), V2=0 onl,(a)UTp(), (3.65)

meaning that only the contact part I'c (o) varies. It can be shown (see [HN96, p. 153]) that

. . 1
E=EQw);V)= 5/ 7 (W)eij(u)Vav2 ds — fiuiVova ds

I'c(e) Te(a)

3
- / 0 W)V Va ds — [ i WV 2V, ds,  (3.66)
Te(e) Fe(@) ax2

where u = u(w) € K () solves (P(a)). We now make several simplifications in (3.66).
The right-hand side of (3.66) contains one dominating term, namely the third one, while the
remaining ones represent lower order terms. This claim can be justified by using one of the
axioms of linear elasticity, which says that the deformation gradients are small compared to
unity. The same holds for the displacement field u since I', (o) # @. Neglecting the lower
order terms in (3.66) we have

E~— / 15 ()i V2 ds. (3.67)
Te(@)

The second simplification results from the fact that the contact surfaces can be identified
with the shape of a rigid support. Thus v & (0, —1) in our particular case, implying

E~ f T )Va ds. (3.68)
Cca)

Suppose that domains belonging to O are subject only to the constant volume constraint and
no other constraints are present. As in the previous example, the volume constraint will be
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released by using the Lagrange multiplier technique. Let Q(a*) € O be an optimal shape.
Then there exists A € R such that

E"(Q(o¢"‘);V)+X—(i (/ dx —c)
dt Q,(a*)

for any V of the form (3.65). Further,

d
— (/ dx) = / WVovy ds ~ —f Vo ds
dt \Jg,@" =0+  JTcl@) Tc(e*)

in consideration of v ~ (0, —1). Thus, from (3.68) and (3.69),

=0 (3.69)
=0+

/ (tm(u(@®)) = DYVads ~ 0
Tela*)

for any V), satisfying (3.65). Therefore o (u(a®)) ~ A = const. on I'c(a*). Since
Ty (u(e™)) represents the contact (normal) stress on ['c(a*) we may conclude that the
contact stress along the optimal contact part is almost constant. This is certainly a very im-
portant property from a practical point of view. Shape optimization with the cost functional
J given by (2.175) avoids stress concentrations between bodies in contact.

REMARK 3.10. It is worth noticing that from (3.66) it follows that the cost functional J,
which is equal to the value of the total potential energy in the equilibrium state, is once
continuously differentiable. Compare with (3.19) where the same property has been proved
for solutions of (P;,(a)).

3.3.2 Isoparametric approach for discrete problems

This subsection deals with sensitivity analysis of discretized optimal shape design problems.
We describe how to differentiate stiffness and mass matrices and force vectors with respect
to discrete design variables. Our approach will be based on the isoparametric technique,
enabling us to compute these derivatives by using elementary matrix operations. We start
with a scalar elliptic problem in 2D. The reader will find that after minor modifications the
formulas are also valid in the three-dimensional case.

Consider the following state problem:

—Au(@) +u@)=f inQ(@) cR?

)
BL;(va) =0 ondQ(x). ()

Using a finite element discretization of (P(e)) and an appropriate parametrization of €2 («)
by a finite number of discrete design variables ¢y, . .., oy forming the vector a, we obtain
the following system of linear algebraic equations:

K (@) g(a) + M(a) g(a) = f(a),

where K (o) and M(«) are the stiffness and mass matrices, respectively, and f () is the
force vector.
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Our aim is to find sensitivities of K (), M(«), and f () with respect to the design
parameter oy, k = 1,...,d,i.e.,tofind 0 K (&) /3, dM () /dcxy, and 3 f () /dot. In what
follows we denote ()’ := 9(-)/day. For the sake of simplicity of notation the argument o
will be omitted.

The global vector ¢ of nodal values, arranged relative to the global numbering of
nodes, is related to the element (or local) nodal value vector g° by

q° = Pq, (3.70)

where P¢ are Boolean matrices whose elements are only ones and zeros. These matrices are
used only for notational convenience and are not explicitly formed in actual computations.

The global stiffness and mass matrices and the force vector can be assembled with
the aid of the local ones as follows:

K=> (PY)'KP, M=) (P)'MP, f=) (P)'f, 3.71)

where the summation is carried out over all elements of a given partition 7 of Q. The
elements of K¢, M*, and f* are given by

kfj=f Vi -Vejdx, mj =f pipjdx, ff=[ fedx, (3.72)
T, T. T.

respectively. Here ¢;, i = 1, ..., p, are the shape functions associated with the element
T, € T. In practical computations the integrals in (3.72) are usually evaluated by using a
numerical integration formula. Therefore, the integrals are transformed to a fixed “parent
element” T. Let F, : T — T, be a one-to-one mapping of T onto 7,. Further, let

$1

. . . 3p1/9x; -+ B /8x1)
Ne=]: d G°= P 3.73

3 (asal/axz o dgp/om G.73)
p

be matrices whose elements are the shape functions and their derivatives associated with
the element 7,. Then the local matrices and vectors can be written in a compact form as
follows:

KezﬁGTG|J|d§, Me-_—-_‘/;NNTl"Idg, fe=[\fN|J|d$, (3.74)
T T 7

where | J| denotes the determinant of the (transposed) Jacobian J of the mapping F. : T —>
T,. To simplify our notation, the superscript e by the matrices behind the sign of the integrals
here and in what follows will be omitted.

REMARK 3.11. To be more precise we should write

K= ff (GTG)(F.(&)J (€)) dt

and similarly for the other integrals. However, the abbreviated form of (3.74) is commonly
accepted. For this reason we shall also omit letters denoting the arguments of functions.



3.3. Sensitivity analysis in shape optimization 121

The derivatives of the global matrices K and M and the vector f now can be computed
element by element using (3.71) and (3.74). Since the domain of integration in (3.74) is
fixed, we obtain

Ky = ﬁ (@)6IT1+ G611+ G™G1IT) ds, (3.75)
T

(MY = /A (N’NTIJI+N(N’)T|J|+NNT|J|’) dt, (3.76)
T

oy =/ ((:flxl + ;—fo) N|J|+ fN'IJ} +fNIJI’) d§. 3.77)

Thus it suffices to find expressions for N, G', x’, and | J|". A naive way to do this would
be to express the integrands as explicit functions of the design variable o and to perform
the differentiation. This, however, will result in very specific expressions of daunting
complexity.

Instead we use the chain Lule of differentiation. Let (X1, Xi2), i =1,..., p,bethe
nodal coordinates of T, = F,(T). The integrands in (3.75)—(3.77) are completely defined
by the nodal points of 7,. Thus,

oN alJ|
/_ ! I !
N Zax X, 1 —iZaX X,
dF.
¢ =Y —1x, =
iZj:BXij Y * Zax

In practical computations, elements are implemented by using the isoparametric tech-
nique. Let

-~

o1

< | ~ (0p/o - aa/asl)
N= . d G= -~ Ap
5 (3¢’1/3§2 e 3G,/08
Pp

be the matrices made of the shape functions and their derivatives for the standard p-noded
Lagrangian finite element of a chosen parent element T. The one-to-one mapping F*¢
between T and T, is defined by means of the shape functions on T and the nodal coordinates
of T, as follows:

P
(Fo)j§) = Z@(S)Xij, §el, j=12 (3.78)
i=1
For a general element 7, the shape functions are given by
¢ =GF, (@), x€T, (3.79)

so that

Vi (x) = J V@i (F N (x)). (3.80)
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From this we see that the matrices G and G are related by
G=J"G, (3.81)

and the (transposed) Jacobian of the mapping F, is given by

J =GX, (3.82)
where
X1 X
X2 Xn
X=1] . .
X Xp

is the matrix containing the nodal coordinates of 7. For curved elements, the shape functions
of a general element are usually represented by rational functions.

Before giving simple formulas for N', G’, x’, and | J|', we need the following classical
result.

LEMMA 3.4. (Jacobi’s formula for the derivative of a determinant.) Let A be a nonsingular
m x m matrix function. Then

|Al" = |A|tr(ATA"). (3.83)
Proof. Let A* = (a}};)]";_, be the adjugate of 4, i.e., a matrix with the elements
a; = (—1)'"/ det (A without its jth row and ith column) .

With the aid of A* one can represent the determinant and the inverse of A as follows:

m
1
|A| =) apa} foranyi=1,...,m, A7'= IT4—|A*.
k=1

From this we get the desired result. Indeed,

m

A _ZZB'A' [=0. Y ajal =tr(A*A) = [A|r(A7'A). T

i=1 j=1 i=1 j=1

THEOREM 3.3. For isoparametric finite elements,

G = -GX'G, (3.84)
N =0, (3.85)
= X)W, (3.86)

|JI" = [T tr(GX'). (3.87)
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(a1,0)

Figure 3.1. Partition into quadrilateral elements.

Proof. Since G does not depend on & we obtain, from (3.81),
JG =JG+JG =G =0,

s0 that N
-J'J'G =-J"1GX'G = -GX'G,

making use of (3.81) and (3.82). Let§ € T. From (3.79) it follows that @; (x(£)) = @;(&);
i.e., N is independent of the nodal coordinates of T, and therefore of design, too. This
yields (3.85).

Equation (3.86) now immediately follows from the relation x = X TN. Finally, ap-
plying Lemma 3.4 to | J| and using (3.81) and (3.82), we get the derivative of | J|:

W =T e ) = [Je(J 716Xy = |J|r(GX"). O

ExAMPLE 3.4. Let us consider the very simple situation shown in Figure 3.1. We have four
design variables a, . . ., o4 and nine quadrilateral elements (each horizontal line is divided
into three segments of the same length). The nodal coordinate matrix corresponding to the
four-noded element T is given by

®/3 13
20,/3 173
203/3 2/3
ws/3 23

X® =

The derivatives of the matrix X® with respect to the design variables are readily obtained:

1/3
IX®  9x® 0 aX®  12/3
doy  das 0 By | O

0

das - 2/3
1/3

0 0
0 axX® 0
0
0

(=N = =]
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The benefit of the chain rule technique is obvious: all we need are the derivatives of X°.
The calculation of (X¢)' can be done completely independently. On the other hand, the
parametrization of the shape is not explicitly visible from formulas (3.84)—~(3.87). This is
important in practical implementation: if one changes the parametrization of shapes, only
the “mesh module” that calculates X and X' needs modifications. On the other hand, the
same mesh module can be used without any modification for different state problems.

Consider now a plane linear elasticity problem:

3T w)/ox; + fi =0 mQCR? i=12 (3.88)

u;=0 ondR, i=1,2; (3.89)

;W) = cjuen(m), i,k 1=1,2; (3.90)
1

£ ) = 5 Qui/0x; + 0 /0x), i, j=1.2. (3.91)

We assume, for simplicity, that the elasticity coefficients c;jx; and the body forces f =
(f1, f>) are constant.

Applying the isoparametric element technique in the same way as in the scalar case,
we get similar expressions for the local stiffness matrix K¢ and the local force vector f°.
The matrix K° can be written in the following compact form:

K= ﬁ B"DB|J|d,
T

where

dpi/dx, 0 dgfdx O - dg/om O
B = 0 3¢1/08x, 0 3¢y /0x; -+ 0 3,/ dx; (3.92)
091/0xy 31 /0x1 O@2/dxy B@a/3pr .-+ Fpp/0x2  09,[/0x

andg;, i =1,..., p, are the shape functions of 7, given by (3.79). The symmetric matrix
D contains the elasticity coefficients of the linear Hooke’s law (3.90) expressed in matrix
form as follows:

T di diz dis en
) =|diz dn dn €2
T2 diz dy dn) \2e12

The local force vector corresponding to the body force f = (f1, f»)T is given by

e __ T
f —ff“’ fIJ1de,

(I>=(¢1 0 ¢ 0 - o 0).
0 ¢ 0 ¢ -~ 0 ¢

Taking into account that D' = f’ = &' = 0, we obtain the following formulas for the
derivatives of the local stiffness matrix and the force vector:

(K¢ = /A ((B’)TDBIJI +B'DB'|J| + BTDBlJ|/) dE,
T

where

(fey = ff ®TF|J] dt.



Problems 125

The nonzero elements of B can be assembled from those of the matrix G. Similarly, B’ can
be obtained from G’ using (3.84).

REMARK 3.12. Suppose now that boundary tractions P = (P, P;) actonapart 'p(«) and
that the respective boundary conditions are of the form

t,-,-(u)v,-vj =P, :=P-v

Tij(ll)vitj =P :=P-t } on I'p(). (3.93)

Let T) C 3T, be a side of T, placedon I'p(x), T, = Fe(T’), where T/ = {(x1,%2) | x1 €
(—1, 1), x; = 0}. Then the local contribution corresponding to (3.93) can be written in the
form (see [HO77])

1
P = / ®T(P,Ji; — P,J1a, P,Jyy + PJ12)" d5, (3.94)
-1

where & is as above and J;; denotes the elements of J. Assuming P to be constant on
I'p (), we easily obtain from (3.94)

1
7Y = f ®T(PJ}, — P,Jly, PoJly + PJI) 5, (3.95)
-1

Problems
PROBLEM 3.1. Perform sensitivity analysis for a nonlinear state equation from Remark 3.4.

PROBLEM 3.2. Suppose that the matrix function A : i/ — R™*” satisfies (iv) and (v') of
Remark 3.5. Prove that there exists a continuous function m := m(at) > 0 for any @ € U
such that

y Ay = m@)|yl> VyeR", Ya €l.

PROBLEM 3.3. Prove Lemma 3.1.

PROBLEM 3.4. Prove that the mapping ¥ : & +— x(x) € K(a), where x(a) solves
(P;n(e)) from Section 3.1, is continuously differentiable provided that the set of semiactive
constraints Zy(er) is empty.

PROBLEM 3.5. Let A € C1(U x R"; R™") be a generally nonlinear matrix function once
continuously differentiable with respect to both variables, f € C!(U, R"), and consider the
following variational inequality:

[ Find x () € K(t) such that (3.96)

(y — x(@)TA(e, x()) x (@) = (y —x (@) f(@) Vye K@),
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where () is as in (3.11). Suppose that A is strictly monotone uniformly with respect to
U;ie.,Im = const. > 0 :

»—x)TA@, y)y— A, x)x) >m|y —x|I> Vy,xeR" Vael.

Then (3.96) has a unique solution x () for any ¢ € U/. Prove that the mapping x : & > x (o)
is Lipschitz continuous in/ and directionally differentiable at any & & U/ and in any direction
B. Prove the counterpart of Theorem 3.2.

PROBLEM 3.6. Let x («) be a solution of (P;,,(a)) with KC(ar) defined by (3.20). Show that
Theorem 3.2 holds true with (e, 8) given by

K, B) ={y e R" | y;, = ¢j(a; B) Vji € I_(@), y;; = ¢i(e; B) Vi € Tp(a)},
where ¢](a, B) is the directional derivative of ¢; at & and in the direction 8 and

I (a)={jieI|x;(x)=gpi(a), ri(e) >0},
Ty(e) = {ji € T | xj(a) = @; (&), A;(ec) =0}

PROBLEM 3.7. Consider the same thickness optimization problem as in Section 3.2 but with
the set U,j’d defined by (2.32). Calculate the derivatives of the respective stiffness matrix
K(e).

PrOBLEM 3.8. Consider the thickness optimization problem for an elastic unilaterally
supported beam and its discretization studied in Subsection 2.5.1. Compute the directional
derivatives of g : e — g(e), where g (e) solves the algebraic inequality resulting from the
finite element approximation of (P(e)).

PROBLEM 3.9. Prove Lemma 3.2.

PROBLEM 3.10. Denote A, = (DF,“)TDFt‘II,, where F, : R* — R" is given by (3.35).
Compute A := £ A, _ by using Lemma 3.2.

PROBLEM 3.11. Let L : [0, 5] x R™ — Rand f : Qs — R™ be two sufficiently smooth

functions, where Q; is a §-neighborhood of Q and Q = Ureo,,1{t} % @4, @ = F(2), with
F; given by (3.35). Compute

EQQY) = % (fm L, f,)ds,)

PROBLEM 3.12. Consider the homogeneous Dirichlet boundary value problem

s Jo = Finxoa,

t=0+

(P()

—Au(@)=f inQ,
u() =0 ondg,
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where f € L2 _(R"). Prove that the material derivative i satisfies

loc

—Au=div(fV+AVu) inQ,
#u=0 onaQ,

where A is the same as in Problem 3.10.

PrOBLEM 3.13. Consider the following optimization problems:
(i) min [J(sz,u(sz» = f (u(sz)—uad)zdx}, Uaa € Ly (R"),
QCR» Q
(i) min {J(sz, u(Q) = / |Vu(R) - zad|2dx} . Zaa € L5 RMY?,
QCR? Q

where u(Q2) solves

—-Au(@)=f inQ, felLl ®RY,
foc (P(Q)
uQ)=g onad2, geH, R
Express J(2; V) by using both the shape and material derivatives of u.
ProBLEM 3.14. Consider the following optimal shape design problem:
min {J(asz, u()) = / () — uga)® ds} ,
QCR I
where u(£2) solves
—Au(Q)+u(Q)=f inQ,
P2
8u(82)=g on 92, (P(2))
31)9

f e Ll (R"), uaq, g : R* — R are such that Uadjpo and g,q belong to L?(8R) for any

loc

admissible 2. Compute J (352; V) by using both the adjoint state and duality techniques.
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Chapter 4

Numerical Minimization
Methods

Unlike authors of many other books on structural and shape optimization, we discuss basic
nonlinear programming algorithms only very briefly. Nonlinear programming is central to
operations research and a vast literature is available. The reader not familiar with the subject
should consult [DS96], [Fle87], [GMW81], and [BSS93], for example.

We will focus on methods that we will use for the numerical realization of the “upper”
optimization level in examples presented in Chapters 7 and 8. We do not consider methods,
such as preconditioned conjugate gradients, intended for solving very large and sparse
quadratic (or almost quadratic) programming problems with very simple constraints (or
without constraints) arising from the discretization of state problems.

As we have seen previously, the algebraic form of all discrete sizing and optimal shape
design problems leads to a minimization problem of the following type:

min f(x), ®
xeld
where f : Ud — R is a continuous function and U C R" is a nonempty set representing
constraints. In this chapter we briefly discuss typical gradient type and global optimization
methods based on function evaluations, which will be used for the realization of (PP). In the
second part of this chapter we shall also mention methods of multiobjective optimization.

4.1 Gradient methods for unconstrained optimization

We start with gradient type methods for unconstrained optimization when &f = R".
Suppose that f is once continuously differentiable in R”. Then the necessary condition
for x* to solve (P) is to be a stationary point of f;i.e., x* satisfies the system of n generally
nonlinear equations

Vfx*) =0. 4.1)

Therefore any minimizer of f in R" is a stationary point at the same time. The opposite
is true for convex functions. Gradient-based methods realize a sequence {x;}, x; € R,

129
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k=0,1,..., starting from an initial point x( following the formula
Xpy1 = X + ordy, 4.2)
where p; > O is a given number and d; € R” are chosen in such a way that f(x;.;) <
f&Yk=0,1,.... From the Taylor expansion of f around xy it follows that a decrease
in f is locally achieved when d}, is the so-called descent direction of f at x;:
d"V f(xp) <O0. 4.3)

The simplest and oldest method is steepest descent, in which dy = —V f(x;) Vk =
0,1,... and o is defined from the condition

fxp + pedy) = I;Li{)l fxx + pdy). 4.4

The one-dimensional minimization of f in (4.4) is called a line search. The steepest descent
method corresponds to a linear approximation of f. Due to its simplicity it is not surprising
that the method is not too efficient. It can be shown that if f € C2(R") is convex, then
convergence is linear; i.e.,

k
lim sup Jlx, — x*|| < (%—_1) lxo — x*|I, “4.5)
k—o0 x+1
where 2 > 0 is the spectral condition number of the Hessian of f at the minimum point x*.
A better result is obtained for conjugate gradient methods. In this case the descent direction
d; at x; is computed by using the gradient of f at x; and the previous descent direction
d k—1-

do = —8o,

di = —g; topdey, k=1,

where g, = V f(xy) and o = || g ||2/||gk_1 l|2. It is known that under appropriate assump-
tions on f and with an appropriate choice of p; the ratio on the right-hand side of (4.5)
can be replaced by a much more favorable one, namely (/3 — 1)/(y/7 + 1), where »
has the same meaning as in (4.5). Let us mention that this method with exact line searches
(4.4), when applied to a quadratic function, terminates at its stationary point x afterk < n
iterations.

The speed of convergence can be improved by using methods based on quadratic
approximations of f. Asatypical representative of such a class of methods we briefly discuss
the sequential quadratic programming (SQP) method. Before that, however, Newton’s and
quasi-Newton methods are presented to help the reader understand the SQP algorithm. The
reasons for selecting the SQP method are the following:

o It is widely accepted that the SQP method is very efficient and reliable for general
nonlinear programming problems provided that accurate derivatives of objective and
constraint functions are available.

o Well-tested and reliable implementations of the SQP method are available either free
of charge or at nominal cost for academic research.*

*More information on nonlinear programming software packages (properties, commercial status, contact in-
formation, etc.) can be found at www-fp.mcs.anl.gov/otc/guide/softwareguide/ or www.ici.ro/camo. URLs were
current as of January 2003.


www-fp.mcs.anl.gov/otc/guide/softwareguide/
www.ici.ro/camo
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Comparison of several gradient-based methods in structural optimization problems
has been done in [SZZ94].

4.1.1 Newton’s method

Let us consider an unconstrained nonlinear optimization problem (P) with f : R — R
that is at least twice continuously differentiable in R". Let x¢ € R" be an initial guess for the
solution of (P). Then f can be approximated near x by its second order Taylor expansion

Flo+d) ~ f(xo) + g(xo)Td + %dTH(xwd, deR", .6)

where g(x) = V f(x) and H(x) = {82 f(x)/9x;3x;} j—1 are the gradient and the Hessian
matrix of f at x € R", respectively. If H(x,) is positive definite, the (unique) minimum
of the quadratic approximation on the right of (4.6) with respect to d is obtained as the
solution of the linear system of equations H (xo)d = —g(x(). A new approximation for
the minimum in (P) is obtained by setting x; = xo + d.

Suppose that H(x) is regular for all x € R". Repeating the previous approach we
obtain the following algorithm.

n
i

ALGORITHM 4.1. (Basic Newton’s method for unconstrained optimization. )

1. Choose an initial guess xo € R" and a tolerance parameter ¢ > 0 for the stopping
criterion. Set k := 0.

2. Calculate the gradient g(x;) and the Hessian matrix H (x;) of f at x.
3. Calculate the search direction d; by solving the linear system of equations

H(xp)di = —g(xp).
4. Update the approximated minimum by
Xiy1 i=Xg +dg. “.7

5. If lg(xr+1) |l < &, then stop. Otherwise set k := k + 1 and go to step 2.

Thus Newton’s method corresponds to the choice d, = —[H (x4)] ‘lg (xpandp, =1
for all k € Nin (4.2) (notice that d;, is a descent direction only if H (x;) is positive definite).

It can be shown (see, e.g., Problem 4.1 and [GMSW89, p. 11]) that if x¢ is sufficiently
close to x* and f satisfies certain (quite restrictive) assumptions, then the sequence {x;}
generated by Algorithm 4.1 converges quadratically to x*; i.e.,

lim x; = x*, Hm sup = const. > 0.

k—o0 P B x*||2

4.1.2 Quasi-Newton methods

The calculation of the Hessian matrix requires the evaluation of n(n + 1)/2 partial deriva-
tives. Hand coding of the second derivatives is very error prone and tedious. Therefore



132 Chapter 4. Numerical Minimization Methods

their computation is recommended only if automatic differentiation techniques described
in Chapter 5 are available. A finite difference approximation of the Hessian is usually very
expensive. If the gradient g := V f is available analytically, a simple finite difference
approximation of the Hessian H(x) requires n additional evaluations of g(x). Another
serious drawback of the classical Newton method is that the Hessian H (x;) may not be
positive definite; i.e., d; = ~[H (x;)]~'g(x) is not generally a descent direction.

To overcome these disadvantages the so-called quasi-Newton methods have been
developed. Instead of the Hessian they use its approximation by a symmetric, positive
definite matrix. Let f be three times continuously differentiable in R*. Using the Taylor
expansion for the gradient g(x + d) = g(x) + H(x)d + O(||d||?) one can obtain an
approximation of the second order derivative of f in the direction d without explicitly
forming approximations of the individual elements of the Hessian:

fx;d,d) =d"H(x)d ~ d"(g(x + d) — g(x)).

Therefore we replace the Hessians in Newton’s method with a sequence { B} of symmetric
matrices satisfying the so-called quasi-Newton condition

Bip1(Xpt1 — xi) = g(xis1) — g(x1). 4.8)

If n = 1, then the numbers B, are unique and the method is just the secant method for the
single nonlinear equation f’(x) = 0.

If n > 1, then relation (4.8) does not determine B in a unique way. The identity
matrix may be chosen as the initial guess By. After that a new Hessian approximation
at x; is formed by updating By, taking into account the additional curvature information
obtained during the step x| = xo + d. It is believed that the most efficient update is the
Broyden—Fletcher—Goldfarb—Shanno (BFGS) rank-two update given by

Bmwmﬂ+nmf
sy Bisk o) se

Byy1 = By — 4.9

Here we write in shorthand s, = x4 — x4 and y, = g(xr41) — g(x,). If the natural step
length is used, i.e., X¢+1 = xj + dj, then s; = d; in (4.9).
It can be proved that if By is positive definite, then By, is also positive definite
provided that
() 'de > 0.

Replacing the Hessian in Newton’s method with the BFGS approximation, we obtain
the following algorithm.

ALGORITHM 4.2. (Quasi-Newton method with BFGS update.)

1. Choose an initial guess xo € R” and a tolerance parameter ¢ > 0 for the stopping
criterion. Set By := I and k := 0.

2. Calculate the search direction d; by solving the linear system of equations
Bid; = —g(xp).
3. Update the approximated minimum by

Xpy1 = xr +dy. 4.10)
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4. If ||g(xk+1)]| < &, then stop.
5. Update the Hessian approximation by

Bise(Bis)T  y(y)"

Biy1 := By ~ ,
" s; Bisi () sk

where §; = X1 — X, 8, = Vf(xp), and y, = g;1 — 8-

REMARK 4.I. The solution of the linear system in step 2 requires O(n*) arithmetic op-
erations. It would be possible to formulate the BFGS quasi-Newton method yielding an
approximation to the inverse Hessian matrix. In that case, step 2 would be replaced by
a matrix-vector product requiring only O(n?) arithmetic operations. The preferred way
is to update the Cholesky factors LkaLE of By instead. The factors Ly and Dy of
the updated matrix B;4; can be formed using O(n?) operations. If the Cholesky factors
are available, then the linear system in step 2 can be solved using O(n?) operations. This
approach is more numerically stable and in addition allows one to estimate the condition
number of the Hessian matrix very easily. The latter is very useful in practice.

4.1.3 Ensuring convergence

From elementary numerical analysis it is well known that Newton’s method for solving a
nonlinear equation converges to a single root only if an initial guess is sufficiently close
to the root. Unfortunately the same holds true in the case of Algorithms 4.1 and 4.2,
even if f is convex. One cannot, of course, tolerate this in practice. The methods should
be globally convergent, meaning that the sequence {x;} generated by (4.2) is such that
lim infy—, o ||g@(x¢)|| = O for any choice of xo € R". One way to achieve this goal is to add
a line search technique and to ensure that dy, k = 0, 1, ..., are uniform descent directions:

360> 0: —dig(xi) = solldell lg(x)ll Vk €N, (4.11)

meaning that the angle between d;, and g (x;) is uniformly bounded away from orthogonality.
Assume that the search direction d; satisfies (4.11). Instead of (4.7) or (4.10), the
new approximation for solving (P) is calculated as

Xi+1 = Xg + ordi, “4.12)

where p; is defined by (4.4).

In practice the exact minimization to determine gy is not usually used. Convergence
can be guaranteed if a sufficient decrease in f is obtained. Moreover, or = 1 is used
whenever possible so that the good convergence rates of Newton’s method or the quasi-
Newton method near the optimum can be exploited. A sufficient decrease in f can be
attained if p; satisfies the following Wolfe conditions:

f@er)) — F(xe) < Bordi g (xi), (4.13)
dig(xi1) = ydig(xi), (4.14)
where 0 < 8 < % and 8 < y < 1. It can be shown that under (4.11), (4.13), and (4.14) the

descent direction method (4.2) is globally convergent provided f is bounded from below
and the gradient of f is Lipschitz continuous in R” (see [Fle87]).
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Unfortunately, the line search variant of Newton’s method is globally convergent only
if the minimized function is uniformly convex in R"; i.e.,

Ja =const. >0: y'H(x)y > a|yl?>, x,yeR"

To ensure global convergence for nonconvex functions, the so-called trust region concept
has to be used. Let us describe it in brief. Denote by

1
Qk(s) = ESTH(xk)s +gx0)Ts, seR",

the quadratic approximation of the difference f(x; + ) — f(x}) in a vicinity of x; and let

flxr+5) = f(xp)
Qx(s)

be the ratio of the real and expected decreases in f at x,. We realize the sequence {x;} by

wy(s) =

Xpp1 =X+ 8, X0 € R” given, 4.15)
with s; € By = {s € R" | |Is]| < A} being the solution of
Qi(se) = igg: Qk(s).
The sequence {A;} defining the radius of By is defined as follows:

If wi(si) < p then Bllsell < Aprr < Blisill;
otherwise Ay < Ay < Y Ag,

where 0 < ﬁ < E <l<yand0 < p < 1. It can be shown that, if f is bounded from
below, if it has a bounded Hessian in R”, and if the level sets

Ly={xeR"| f(x) < f}

are compact for any f € R, then for any xo € R” there is an accumulation point x* of {x;}
defined by (4.15) such that g(x*) = 0 and H (x*) is positive semidefinite. If, in addition,
H (x*) is positive definite, the whole sequence {x,} tends to x*, a local minimizer of f.

4.2 Methods for constrained optimization

The numerical realization of sizing or shape optimization problems usually leads to a non-
linear programming problem with constraints. Let us consider problem (P) with equality
constraints defining U:

U={x eR"|cx) = (ci(x),...,cn(x)T =0}, (4.16)

where f : R” — Rand c : R* — R” are twice continuously differentiable functions in R".
In what follows we denote by A(x) € R™*”* the Jacobian of the vector-valued function c at
x e R".
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A nonlinear programming problem with I/ given by inequality constraints ¢;(x) < 0
fori = 1,...,m can be converted to a problem with equality constraints by using an
active set strategy: if it is known a priori which constraints are active at the optimum (i.e.,
¢i(x*) = 0, i € I), the rest of the constraints can be removed from the problem and a new
one with only equality constraints is obtained. In practice the set Z is not known a priori but
it can be treated as an additional unknown of the problem and adjusted iteratively during
the numerical optimization process. Next we shall consider problem (IP) with the equality
constraints (4.16).

The basic principle invoked in solving a constrained optimization problem is that of
replacing the original problem with a sequence of simpler subproblems that are related in a
known way to the original problem (PP).

The classical penalty method is an example of the above-mentioned principle. The
original constrained problem (P) is replaced with a sequence of unconstrained ones:

1
min {fk(x) = f) + —||c(x)||2] : ®.,)
xeR" Ex

where g, — 04 as k — oo. Then each convergent subsequence of {x;} of solutions to
(P¢,) tends to a solution of (P) (see Problem 4.2). Each problem (P,,) can now be solved by
using Newton’s method or the quasi-Newton method, for example. Unfortunately, when &;
is very small, the Hessian H; of f; becomes ill conditioned at the solution x* of (P) since

Hyex®) = Hx™) + €3A<x*)TA(x*)
k

is dominated by the singular matrix A (x*)T A(x*). To avoid ill-conditioning of (P;, ) caused
by small g, the so-called augmented Lagrangian methods have been developed (see [Fle87]).

The most efficient and numerically stable methods are based on seeking a point sat-
isfying the sufficient optimality conditions for constrained optimization that are mentioned
below. Before doing that let us recall the following basic notion: a point x € U is said to
be regular if the gradient vectors of the constraint functions ¢;, i = 1, ..., m, are linearly
independent at x; i.e., the Jacobian matrix A(x) has full rank equal to m.

Let £ : R* x R™ — R be the Lagrangian corresponding to (IP):

L(x, ) = f(x) —ATe(x). 4.17)

THEOREM 4.1. (Karush—Kuhn—Tucker (KKT) first order necessary optimality condition.)
Let the objective and constraint functions of problem (P) be continuously differentiable at
a regular point x* € U. A necessary condition for x* to be a local minimizer in (P) is that
there exists a vector A* € R™ such that

V@) — A =0. (4.18)
Since x* is regular, then A* (called the vector of Lagrange multipliers) is unique.

THEOREM 4.2. (KKT second order sufficient optimality conditions.) Let the objective
Junction and constraint functions of problem (P) be twice continuously differentiable at a
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regular point x* € U. A sufficient condition for x* to be a local minimizer in (P) is that
there exists a vector A* € R™ such that

@ V") - AT =0;
(ii) dTV2ZL(x*,1*)d > 0 for any d # 0 satisfying A(x*)d = 0, where V2L stands for
the partial Hessian of L with respect to x.

REMARK 4.2. Denote by Z(x*) an n X (n — m) matrix whose columns form a basis of
the null space N'(x*) of A(x*). Then condition (ii) in Theorem 4.2 can be equivalently
expressed as follows:

(ii’) The reduced Hessian Z (x*)TVf.C(x*, A5)YZ(x*) is positive definite.

4.2.1 Sequential quadratic programming methods

Instead of quadratic approximations of f, we now use quadratic approximations of the
Lagrangian L. Since (x*, A*) is a saddle point of £ we have to add some constraints into the
quadratic programming subproblem to ensure its solvability. Condition (ii) in Theorem 4.2
suggests that a set of linear constraints might be appropriate.

Let (xi, Ax) € R® x R™ be a current approximation of (x*, A*). A point x; + d; is
intended to be a better approximation for x*. Therefore x; + d; should also be feasible;
ie., c(x; + dy) =~ 0. Making use of the Taylor expansion of ¢ at x; we get

c(xx +di) = c(x) + Ax)de + O(ldi|*) = 0. (4.19)
Ignoring the higher order terms in (4.19), the search direction d; should satisfy
A(xp)dy = —c(xyp).

We are now able to formulate a quadratic programming subproblem with equality constraints
whose solution determines d:

1o T
-d' B d
min>d"Bid + g(xi)
subject to

A(xp)d = —c(xyp),

(9]

where g(x;) := V f(x;) and the matrix By is the exact Hessian (or its approximation) with
respect to x of £ at (x, Az).

Let Z; € R®™*®m and ¥, € R**™ denote matrices whose columns form the basis of
the null space N'(x;) of A(x;) and the range space R(x;) of A(xk)T, respectively. If the
reduced Hessian (Z;) ' B Z is positive definite, subproblem (P;) has a unique solution d;.
Indeed, the vector d; can be decomposed as follows:

di=2Zidz+Ydy, dze€R'"™, dyeR",

making use of the fact that R = AN(x;) ® R(x). The range space component of dy is
given by the unique solution of the linear system

Ax)Yidy = —c(xy),
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while the null space component d 7 solves
(Z)"BiZidz = —(Z1)"g(x) — (Zi) " BiY'dy. (4.20)

The Lagrange multiplier g, € R™ corresponding to the set of linear constraints in
(IP,) satisfies the compatible overdetermined system

A(x) i, = Brdi + g(x). 4.21)

The reason for using g(x;) instead of V,L(xy, A¢) in (Py) is the following: First, the
solution d} of (IP;) is the same if g(x;) is replaced by V, L(xk, A¢) in (4.20) because

(ZOTVLL(xr, M) = (Z0)Tg (k) — (Z)TA() ™M = (Z0)Tg (xi),

employing the fact that A(x;)Z; = 0. Second, when d; — 0 then (4.21) leads to the
optimality condition for problem (PP):

AHTp* = g(x").

Therefore the vector of the Lagrange multipliers in () can be taken as an approximation
of the Lagrange multipliers in the original problem (P).

ALGORITBM 4.3. (Simple SQP algorithm.)

1. Choose an initial guess (xg, A9) € R" x R™ and a tolerance parameter ¢ > 0 for the
stopping criterion. Set k := 0.

2. If |g(xx) — A(xi) Aell < & and [e(x)]] < &, then stop.

3. Let (dg, py) be the solution and the vector of Lagrange multipliers, respectively, of
the quadratic programming subproblem

1
min-z—dTBkd +g(x)'d

subject to (4.22)

A(xk)d = —c(xk).

4, Set
Xpq1 = X +dy, Apy1 = g

5. Calculate a new Hessian By (exact or its BFGS approximation).
6. Setk :=k + 1 and go to step 2.

It can be shown (see [GMW381, p. 239]) that, if B; is the exact Hessian (with respect
to x) of £ and the initial guess (x¢, Ao) is sufficiently close to (x*, A*), the sequences
{x¢}, {A;} defined by Algorithm 4.3 converge quadratically to x* and A*, respectively,
satisfying the first order KKT condition (4.18).

As in Newton’s method, the convergence propetties of Algorithm 4.3 will be improved
if a line search is added to step 4. In contrast to unconstrained optimization the decrease in
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[ itself is not a measure of progress in constrained nonlinear programming. Usually step 4
is replaced by the following step:

4. Set
(xk+1> —(*) + dr ) 4.23)
A1 Ae He— A )’
where p, > 0 is chosen in such a way that a “sufficient decrease” in the augmented La-
grangian merit function

®,(x, A) := L(x, 1) + %Ilc(x)llz (4.24)

is achieved. Here r > 0 is a penalty parameter. It can be shown that under additional
assumptions the sequence {(x, A;)} defined by (4.23) converges to (x*, 1*) satisfying the
KKT first order necessary optimality conditions. Furthermore, there exists finite r( such that
x* is the unconstrained minimizer of ®, (x, A*) Vr > ry. For details we refer to [Sch82].

4.2.2 Available sequential quadratic programming software

There are several SQP implementations available. Most of the implementations assume that
the size of the optimization problem is moderate because the matrices are stored as dense
ones. The following subroutines are widely used and easily accessible:

e NLPQL, by K. Schittkowski, University of Bayreuth, Germany. NLPQL solves the
following nonlinear programming problem:

min £ (x)
subject to
¢(x)=0, i=1,...,mog;
¢x)=0, i=my+1,...,m;
xf”wsxisx?pp, i=1,...,n.

For details on the availability of NLPQL contact the author at klaus.schittkowski@
uni-bayreuth.de. NLPQL is also included in the commercial IMSL subroutine library
[IMS94].

e DONLP2, by P. Spellucci, Technical University of Darmstad, Germany. DONLP2
solves the following nonlinear programming problem:

min f(x)
subject to
c(x)=0, i=1,...,mg;
¢(x)=>0, i=my+1,...,m.

The code is available online free of charge for research purposes from ftp:/plato.la.
asu.edu/pub/donlp2/.
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o EO04UCEF, included in the commercial NAG subroutine library [NAG97]. E04UCF
solves the following nonlinear programming problem:

min f(x)
xe]R"f
subject to
X <x<xPP, i=1,...,m
n
A A .
¢ SE aijx; <ufl, i=1,...,mu;
j=t
£ <c@x)<ui, i=1,...,m.

In EO4UCF the linear constraints, defined by a matrix A = (a;;) € R™>", and
general nonlinear constraints are described separately. All constraints have both lower and
upper bounds. If some bound is not present one can use £M instead, where M > Ois a
“large” number. Equality constraints are obtained if the upper and lower bounds coincide.

NLPQL allows the use of reverse communication, i.e., the values of objective and
constraint functions and their derivatives can be evaluated in the (sub)program from which
the optimizer is called. This is useful especially in sizing and shape optimization (SSO)
since the calculation of function values of f, c¢; and of their derivatives is difficult to separate
into different subroutines.

4.3 On optimization methods using function values only

In this section we shall present two types of optimization methods that do not use any
gradient information and have a potential to reveal global minima of functions with several
local minima. One of the main reasons for their popularity is that they are very simple
to implement. A structural analyst with some experience in finite element analysis but no
knowledge of nonlinear programming is able to implement these methods in a few hours.
Since they do not use gradients, one can use them for minimization of nondifferentiable
functions. However, they need considerable fine tuning to perform well. Moreover, they
should not be used when the problem is “too simple.” In this case gradient-based methods
with a finite difference approximation of derivatives together with some global strategy
(several initial guesses, for example) are usually much more efficient than methods based
on function evaluations only.

Solutions of (), i.e., global minimizers of f with respect to I, representing solutions
of discretized problems may hardly be detected by gradient methods. This happens, for
example, if the objective function f is multimodal; i.e., many local minima exist in the fea-
sible region. If a global minimizer x* of f is needed, global optimization methods represent
an appropriate tool to find it. Due to the limited accuracy of floating-point representations
of real numbers by computers, the global optimization problem is considered as solved if
an element of the level set

Ligyse ={x eU]| fx) < fx) +e}, >0,

has been found by using an appropriate algorithm. Unfortunately, the theoretical results
indicate that, in general, the global optimization problem is NP-complete; i.e., there is no
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efficient (i.e., polynomial time) approximation algorithm capable of solving an arbitrary
global optimization problem. For details see, e.g., [Bic96, pp. 35-62].

In many applications the feasible region/ is usvally defined by simple box constraints;
ie, U = [T [xv, x/PP], xlov, x/"’ € R, i = 1,2,...,n. Specialized stochastic
algorithms have been developed especially for such problems in the past decades. Some of
them imitate the evolutionary process in organic populations [BS93, Gol89, Mic92]; some
of them are based on the physical process of annealing [MRR*53, Ing93]. Empirical results
confirm that objective functions appearing in industrial applications are such that stochastic

algorithms yield a good approximation of global minima.

4.3.1 Modified controlled random search algorithm

Random search belongs to the class of stochastic algorithms of global optimization. Random
search algorithms are reviewed in [TZ89). The controlled random search (CRS) algorithm
was proposed by Price [Pri76] in 1976. The CRS algorithm is based on ideas of the Nelder—
Mead simplex method [NM64]. It starts with a population P of N points (N > n) taken at
random in the feasible region /. A new trial point x is generated from a simplex S in R",
whose n + 1 vertices belong to the population P in I/, using the relation

x=g-Y(z—g),

where z is one vertex of S, g the center of gravity of the face defined by the remaining
vertices of S, and Y a multiplicative factor. The point x may be considered as resulting
from the reflection of z with respect to g. Let x,,, be the point with the largest objective
function value among N points currently stored. If f(x) < f(Xmax), then x,,, = x;
i.e., the worst point in P is replaced by the new trial point. The process continues until a
stopping condition is fulfilled.

The modified CRS (MCRS) algorithm is described in [KT95]. The principal modifi-
cation of the CRS algorithm consists of randomizing the factor ¥ when searching for a new
trial point. Consider the procedure Reflection formally written as follows.

procedure Reflection(in: 7P, out: x )

repeat
set S := set of (r 4 1) points selected from P at random,;
setx :=g—Y(z—g)

until x € U;

The multiplication factor Y is a random variable. Then the MCRS algorithm can be written
very simply.

ALGORITHM 4.4. (MCRS.)

‘P := population of N points in I/ generated at random;
repeat

Reflection(P, x);

if f&x) < f(Xmax) then x4, 1= X;
until stopping criterion is true;
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Several distributions of Y have been tested. It was found that good results are obtained
with Y distributed uniformly in [0, o[ with o ranging from 4 to 8§ [KT95]. The MCRS
algorithm has been successfully applied to parameter estimation in nonlinear regression
models [KTKO00] and in shape optimization [HIKTO0O] (see also Chapter 6).

No particular stopping criterion is defined. However, in most optimization problems
the stopping criterion is expressed as

S Xmax) — [ Xmin) < &, (4.25)

where x,,;, is the point with the smallest value of the objective function among all the N
points of P held in the memory and ¢ > 0 is an input parameter. The MCRS algorithm is
very easy to implement. It has three input tuning parameters:

e the number N of points in P,

o the value of o defining the range of Y,

e the value of ¢ for the stopping condition.

A correct setup of the tuning parameters depends on the nature of the optimization
problem to be solved. The higher the values of N and o the more thorough the search
for global minima is. Empirical observations indicate that the values @ = 8 and N =
max(5n, n?) are acceptable in many applications.

Some other modifications of the CRS algorithms can be found in {ATV97] and in
several references therein.

4.3.2 Genetic algorithms

Genetic algorithms (GAs) are stochastic methods that can be used to solve problems ap-
proximately in search, optimization, and machine learning. GAs can be presented using the
concept of natural evolution: a randomly initialized population of individuals (approximate
solutions to a mathematical problem) evolves, mimicking Darwin’s principle of survival of
the fittest. In a GA a new generation of individuals is produced using the simulated genetic
operations crossover and mutation. The probability of survival of the generated individuals
depends on their fitness: the best ones survive with a high probability, the worst die rapidly.
For more detailed treatment of the topic see [Hol75], [Gol89], for example.

In what follows we shall apply the general idea of GAs to the problem of finding
an approximate solution to a shape optimization problem, for example. Let us consider a
population of admissible shapes. Every shape is uniquely defined by a set of floating-point
numbers (design parameters), which can be represented as a single finite bit string (“digital
chromosome”). We assume that it is possible to evaluate the fitness of each shape, where
the fitness is a real number indicating how “good” a shape is compared with the others in
the population. To simulate the process of breeding a new generation of shapes from the
current one, the following steps are used:

e Reproduction according to fitness: the more fit the shape is, the more likely it is to be
chosen as a parent.

e Recombination: the bit strings of the parents are paired, crossed, and mutated to
produce offspring bit strings. Every new bit string uniquely determines a new shape.

o Replacement: the new population of shapes replaces the old one.
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Let us now consider a discrete shape optimization problem reduced to the solution
of the nonlinear programming problem (IP) with I{ given by simple box constraints. In the
traditional GA the chromosome string is an array of bits (zeros and ones) and the genetic
operations are performed bitwise. Instead of this we use the so-called real coding. The real-
coded GA processes a population P of vectors {x ¥}, x® e R*,i =1,..., N, where N is
the population size. The genetic operations to vectors are now performed componentwise
using standard arithmetic operations. Next we shall give a specific meaning to the general
concepts mentioned above in our specific context.

Genetic type algorithms are used for the maximization of a fitness function F char-
acterizing the state of a population. Therefore if one can use GAs in SSO formulated as
minimization problems for a cost functional f, onehastoset F = — f, using the well-known
fact that maxy(— f) = — miny f. For multiobjective optimization problems, which will
be discussed later, a completely different choice is useful. Therefore we define the fitness
evaluation phase as the following procedure:

procedure Evaluate_fitness(in: N, P, f, out: F )
set F={Fy,..., Fy} = {=fG&D), ..., - fx™)};

To select individuals to become a parent in breeding we can use, for example, the so-
called tournament selection rule. For each “tournament” a fixed number n7 of individuals is
selected randomly from P. The individual with the highest fitness value wins the tournament,
i.e., is selected to be a parent. If there are several such individuals, then the first one to enter
the tournament wins. This selection rule is conveniently written as the following procedure:

procedure Choose_parent(in: P, F, N, nr, out: ¥ )
selectk € {1, ..., N} at random;
do i=2,...,nT
selectm € {1, ..., N} at random;
if F,, > F, thensetk := m;
end do
set¥ :=x®;

parentx¢  |5.12 [4.13 13.12 [1.78 [433 |

{3
parentx*  [0.83 [2.53 16.11 [7.25 [4.44 |
!

offspring y* 512 [4.13 l6.11 [7.25 [4.44 |

offspring y* [0.83 [2.53 13.12 [178 [433 |

Figure 4.1. An example of one-site crossover.
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In the breeding process the offspring can be implemented by using, e.g., the following
one-site crossover. With a given probability P, the components of x4, x® are crossed in
the following way:

b _ b
Ve =X, Yy =%, k=1,...,m

y,’j:x”, yb=x,‘:, k=m+1,...,n,

where 1 < m < n are again randomly chosen. Otherwise, the values of the parents x, x?b

are copied to y*, y®. Figure 4.1 shows an example of this type of one-site crossover. The
crossover operation can be written as the following procedure:

procedure Crossover(in: P,,, x°, x°, out: y°, y?)
select r € [0, 1] at random;
if r < P, then

selectm € {1, ..., n} at random;
. b

Y =g, x8 b))

b (b b

y .-—(xl,...,xm,x,‘:l+1,...,x,‘,’)
else

yoi=xt

b. .

yb = xb;
end if;

The mutation can be understood as a way to escape from local minima. Mating two
“locally” good parents may produce a better offspring but only locally. A random variation
of the properties of the offspring may produce a design that would be impossible to get
using just crossover operations to selected parents. The mutation of a single floating-point
string x can be done, e.g., in the following way, which uses a special distribution promoting
small mutations [MNP*97). The components of the individual under consideration are gone
through one by one and mutated with a given probability P,,. We denote the component x;
after the mutation by x[". It is computed in three steps:

procedure Mutate(in: N, x'°¥, x“P?, p, P,,, infout: P)
dok=1,...,N
set¥ 1= x®,
doi=1,...,n
select r € [0, 1] at random;
if r < P, then
sett:= (x; — x;°)/(x; 7P — x[°¥),

t—r\?
t—1 ; , r=<t,

sett, = t+(1_t)(r_t)p’ o
1—1¢
set X; 1= (1 — t,)x1%% + 1, %77,
end if

end do
replace x® by ¥ in P;
end do;
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The input parameter p > 1 (“mutation exponent”) defines the distribution of mutations and
x'°» and x“PP ¢ R" are the vectors defining the lower and upper bounds for I/, respectively.
If p = 1, then the mutation is uniform. The probability of small mutations grows if the
value of p grows.

Because we have already defined all of the necessary genetic operations, we can
present the following simple GA for solving the nonlinear programming problem (P) with
box constraints.

ALGORITHM 4.5. (Simple GA.)

procedure GA(in: N, nr, Py, Py, p, X%, x“PP, f, out: P)
P := population of N points x'*¥ < x® < x*P i =1, ..., N, generated at random;
Evaluate_fitness( N, P, f, F );
repeat
set Pre¥ = @,
dok=1,...,N/2
Choose_parent( P, F, N, ny, x%);
Choose_parent( P, F, N, nr, x? );
Crossover( P,,, x%, x?, y*, y? );
set Prev .— prew ) {y°, yb};
end do
Mutate( N, x'°%, x*PP, p, P,,, P"¥ );
set P := Prev,
Evaluate_fitness( N, P, f, F );
until stopping criterion is true;

There is no natural stopping criterion for Algorithm 4.5. Usually the iteration process
is terminated after a given number of generations has been produced or there is no improve-
ment in the fitness of the best individual in the population. As a result the algorithm gives
the final population, i.e., a set of approximate solutions to (IP). Unlike in the optimization
methods discussed before, the best individual in the offspring population may be worse than
the best one in the parent population. This fact further complicates the choice of a stopping
criterion. A remedy to this is to add an elitism mechanism to Algorithm 4.5; i.e., a few best
parents are always copied into the new population. In this way the best individuals are not
lost in the reproduction and a decrease in the value of the objective function corresponding
to the best individual in each generation becomes monotonic.

In practical shape optimization applications GAs require quite a lot of cost function
evaluations. However, the inherent parallelism in GAs makes them attractive. In GAs,
the objective functions can be evaluated at each generation independently. In a parallel
implementation based on the master-slave prototype, the master process computes the ge-
netic operations and the slave processes compute the object function values. Therefore the
amount of communication between the master and the slave processes is rather small and a
network of low cost workstations can be used to execute the different processes.

4.4 On multiobjective optimization methods

In classical optimal shape design problems only one objective function based on one sci-
entific discipline is minimized. Real-life problems are rarely so simple. Often there exist
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—— weakly Pareto optimal set
- - - Pareto optimal set

Figure 4.2. Pareto and weakly Pareto optimal set.

several (conflicting) objective functions that should be simultaneously optimized. For ex-
ample, in aerospace engineering one wants to design the shape of an airfoil to minimize
its drag and at the same time maximize its lift. Such multiobjective optimization prob-
lems (also known in the literature as multicriteria or vector optimization problems) require
tools different from the standard optimization techniques for single (or scalar) objective
optimization; see, for example, [Mie99].

4.4.1 Setting of the problem

Consider a multiobjective optimization problem of the form

min {fl(x)’ fZ(x)’ LR fk(x)}

] (4.26)
subject to x € U,

where f; 1 R" - R, i = 1,..., k, are objective functions and & # U C R" is a set of
feasible design variables. We do not specify constraint functions defining /. Let Z be the
image of I{ under the mapping f = (fi, ..., fi) : U — R*. The elements z of Z are called
criterion vectors.

The components of an ideal criterion vector z* = (2}, ..., z}) € R* are optima of the
individual objective functions; i.e., z} = minyy fi(x),i = 1, ..., k. Unfortunately, z* is
usually infeasible; i.e., it is not possible to minimize all the objective functions at the same
point from &/ because of the conflicting character of f;, i = 1, ..., k. Instead we introduce

the concept of (weak) Pareto optimality.

DEFINITION 4.1. A design variable x* € U and the corresponding criterion vector f(x*)
are Pareto optimal if there does not exist another design variable x € U such that f;(x) <
fix*) Vi = 1,...,kand fj(x) < f;j(x*) for at least one objective function f;. Weak
Pareto optimality is defined by employing k strict inequalities.

We call the set of all Pareto optimal solutions the Pareto optimal set. This set can be
nonconvex and nonconnected. The geometrical interpretation of Pareto optimal and weakly
Pareto optimal points in fi f, space is shown in Figure 4.2.

There are usually many Pareto optimal solutions. From a mathematical point of
view, every design in the Pareto optimal set would make an equally good solution of the
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multiobjective optimization problem. However, in practical design problems one has to
choose just one design as the solution. Selecting one design from the Pareto optimal set
requires extra information that is not contained in the objective functions. The selection is
done by a decision maker. A decision maker is a person who is supposed to have some extra
information on the optimization problem not contained in the mathematical formulation,
enabling the selection of a particular solution.

4.4.2 Solving multiobjective optimization problems by scalarization

In general, multiobjective optimization problems are solved by scalarization: converting
the problem into one or several scalar optimization problems with a real-valued objective
function depending possibly on some parameters. Thus standard methods of constrained
nonlinear optimization can be used.

One has to keep in mind that descent methods for scalar optimization may find only a
local minimizer. In addition, it is important to scale the problem properly; i.e., the values of
the cost functions have to be of the same order of magnitude. The following two methods are
examples of scalarizing functions. For more methods and further information see [Mie99].

Method of global criterion

In the method of global criterion, the decision maker is not involved. The distance between
some reference point in R* and the set Z is minimized. A natural choice for the reference
point is the ideal criterion vector z*. Thus the original vector optimization problem is
replaced by the following standard scalar nonlinear programming problem:

323 ILf () — 2"l p, 4.27)

where |- || , denotes the norm in R¥ defined as follows: ||x||, = Cr L mIHVPif1 < p <
0o and [ix|lo = max;—;__|x:|, * = (x1,...,x). It can be shown that any solution of
(4.27) is Pareto optimal if 1 < p < oo. If p = 00, the solution of (4.27) is weakly Pareto
optimal (see [Mie99] and also Problem 4.3 for 1 < p < o0).

COROLLARY 4.1. If U is a nonempty compact subset and all f;, i = 1,...,k, are
continuous in U, the problem (4.27) has a solution. Consequently, the Pareto optimal
set for problem (4.26) is nonempty.

Let p = o0, f(x) > 0, and z* = 0. Then (4.27) reduces to the following min-max
problem:

min max { f;(x)}, (4.28)

xcld 1<i<k
which can be transformed into a smooth one as follows:

min _ Xni, (4.29)

xel, x,11€R

fix) = x40, i=1,... k.
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A weak point in the previous approach is that it requires the knowledge of an ideal
objective vector z*. In practical optimization problems it can be quite difficult to find global
minima of individual objective functions. To overcome this practical difficulty one may
use the so-called achievement scalarizing function approach (for further details we refer to
[Mie99] and references therein).

Weighting method

The idea of the weighting method is to associate with each objective function f; a weighting
factor w; > 0 and to minimize the weighted sum of the objective functions. We further
suppose that the weights are normalized: ) ;_;, w; = 1. The multiobjective optimization
problem is then replaced by the following scalar nonlinear programming problem:

k
min ) " w; fi (x) (4.30)
i=1

subject to x € U.

Ifw; >0Vi =1,...,k, then any solution x* of (4.30) is Pareto optimal (see Problem 4.4).
Here either the decision maker specifies the weights or the weights are varied and the decision
maker must select the best of the solutions obtained.

4.4.3 On interactive methods for multiobjective optimization

In interactive methods the decision maker works with an interactive computer program.
The basic idea is that the computer program tries to determine the preference structure
of the decision maker iteratively in an interactive way. After each iteration the program
presents a new (weakly) Pareto optimal solution and the decision maker is asked to provide
some information. After a finite number of steps the method should give a solution that
the decision maker is satisfied with. For a survey on interactive multiobjective methods we
refer to [Mie99].

We will briefly discuss the NIMBUS method (Nondifferentiable Interactive Multiob-
jective BUndle-based optimization System) of Miettinen and Mikeld [MM95], [MMO00].
In this method the decision maker examines the values of the objective functions calculated
at a current point x and divides the set Z = {1, ..., k} into up to five subsets denoted by
I<, I, I=, I7, I9 as follows:

1. i € I <= the value of f; should be decreased;

2. i € IT <= the value of f; should be decreased to the given aspiration level L;;
3. i € I < f; is satisfactory at the moment;

4. i € I> & f; is allowed to increase to a given upper bound U; > f;(x°);

5.i €I < f;is allowed to change freely.

This means that the decision maker wishes to improve the values of the functions in /< and
I= from their current level at the expense of the functions in I> and I°.
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According to this classification and to the values L;, U; given by the decision maker,
we form an auxiliary problem:

nﬁninﬁzeia?%xezs{ﬁ(x) —z;, max [ f;(x) — L;, 0]}

subject to fi(x) < fi(x®), i€IUISUI, 4.31)
fix)<U;, iel”,
xel.

This is a scalar and nonsmooth problem regardless of the smoothness of the original problem.
It can be solved by a proximal bundle method designed for nondifferentiable optimization
[MN92]. It is known [MMOO] that if /= # {, then the solution of problem (4.31) is a
weakly Pareto optimal solution of (4.26).

It is clear that the decision maker must be ready to allow the values of some objective
functions to increase in order to achieve improvement for some other objective functions
when moving around the weakly Pareto optimal set. The search procedure stops when the
decision maker does not want to improve the value of any objective function.

The NIMBUS method has been successfully applied to problems of optimal control
and design (see [Mie94], [MMM96], [MMM98]). Moreover, a Web-based implementation
of the method is available online at http:/nimbus.mit.jyu.fi/.

4.4.4 Genetic algorithms for multiobjective optimization problems

We could, of course, transform the multiobjective optimization problem into a scalar one
using the techniques presented in Subsection 4.4.2, and after that apply scalar GAs. One
approach in multiobjective problems is to give as many as possible of the Pareto optimal
solutions to the decision maker for the selection of the most suitable one. For this reason
we shall modify the basic GAs to handle multiple objective functions directly without any
scalarization and to let GAs generate a population whose individuals are all approximations
of different Pareto optimal points.

There are several variants of GAs for multiobjective optimization problems. In what
follows we describe a modification of the nondominated sorting GA (NSGA) of Srinivas
and Deb [SD95]. The NSGA differs from a scalar GA only in the way the fitness of an
individual is defined and the parents are chosen. The crossover and mutation operations
remain the same as in the scalar GA.

A point x( is said to dominate another point x‘? if the following conditions hold:

° fj(x(l)) =< fj(x(2)) V] =1,...,k;
o fi(xM) < fy(xP) foratleastone 1 < £ <k.

Let P = {x®}Y, be a population of N points. A subset of all points in P that is not
dominated by any other point of P is called the set of nondominated points. If a point
x® € P is Pareto optimal, it is also a nondominated point.

If xD and x@ are two Pareto optimal points, then they are considered to be equally
good and it is natural to assign the same fitness value to both of them. Therefore it is
natural to assign the largest fitness value to the nondominated points and smaller values to
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Figure 4.3. Fitness values ¢ assigned to a population of 22 random pairs ( f1, f2)
of objective function values.

the remaining ones. In an NSGA the fitness values of individuals are set using the following
nondominated sorting procedure:

procedure Evaluate_fitness( in: N, P, out: F )

set ¢ := N;

repeat
Mark all individuals whose fitness value is not set as “nondominated”;
do i =1,..., N, fitness value of x® not set

doj=1,...,N; j#i, fitness value of x) not set
if x) dominates x® then mark x@ as “dominated”;
end do
end do
set the fitness JF of all individuals not marked “dominated” equal to ¢;
setg:=¢ —1;
until fitness value of all individuals is set;

An example of the fitness values obtained by using the previous procedure is shown in
Figure 4.3.

To select individuals becoming a parent in breeding we could again use the tourna-
ment selection rule. Unfortunately, if there are no modifications of the standard tournament
selection, the population may converge toward one point on the set of Pareto optimal solu-
tions. Since our aim is to obtain several points from the Pareto set a mechanism is needed
in order to maintain diversity in the population.

In [MTP99] the following tournament slot sharing approach was employed to preserve
the diversity of the population. A sharing function is defined by

2
(%Y ita,
Sh(d,])= 1 (ds) lfdz} <ds»
0 otherwise,
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where d;; is the genotypic distance between the individuals x®) and x, the Buclidean one
in our case. The parameter d; > 0 is the maximum sharing distance for a tournament slot.
The same sharing function Sh(d;;) is also used in the original NSGA. The probability of the
individual x® entering a tournament is now computed using the formula

1/ ¥ Shdy)
Y (/2 Shidy)

Each individual’s probability of entering the tournament is proportional to the inverse of the
sum of all sharing functions associated with this individual. Therefore the probability of a
point located in a “cluster” of points becoming a parent is small.

The parent selection process can be summarized as the following procedure:

(4.32)

Di

procedure Choose_parent( in; P, F, N, nr, out: ¥ )
selectk € {1, ..., N} at random using probabilities in (4.32);

do i=2,...,nT
select m € {1, ..., N} at random using probabilities in (4.32);
if F,, > F, thensetk := m;

end do

set ¥ := x®;

A modification of the scalar GA to the multiobjective case now consists of replacing the
procedures Evaluate_ fitness and Choose_ parent in Algorithm 4.5 by the modified versions
presented above.

Again an elitism mechanism can be added to the algorithm. One possibility is to copy
from the old population to the new all individuals that would be nondominated in the new
population. In this way the number of copied individuals will vary from one generation to
another.

Problems

PROBLEM 4.I. Let x* € R be a local minimizer of a function f € C?(R"). Further, let

(i) the Hessian H (x*) be positive definite;
(ii) H be Lipschitz continuous in a neighborhood of x*;i.e., 3¢ > 0 :

|H(x)— Hy)l <qllx —yl Vx,ye Bs(x*), §>0.

Show that, if the kth iteration x is sufficiently close to x*, Newton’s method is well defined
for any k and converges quadratically.
Hint: denote by = x; — x*, g(x) = V f(x). From the Taylor expansion

0=g(x*) =g(xi) — Hxphe + O(lh]?)

it follows that Ay = 0(||hi [l) provided that x; is close enough to x*.

PROBLEM 4.2. Let x} be a solution to penalized problem (P;,), &x — 0+ as k — oo.
Show that any convergent subsequence of {x}} tends to a solution of (P).
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PROBLEM 4.3. Consider the minimization problem
min || f () — 2", (4.33)

where 1 < p < o0, f(x) = (fi(x),..., fi(x)), and z* € R is an ideal criterion vector.
Prove (by contradiction) that every solution of (4.33) is Pareto optimal.

PROBLEM 4.4. Consider minimization of the weighted sum of k¥ continuous objective
functions

k
; £.(x). 4.34
min ; w; f;(x) (4.34)
Assume that w; > 0Vi = 1,...,k. Show (by contradiction) that if x* is a solution of

(4.34), then x* is a Pareto optimal point of the corresponding multiobjective optimization
problem.
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Chapter 5

On Automatic Differentiation
of Computer Programs

Using the techniques presented in Chapter 3, one can program the algebraic sensitivity
analysis in optimal sizing and shape design problems with a reasonable amount of work. In
the papers [HM92], [MT94], and [TMH98], algebraic sensitivity analysis was performed
by hand for quite complicated shape optimization problems. However, full hand coding
of derivatives requires a lot of time. This is not acceptable when solving industrial design
problems.

Automatic differentiation (AD) is a technique for augmenting computer programs
with derivative computations [Gri89]. It exploits the fact that every computer program
executes a sequence of elementary arithmetic operations. By applying the chain rule of
differential calculus repeatedly to these operations, accurate derivatives of arbitrary order
can be computed automatically.

AD is now under active study and is used in many applications in engineering
[BCG*92], [IMMRS96] and mathematical physics [KL91], [IGO0].

5.1 Introduction to automatic differentiation of programs

AD of computer programs is still sometimes confused with finite difference approxima-
tions of derivatives or symbolic differentiation of a single expression using packages like
Mathematica [Wol99].

It is always possible to approximate partial derivatives of a smooth function f :
R" — R by using simple divided difference approximations such as the forward difference
approximation

9f xo) ., flxo+ se®) — f(xo).

ax; 8 5-1)

Here e® is the ith unit vector and § > O is the step length. It is well known that this
approach leads to the first order approximation of the partial derivatives. Computation of
approximate derivatives in this way has the advantage that one needs f only as a “black
box.” There are, however, two disadvantages to this approach: first, the accuracy of this
approximation is difficult to estimate. Second, difference approximations are expensive

153
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when the evaluation of f needs a solution of a (possibly nonlinear) state problem. A small
step size é is needed to minimize the truncation error due to neglect of higher order terms
in the Taylor expansion of f in (5.1). On the other hand, if § is too small, the subtraction of
nearly equal floating-point numbers may lead to a significant cancellation error. Therefore
very conservative (large) values of § have to be used. As a rule of thumb one can say that if
f is calculated with d-digit precision, then the partial derivative calculated using (5.1) has
only d/2-digit precision. More accurate higher order approximations are practically useless
in sizing and shape optimization because they require too many function evaluations.

Symbolic manipulation packages are, in general, unable to deal with whole computer
programs containing subroutines, loops, and branches. It takes a lot of human effort to
differentiate a large computer program in small pieces using a symbolic manipulator and
to reassemble the resulting pieces of the derivative code into a new program. Because the
Fortran code generated by the manipulators is usually unreadable, the process is also very
erTor prone.

Most problems of numerical analysis (approximate solutions of a nonlinear system
of algebraic equations, numerical integration, etc.) can be viewed as the evaluation of a
nonlinear vector function ¢ : R* — R™. A computer program evaluating ¢ at £ € R” can
be viewed as a sequence of K scalar assignment statements:

xp =&, k=1,...,nm
doi=n+1,...,K

5.2)
X =@i(x1, ..., %i-1)
end do.
The computer program has K variables x1, x2, ..., xx. The first n of them are called input

or independent variables. The last m variables are output variables. The rest of the variables
are temporary variables. The elementary functions ¢; may depend on all known variables
X1, ..., %i—1. If ¢; is a function of n; variables x;,, k = 1, ..., n;, only, then we define
I; = {i1, ..., in} and denote x7, = {x;,, ..., Xi, }. In practice, each g; is a unary or binary
arithmetic operation (&, *, /) or a univariate transcendental function (sin, exp, etc). In this
case the length |Z;| < 2.

The dependencies among variables in the computer program can be visualized using
a directed acyclic graph. The nodes of the graph represent the variables x, ..., xx¢ and
the edges represent the dependencies. An arc (x;, x;) exists iff j € T;, i.e., the variable x;
depends directly on x;. If a node corresponds to an independent variable, no arc enters it.
Similarly no arc leaves a node corresponding to an output variable.

EXAMPLE 5.1. Let us consider the evaluation of the simple function
[ (x1, x2) = x1x2 + sin(xy — x2) (5-3)

atapoint (§1, &). Inthis case n = 2 and m = 1. The corresponding computer program and
the associated graph are shown in Figure 5.1. We have used several temporary variables to
make the right-hand side of each assignment statement contain a binary arithmetic operation
or evaluation of a univariate standard function.
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x1 =&
xn==5
X3 =Xx1X2

X4 = X1 — X2
x5 = sin(x4)
X6 = X3 + Xs
f=ux6

Figure 5.1. Computer program for the evaluation of f and the associated acyclic

directed graph.

Our aim is to differentiate the output variables with respect to the independent ones.
A variable x;, i > n, is said to become active when an independent or an active one is
assigned to it. Let ¢, ..., ¢, denote the functions corresponding to the first n assignment
statements in (5.2). Application of the chain rule to both sides of the composite functions

in (5.2) yields
i-1
op; 0x .,
b _fsy ) gut, isisK,
ax. - k=1 Xk x]
J
0, Jj>i.
Defining the matrices
( 0
g 1% 302/ 0%, 0
Do =11 =|08¢s/0x1 dgs/dx, O
i Vi =t \ )
( 1 0
ax; | X dx2/9x1 1
Dx :=)-— = | 8x3/0x; Ox3/dxy 1
*i )i j=1 K .

(5.4) can be written in the compact matrix form
Dx =1 + (D¢)(Dx).
This can be further expressed in the form

(I-Dg)Dx =1.

54

(5.5)
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Using standard manipulations (5.5) can be expressed as follows:
Dx = - Dg)™",
Dx(I — Do) =1,
(I - De)"(Dx)T =1. (5.6)

From the lower triangular system (5.5), 9x;/3x;, i # j, can be computed by using the
Jforward substitutions

doi=2,...,K
doj=1,...,i—1
b _ 5 oo 67
0x; poey 0xy 0x;
end do
end do

Similarly the upper triangular system (5.6) can be solved by using the backward substitutions

doj=K-1,K-2,...,1
doi=KK—1,...,j+1

ox _ y~ O o 58
ox; L 0x; oxk '
end do

end do

Equations (5.5) and (5.6) represent the forward and reverse methods, respectively, of
AD. In practice, because X > n and |Z;| < 2, it follows that the matrix D¢ is very sparse.
Therefore the practical implementation of AD is not based on the direct application of (5.5),
(5.6).

5.1.1 Evaluation of the gradient using the forward and
reverse methods

Consider now the program shown on the left in Figure 5.2 evaluating a real-valued function
f :R* > Raté& € R". Letus complete this program by gradient computations applying the
forward method (5.7). In this case we need to store only the partial derivatives of variables
x; with respect to the input variables. The augmented program is shown on the right in
Figure 5.2.

Following [Gri89] we briefly mention the complexity of the straightforward imple-
mentation of the forward and reverse modes in terms of arithmetic operations and memory
usage. For more detailed analysis and more sophisticated implementations we refer to
[Gri00]. Let work( f) and work( f, V f) denote the work (in terms of arithmetic operations)
done in the original and augmented codes (5.2), respectively. Similarly, let mem(f) and
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doi=1,...,n
xi=§&
doi=1,...,n Vx; =e®

xi = Ei elld dO
end do doi=n+1,....K
doi=n+1,...,K X = @(xz)

xi = ¢i(xz) Vi =Y 2y,
end do i 9%
f=xx end do

f=xx
Vf =V

Figure 5.2. Original program (left) and augmented program using the forward
mode of AD (right).

mem(f, V f) denote the number of memory locations used in the original and augmented
programs, respectively.

Suppose that every function g¢; is restricted to the elementary arithmetic operations
and standard univariate library functions. Moreover, suppose that every ¢; requires at most
cn; arithmetic operations, where c is a fixed positive constant and n; = |Z;|. Then one can
show (see [Gri89]) that

work(f, Vf) > (1 + %) - work(f),
mem(f, Vf) = (1 +n) - mem(f);

i.e., the computational work and memory requirement both grow linearly in n.

ExAMPLE 5.2. Let us evaluate the gradient of the function f defined in (5.3) at a point
(&1, &) using the forward method:

x1=£&, Va=(@07,

n=£& V=01

x3 = @3(x1, X2) = X1 - X2,

Vx3 = %fol + %‘;’—Zsz = xVx + X1V = (03, x1)7,
X4 = a(x1, X2) = X1 — X2,

Vx4 = %%Vxl + %%VJQ = (1, —I)T,

x5 = @5(x4) = sinxy,

Vixs = %fo‘; = (COS X4, — COSX4) T,

X6 = @o(x3, X5) = X3 + X5,

Vixs = %%ng + %%sz = (x + cOS X4, X; — cOSx4)T,

Vf =Vxs=(x2 +cosxy,x; — cosxg)T.
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Consider now the reverse method. Instead of (5.6) it is interesting to present an
alternative way of deriving the reverse method for calculating V f. One may interpret
the input variables x1, ..., x, as “control variables” and x,1, ..., xx as “state variables”
and treat the assignment statements involving state variables on the left-hand side as state
constraints (“state equation”). Then the problem of adding gradient computations to the
program can be written in a form that is already familiar to us from Chapter 3, i.e., to evaluate
the gradient of the function

S Gnt1s -5 XK) = Xk (5.9
subject to the constraints

Tup1(X) 1= Xpqt — ‘pn+l(xI,.+1) =0,

: (5.10)
rg(x) = xg — g (xz,) =0.
The partial derivatives of f with respect to the control variables x1, . . ., x, are given by
= K
af orj(x) .
- = f— =1,...,n, 5.11
8x,~ Z P] 3x,' ! " ( )
Jj=n+1
where p := (ppy1, - .- Pk )T is the solution of the “adjoint equation”
T of  aFY
(&) p= et (5.12)
0xn+1 Oxg
Here
1 0
g_’zlﬁ. )
Axn41 8xp42

is the Jacobian corresponding to the nonlinear system (5.10). As J is a lower triangular
matrix with ones at the diagonal, the upper diagonal system (5.12) is readily solved. Due
to this analogy with optimal control the reverse method is often termed the adjoint mode of
AD.

The previous calculations can be compactly augmented into the program shown on
the left of Figure 5.3, resulting in the program shown on the right of the same figure.

For the reverse mode one may derive a quite surprising result:

work(f, Vf) <5 - work(f), (5.13)
mem( f, V f) < K + mem(f). (5.14)

Because the program flow must be reversed in the reverse mode, one has to store the call
graph (the index sets Z; in practice) and the partial derivatives 0¢; /0x;, j € Z;, during the
execution of the program. This implies that the memory required in the worst case may be
equal to the number of assignment statements X in the program.
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doi=1,...,n
x=6§
end do
doi=n+1,...,K
doi:l,_._’n xi=¢i(xz,')
end do
x =& Fex
end do doi—Kl K1
doi=n+1,....K L
X =¢i(x1) end (io_
end do s
f=x xg =1
K doi=K,K—-1,...,n+1
5=+ 2y Vel
= ; p
J J axj
end do
V=&,

Figure 5.3. Original program (left) and augmented program using the reverse
mode of AD (right).

Although the reverse mode seems to be superior in terms of computational work, it
is more difficult to implement it efficiently. Moreover, storing and retrieving the call graph
take time that is not included in (5.13).

If one wishes to calculate the gradient of several dependent variables xx_,41,
XK—m+2, - - - » XK, then the forward mode is more efficient in terms of computational work
provided m > n.

ExAMPLE §.3. Let us evaluate the gradient of the function f in (5.3) at a point (§1, &;) using
the reverse method:

x3 = @3(x1, X2) = x1 - X2,
x4 = @4(x1, X2) = X1 — X3,
X5 = @5(x4) = sin xg,

X5 = @6(x3, X5) = X3 + X5,

f=x6’
x;=0, i=1,...,5,
X¥6=1,

73 = f3 +758(p6/3x3 = 1,

37-5 = 37'5 +fsa(p6/3X5 = 1,

X4 :=X4 + X50¢s5/0x4 = COS X34,

X =X + X49¢4/0x; = COS X3,

Xp 1= X2 + X4094/0x3 = —COS X4,

X1 :=X1 +X39¢3/3x) = X3 + COS X34,

X 1= X3 +X30¢3/0x3 = X1 — COS X4,
V=, %2)T = (x, + cos x4, x; — cos x4) 7.
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5.2 Implementation of automatic differentiation

In this section we describe very briefly the main steps needed to implement AD. The pieces
of computer code are in Fortran 90 with keywords typed in uppercase letters. A reader not
familiar with Fortran 90 should consult [MR96], for example.

In the forward method, the gradient Vx; of each variable x; with respect to the n
independent variables x., . . ., x, is stored after being calculated. Therefore we may define
a new data type dvar_t for storing the pair (z, Vz) as follows:

INTEGER, PARAMETER:: nmax=10
INTEGER:: n

TYPE dvar_t
REAL:: val, der (nmax)
END type dvar_t

Here n and nmax are the actual number and maximum allowed number of independent
variables, respectively.

If z is the ith independent variable, then its gradient must be initialized by Vz = e®.
Next we will implement simple routines to declare some variables to be independent and to
extract the value or the gradient as normal floating-point numbers:

!

! x will be the nth independent variable with an initial
! value x=val.

| grad(x) is set equal to the nth unit vector.

!

SUBROUTINE ad_declare_indep var( x, val )
REAL, INTENT(IN):: val
TYPE (dvar_t):: x
IF ( n < nmax ) THEN
n=ns+1
ELSE
CALL error ()
END IF
x%val = val
x%der (l:nmax) = 0.0
x%der(n) = 1.0
END SUBROUTINE ad declare_indep_var

FUNCTION ad_value( x ) RESULT ( v )
TYPE (dvar_t), INTENT(IN):: x
REAL:: Vv
v = x%val

END FUNCTION ad_value

FUNCTION ad_gradient( f ) RESULT ( d4f )
TYPE (dvar_t), INTENT(IN):: f
REAL:: df (n)
df = f%der(1l:n)
n =20
END FUNCTION ad_gradient
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Finally we must define the standard arithmetic operations and library functions for the
new data type dvar_t using the standard rules of differential calculus. For example, the
operators +, -, *, / and the library function s1in for the new data type could be implemented
as the following Fortran 90 functions:

FUNCTION add dvar( a, b ) RESULT( c )
TYPE (dvar_t), INTENT (in):: a, b
TYPE(dvar_t):: ¢
c%val = a%val + b%val
c¥der(1l:n) = a%der(l:n) + b¥%der(1l:n)

END FUNCTION add dvar

FUNCTION sub_dvar( a, b )} RESULT( c )
TYPE (dvar_t), INTENT(in):: a, b
TYPE(dvar_t):: ¢
c¥val = a%val - bi¥val
ctder(l:n) = atder(l:n) - b%der(l:n)

END FUNCTION sub_dvar

FUNCTION mul_dvar( a, b ) RESULT( c )

TYPE (dvar_t), INTENT(in):: a, b

TYPE (dvar_t):: c

csval = a%val * b%val

c¥der(l:n) = a%¥der(l:n) * b%val + a%val * b%der(l:n)
END FUNCTION mul_dvar

FUNCTION div_dvar( a, b ) RESULT( c )
TYPE (dvar_t), INTENT(in):: a, b
TYPE (dvar_t):: c
c%val = a%val / b%val
c%der(1l:n) = ( a¥der(l:n)*b%val - a%val*bider(i:n) ) /
(b$val*bsval)
END FUNCTION div_dvar

FUNCTION sin_dvar( a ) RESULT( c )
TYPE(dvar_t), INTENT(in):: a
TYPE(dvar_t):: c
c¥val = SIN( a%val )
c¥der(l:n) = COS( a%val ) * a¥der(l:n)

END FUNCTION sin_dvar

Let us consider once again the evaluation of the simple function of Example 5.1. The
corresponding Fortran 90 subroutine is shown below:

SUBROUTINE myfunc( xi, f )
REAL xi(2), £
REAL x1, x2, x3, x4, x5, x6
x1 = xi(1)
x2 = xi(2)
x3 x1*x2
x4 = x1 - x2
x5 = SIN(x4)
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x6 = x3 + x5
f = x6
END SUBROUTINE myfunc

Let us augment this code with the gradient computations. Now x1 and x2 are the
independent variables and £ is the output variable. We define all variables except xi and
f to be of type dvar_t. Then the arithmetic operations and the call to library function
sin must be replaced by calls to appropriate functions introduced above. In addition,
the values of the independent variables and their derivatives are initialized using subrou-
tine declare_indep_var. After computations, the values of f and V f as ordinary
floating-point numbers are recovered by functions ad_value and ad_gradient. Let
the definitions of new AD-related data types and subroutines be encapsulated in a Fortran 90
module ad_m. Then the augmented subroutine reads as follows:

SUBROUTINE myfunc2( xi, £, df )
USE ad m
REAL xi(2), £, df(2)
TYPE(dvar_t) x1, x2, x3, x4, x5, x6
CALL declare_indep_var( x1, xi(1) )
CALL declare_indep var( x2, xi(2) )
x3 = mul_dvar( x1, x2 )
x4 = sub_dvar( x1, x2 )

x5 = sin_dvar( x4 )
x6 = add_dvar( x3, x5 )
f = ad_value( x6 )

df = ad_gradient( x6 )
END SUBROUTINE myfunc2

The transformation of the subroutine myfunc into myfunc2 was done by hand. To
justify the term automatic differentiation, the transformation should be done by the computer
without any human intervention. This can be achieved in two different ways either by using
the source transformation (done by a preprocessor) or the operator overloading.

Automatic differentiation using a preprocessor

If a preprocessor like ADIFOR or Odyssée (see [RS93], [BCKM96)) is used, the source
transformation is usually done in three steps:

1. In the code canonicalization step long right-hand sides of assignment statements
are broken up into smaller pieces of code; expressions appearing as arguments of function
calls are written as separate assignment statements using temporary variables. For example,
the following piece of code:

y = SIN(a*b+c) + d*a

is transformed into, e.g., the following form:

tl = a*b
t2 = tl + ¢
£3 = SIN(t2)
t4 = d*a

Yy = t3 + t4
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2. In the variable nomination step a derivative object is associated with every active
variable whose value has an effect on the output variables. Savings in storage and computing
time can be achieved by identifying those active variables that have no effect on the output
variables.

3. After the code canonicalization and variable nomination steps the augmented
source code is generated by allocating storage for additional derivative information and
replacing the original assignment statements with the appropriate subroutine calls (or their
inline counterparts). The user then compiles the augmented code using a standard Fortran
or C compiler instead of the original one. We do not enter into further detail on the use of
precompilers in AD.

Automatic differentiation using operator overioading

Modemn programming languages such as Fortran 90, C++, and Ada make it possible to
extend the meaning of an intrinsic operator or function to additional user-defined data types.

For each elementary operation and a standard function (+, *, sin(),...) we can
define the meaning of the operation for variables of the new data type dvar_t introduced
before. In Fortran 90 this requires special interface blocks to be added into the module
containing AD-related definitions and subroutines. The compiler then replaces the operator
by a call to a subroutine specified in the interface block. This step, however, is totally
invisible to the user.

Finally, we can encapsulate all previous declarations and subroutines needed to im-
plement AD into a single Fortran 90 module that can be used where needed:

MODULE ad_m
INTEGER, PRIVATE:: n
INTEGER, PRIVATE, PARAMETER:: nmax=10
! -- declaration of a new data type --
TYPE dvar_t
REAL:: val, der (nmax)
END TYPE dvar_t
! -- interface blocks for overloaded operators
INTERFACE OPERATOR (*)
MODULE PROCEDURE mult_dvar
END INTERFACE

INTERFACE sin
MODULE PROCEDURE sin_dvar
END INTERFACE

CONTAINS

I -- code of subroutines needed for declaring input and output
variables
SUBROUTINE ad_declare_indep var( x, val )
( code not shown )
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FUNCTION ad_value( x ) RESULT ( v )
( code not shown )

FUNCTION ad gradient( £ ) RESULT ( df )
( code not shown )

! -- code implementing overloaded operators

FUNCTION mul_dvar( a, b ) RESULT( c )
( code not shown )

FUNCTION sin_dvar( a ) RESULT( c )
. ( code not shown )
END MODULE ad_m

The advantage of the operator overloading is that it almost completely hides the AD
tool from the user. The code used for the evaluation of f itself and the code used for
the evaluation of both f and V f are identical except for the variable declaration and the
identification of input and output variables. If the implementation of the AD tool is changed,
the user-written source code needs no modifications.

ExAMPLE 5.4. Consider again the code we are familiar with:

SUBROUTINE myfunc( xi, £ )
REAL xi(2), £
REAL x1, x2, x3, x4, X5, x6
x1l = xi(1)
x2 = xi(2)
x3 = x1 * x2
x4 = x1 - x2
x5 = SIN(x4)
X6 = X3 + x5
f = x6
END SUBROUTINE myfunc

Let us assume that the module ad_m implementing AD using operator overloading
is available. Then the augmented code reads as follows:

SUBROUTINE myfunc2( xi, £, df )
USE ad_m
REAL xi(2), £, df(2)
TYPE (dvar_t) x1, x2, x3, x4, x5, X6
CALL declare_indep_var( x1, xi(l) )
CALL declare_indep var( x2, xi(2) )
X3 = X1 * x2
X4 = X1 - x2
x5 = SIN( x4 )
X6 = X3 + x5
f = ad_value( x6 )
df = ad_gradient( x6 )
END SUBROUTINE myfunc2
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Of course, this simple example does not fully show the advantage of operator over-
loading. If, however, the body of the original code had, e.g., 100 lines of Fortran 90 code,
then there would still be only 5 additional lines and 1 modified line in the augmented code.

Note that there is no need to canonicalize the code by hand. The Fortran 90 compiler
will introduce additional temporary variables of type dvar_t corresponding, e.g., to the
statement x5 = sin( x1 - x2 ).

5.3 Application to sizing and shape optimization

In standard software used for numerical minimization the evaluation of an objective function
and its gradient is done in a separate program unit. Usually, the user of the minimization
software is responsible for writing a subroutine that evaluates the value of the objective
function 7 and its gradient V.7 at a point @ € R? given by the (sub)program calling the
user-written subroutine.

Consider the numerical solution of a simple shape optimization problem. Let us first
assume that a computer program solves the direct problem on a domain described by the
discrete design vector @« = (¢, ..., ;). Moreover, the program also evaluates a cost
function (the compliance in our case) depending on the solution of the state problem. This
program can be written as a Fortran subroutine as follows:

subroutine costfun(e, J)
real «,
Generate a finite element mesh corresponding to o.
Assemble the stiffness matrix K := K(a) and the force vector f := f (o).
Solve the linear system Kq = f.
J=f"q.

end

This subroutine executes a finite sequence of basic arithmetic operations. Therefore
any of the AD techniques presented in the previous sections could be directly applied to add
gradient computations to this subroutine. However, the efficient use (in terms of memory
and computing time) of AD for large-scale industrial shape optimization problems is not
often so straightforward.

A direct application of AD can be too expensive due to the complexity of the state
equation. If the forward mode of AD is used, the required computing time and the memory
of one combined cost and gradient evaluation is approximately d times as expensive as
the evaluation of the cost function only. Note that in cogt fun all entries of the stiffness
matrix and all statements of the linear system solver are differentiated with respect to design
variables.

For AD to be useful it is important that the problem structure be understood and used.
In what follows we describe a “hybrid approach” in which both hand coding of derivatives
and AD are used to produce a subroutine augmented with gradient computations.

Let us consider a system of (non)linear algebraic equations depending on a parameter
e el CR:

K(a, g(a))g(a) = f(o, g(a)), (5.15)
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in which K € C!(if x R*; R**) and f € C'(U x R"; R") are a (non)linear matrix and a
vector function, respectively. Let J : U x R* — R be areal function and define 7 : 4 — R
by

J (@) = J(et, g(a)) (5.16)

with g(a) € R” the solution of (5.15).
Equation (5.15) can be equivalently stated as

r(a, g(a)) := K(a; g(er)) g(a) — f(or; g()) =0, 5.17)

where r(a, q) is the residual vector. Following the steps of Section 3.1 (see also Problem 3.1)
we obtain

r'(e, g(e); B) + J(a, g(@)q'(e; B) =0, B eR?, (5.18)

where r'(a, g; B) denotes the (partial) directional derivative of r at (e, g) with respect to
a in the direction B8, J (e, q) is the (partial) Jacobian of r with respect to ¢ at (e, ¢), and
q'(a; B) is the directional derivative of ¢. Introducing the adjoint state system

(J (e, g@))  p(e) = V, J (@, g(@)) (5.19)

one can express the directional derivative of 7 as follows:
T (at; B) = (VaJ (&, g())TB — p(&)7r'(, g(a); B), (5.20)

making use of (5.18) and (5.19).

Assume now that the system (5.15) arises from a finite element discretization of a
quasi-linear partial differential equation. In addition to the previous application of the chain
rule of differential calculus we exploit the sparsity of the partial gradient and Jacobian
with respect to ¢. Let every finite element have p degrees of freedom. The residual vector
r(o, g) € R" is obtained by using the standard assembly process:

re,q) =) (P)'r @ q), (5.21)

where
ré(e, ¢°) = K°(et, ¢°)q° — f*(a, ¢°),

q° € R? is the vector of element degrees of freedom, and P¢ are Boolean matrices (see
(3.70)). Finally, let the objective function J be separable in the following sense:

T, q) =) Jo(a, ). (5.22)

This assumption is true for most cost functions of practical interest.

In many practical shape optimization problems the order of magnitude of 4 and p
is 10. On the other hand the number of global degrees of freedom n even in simple two-
dimensional state problems may be over 10,000.



Problems 167

To obtain the partial derivatives needed in (5.19) and (5.20) we use AD. Taking
into account (5.21) and (5.22) it is obvious that one needs to apply AD only to the local
contributions r¢, J, in (5.21), (5.22), respectively, to get the partial derivatives with respect
to o and g. Thus, one has to differentiate only scalars J, and small vectors r¢ with respect
to a small number of independent variables oy, ..., 04,497, ..., q;. The global terms in
(5.19), (5.20) are then obtained using the standard assembly process, which involves no
differentiation.

_ In shape optimization, differentiation with respect to « requires differentiation of the
mesh produced by the mesh generator. This is not a time-consuming task if the topology of
the mesh is shape independent and the position of each node is given by a simple algebraic
formula. This was the case presented in Section 2.2. More complicated mesh generation
methods, such as advancing front and Voronoi methods (see [Geo91]), are iterative and the
dependence of the nodal positions on design variables is highly implicit. In this case the
differentiation of the mesh generation process can be the most time-consuming step.

The proposed hybrid method for shape design sensitivity analysis is both easy to
program and efficient in terms of computing time and memory. It is efficient because the
(non)linear state solver is not differentiated and thus the standard floating-point arithmetic
can be used in solving (5.15), (5.19). This makes it possible to use standard software
(LAPACK [ABB*99], for example) to solve the linear(ized) state problem. Computed sen-
sitivities are very accurate provided that the mesh topology remains fixed and the (non)linear
state equation is solved with sufficiently high accuracy. Our approach is general because it
can also be applied in multidisciplinary shape optimization problems and it is not restricted
to some specific type (such as linear triangular) of finite element.

Problems

PROBLEM 5.1. Consider the function f : R? — R,

f@x) =1+ x}+x% — x5

(i) Write a subroutine for evaluating f using the elementary functions ¢; of (5.2) and
draw the associated directed graph.

(ii) Count the number of arithmetic operations needed to evaluate V f with the algorithms
that use the forward and reverse modes shown on the right of Figures 5.2 and 5.3.

PROBLEM 5.2. Complete the simple implementation of the forward mode discussed in Sec-
tion 5.2 to handle the basic arithmetic operations =, -, / and the following library routines:
sin, cos, exp, sqrt. If it is more convenient, C++ may be used instead of Fortran 90.
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Chapter 6

Fictitious Domain Methods
in Shape Optimization

Sizing and shape optimization problems are typical bilevel problems. The upper level
consists of minimizing a cost functional by using appropriate mathematical programming
methods. Some of these have been presented in Chapter 4. The lower level provides
solutions of discretized state problems needed to evaluate cost and constraint functions and
their derivatives at the upper level. Typically, discrete state problems are given by large-scale
systems of algebraic equations arising from finite element approximations of state relations.
Usually the lower level is run many times. Thus it is not surprising that the efficiency of
solving discrete state problems is one of the decisive factors of the whole computational
process. This chapter deals with a type of method for the numerical realization of linear
elliptic state equations that is based on the so-called fictitious domain formulation. A
common feature of all these methods is that all computations are carried out in an auxiliary
simply shaped domain Q (called fictitious) in which the original domain 2 representing the
shape of a structure is embedded. There are different ways to link the solution of the original
problem to the solution of the problem solved in the fictitious domain. Here we present a
class of methods based on the use of boundary Lagrange (BL) and distributed Lagrange (DL)
multipliers. Just the fact that the new problem is solved in a domain with a simple shape
(e.g., a rectangle) enables us to use uniform or “almost” uniform meshes for constructing
finite element spaces yielding a special structure of the resulting stiffness matrix. Systems
with such matrices can be solved by special fast algorithms and special preconditioning
techniques. In this chapter we confine ourselves to fictitious domain solvers that use the
so-called nonfitted meshes, i.e., meshes not respecting the geometry of Q. Besides the
advantages we have already mentioned there is yet another one, which makes this type
of state solver interesting: programming shape optimization problems is easier and “user
friendly.” To see this let us recall the classical approach based on the so-called boundary
variation technique widely used in practice. Suppose that a gradient type minimization
method at the upper level and a classical finite element approach at the lower level are used.
The program realizes a minimizing sequence {Q2®} of domains, i.¢., a sequence decreasing
the value of a cost functional. Each new term Q*+D of this sequence is obtained from Q®
by an appropriate change in 4Q®. If the classical finite element method is used and the
state problem is linear we have to

169
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(i) remesh the new domain,
(ii) assemble the new stiffness matrix and the right-hand side of the system,
(iii) solve the new system of linear equations.
As we have already mentioned, all these steps are repeated many times. Fictitious domain

methods with nonfitted meshes completely avoid step (i) and partially avoid step (ii) since
the stiffness matrix remains the same for any admissible shape.

6.1 Fictitious domain formulations based on boundary
and distributed Lagrange multipliers

Let us consider a homogeneous Dirichlet boundary value problem in a bounded domain
2 C R”" with the Lipschitz boundary 3Q:

—Au=f inQ, felL*Q), P
u=0 ondQ
or, in a weak form:
Find u € Hj(SQ) such that
P

/Vu-Vvdx:/fvdx Yv € H} (Q).
Q Q

Let & C R" be another domain with a simple shape, containing  in its interior; see
Figure 6.1.
On  we shall formulate the following boundary value problem:

Find @ € H} (R, 9Q) such that
‘/;Vit‘-Vvdx =ﬁfvdx Yv € Hol(ﬁ, ),
Q Q

Figure 6.1. Fictitious domain method.



6.1. Fictitious domain formulations based on Lagrange multipliers 171

where H} (Q, 89) is the subspace of H} () containing all functions vanishing on 92:
HI(®, 09 ={ve H () | v=00n08}, (6.1)

and f e L2(S) is an extension of f from toAﬁ.

Itis left as an easy exercise to show that (P) has a unique solution & (see Problem 6. 1).
In addition, u := %jg solves the original problem (P). Next we reformulate problem (P)
by using a mixed variational formulation.

Before doing that we introduce more notation and recall well-known facts that will
be used later on. Denote by H : (92) the space of all traces on 3S2 of functions belonging
to HY():

Hi(3Q) = {p e L20Q) | v e HY(Q): v=gpondQ}.

It can be shown (see [GR79]) that H H (9£2) endowed with the norm
el o = .,Egllf(g) vl 6.2)
v==¢ on IQ

is a Banach space. It is easy to show that the infimum in (6.2) is realized by a function
u(p) € HY(R) that is the unique solution of

[ —Au(p) +u(p) =0 ing, 63)
u(p) =¢ onagy;
i.e.,
lells a0 = lu@)lh,0- 6.4

Further, let H~%(3S2) be the dual of H (3S) equipped with the standard dual norm

. (. )
||M||_%,asz = Slllp 2l 00"
vetany 19V 100
P#0

where (-, -} is the duality pairing between H ‘%(BQ) and H %(BQ). One can show again
that the previous supremum is attained at u(u) € H!(S) solving the nonhomogeneous
Neumann problem

—Au(p)+u(u)=0 1in £,

6.5
___au(u,) =u onad; ©-2)
ov
ie.,
el -1 o0 = lluW) e (6.6)

(see [GRT9I]).
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The fact that a function v belongs to HOl «Q, d§2) can be equivalently expressed as
follows:

ve HI,0Q) <= ve H (@) and (u,v) =0 Vue H1(3Q).  (6.7)

For simplicity of notation we use the same symbol for functions and their traces.
Instead of (P) we shall consider the following problem also formulated in Q:

Find (w, A) € H} (@) x H™?(3R) such that
/ﬁVw - Vvdx =/§fva’x +,v) Vve HI(Q), (M)
(L, w)=0 Yue H2(3R).

The relation between (’3) and (.7\4\) is established in the following lemma.

LEMMA 6.1. Problem (/\7) has aunique solution (w, A). Inaddition, (w, 1) = (, [0%/dv]),
where U solves (’P) [0%/3v] is the jump of the normal derivative of W across 3€2; and v is
oriented as shown in Figure 6.1.

Proof. Suppose that the solution % of P) is sufficiently smooth (for a general case see
Remark 6.1). From Green’s theorem it follows that

.

/Vﬁ-Vvdx:—/ATivdx+/ [—'i]vds

Q g aq LoV
/fvdx+f [v]vds Vv e H (Q),

making use of the fact that — A% = f in Q. From this we see that (M) is satisfied with
w = %and A = [3u/8v] Since # = 0 on 9%, (M)z is satisfied as w well. Therefore
(&, [01/3v]) solves (M) On the contrary if (w, 1) is a solution to (M), then using a
similar approach one can show that (w, 1) = (&, [0%/3v]) with @ the solution to (’P) The
uniqueness of (w, A) follows from the uniqueness of . 0

REMARK 6.1. The proof of Lemma 6.1 can be done without any smoothness assumption
on 7. We only need that f € L2($). Then the jump [3%/dv] has to be interpreted as an
element of H~2(S2) and the integrals over 952 have to be replaced with the corresponding
duality pairing (-, -).

CONVENTION: In view of Lemma 6.1, the solution to (/\7) will be denoted by (i, 1) in what
follows.

REMARK 6.2. The couple (&, A) being the solution to (/’\/\t ) can be equivalently characterized
as a unique saddle point of the Lagrange function £ : Hj (Q) x H ~2(0Q) - R:

@, 2) € H.(Q) x H™7(3S)  such that
L@@, w) < L@ A < L, ) Y, ) € B Q) x H21(09),
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where

L, u)y= l./;lelzdx—-‘/;]?'vdx—(p,, v).

The second component A of the saddle point represents the Lagrange multiplier associated
with the constraint v = 0 on 02 satisfied by v € Ho (SZ Q).

REMARK 6.3. (Very important.) The function f on the right-hand side of (’P) and (M) is
an arbitrary L2(Q)-extension of f. It turns out that the zero extension of f to E := =Q \Q,
ie.,

o { f in,

f= 0 inE,

is of particular importance. Indeed, for such a special extension it holds that @ = 0 in E,
implying that A = [du/dv] = 9u/9v on 9S2. Since u := uUjq solves (P), the Lagrange
multiplier A is equal to the normal derivative of u on 9.

Problem (ﬂ) is a fictitious domain f’o\rmulation of (P) based on the BL. multiplier
technique. As wehave already mentioned, (M) is a particular example of a mixed variational
formulation. Since such formulations are frequently used for the numerical realization of
partial differential equations and will be employed for introducing another type of fictitious
domain method, let us recall their abstract setting and main existence, uniqueness, and
convergence results (for a detailed analysis we refer to [BF91]).

Let V, Q be two real Hilbert spaces equipped with norms denoted by || - |lv, |l - Il o,
respectively; V’, Q' be the corresponding dual spaces; and (:, ‘)y/xv, [:,‘]g'xo be the
duality pairingson V' x V, Q' x Q, respectively. Leta : VXV >R, b:Vx Q0 —> R
be two bounded bilinear forms:

IM =const. > 0: [a(u,v)| < Mlully|vlly Yu,veV; (6.8)
Im =const. > 0: [b(v,q)] < m|vliviigllg Y(v,9) €V x Q. 6.9
Finally, let f € V', g € Q' be given. By a mixed variational formulation determined by
{V,0,a,b, f, g} we mean the following problem:
Find (u,A) € V x Q@ such that
a(u,v) + b, 1) = (f,v)yxy VW EV, P
b(u,Q)-_—'[g,q]Q’xQ vq € Q
To guarantee the existence and uniqueness of (u, A) solving (Pn) for any (f,g)e V' x Q'
the following two assumptions are needed (in fact, (6.10) can be weakened):
Joe =const. > 0: a(v,v) >ea|v|* YveV; (6.10)
b(v,q)

>klqlle Vq € Q. 6.11)
vev lvllv
v#0

3k =const. > 0:

Then we have the following result.
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THEOREM 6.1. Let (6.8)—(6.11) be satisfied. Then (7/5,,,) has a unique solution (u, A) for
any (f,g) e V' x Q.

Proof. See [BF91]. [

Our problem (.A’/T) is a special case of (7’5,”) with the following choice of data:

V=H!Q), Q=H:1(09Q), a,v) = ﬁVu-Vvdx,
Q
bv,q) = —(q.v), u,veH®), qeH 109,

(f,U)V'xv=/s;fvdx, g=0

(recall that (-, -} stands for the dllglity pairing on H -3 02) x H 3 (02)). The existence
and uniqueness of a solution to (M) can be obtained directly from Theorem 6.1 (see Prob-
lem 6.3). N

For a discretization of (P,) we use a Galerkin type method. Let {V},} and {Q3},
h — 0+, be two systems of finite dimensional subspaces of V and Q, respectively. The
discretization of (7’5,,,) on V, x Qp reads as follows:

Find (up, Ap) € Vi x Qp  such that
alup, vp) + b(up, An) = {f, vn)vixv  Yop € Wy, (73?,,)
b(un, qn) = (g, anlgxg Yan € Qh.

To ensure the existence and uniqueness of (i, A1) solving (ﬁ,’}l) the following assumption
will be needed:

b(vh,qh) =0 Vy, eV, = gn = 0. (6.12)

From (6.12) we see that there is a constant k;, > 0, generally depending on the discretization
parameter A, such that

b(vs, qn)

wevy  lvnllv
v;,;éO

> kiligrllo  VYan € Qn. (6.13)

To get convergence of approximate solutions one needs a stronger assumption, namely the
so-called Ladyzhenskaya-Babuska-Brezzi (LBB) condition: there exists a positive constant
k such that

b(vg, qn)

ey Nvallv
Uh#o

>klignlle Vgn € Qn Yh — 04 (6.14)

i.e., the constant kj, in (6.13) can be bounded from below by a positive constant  independent
of h.
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The convergence result follows from Theorem 6.2.

THEOREM 6.2. Let (6.8)—(6.11) and (6.14) be satisfied. In addition, suppose that systems
{Vu}, {@n}, h — O+, are dense in V, Q, respectively. Then the sequence {(uy, An)} of
approximate solutions to (’P,’,', ), h — O+, tends to the unique solution (u, A) of (Py,):

up,—>u inV,
A=A inQ, h—>0+.

We now give an algebraic form of (ﬁ,’,’,) for a fixed value of the discretization pa-
rameter £. We first choose bases of Vi and Qpn: Vi = {e1,..-.@n} On = {¥1,..., ¥m}
n = dim V,, m = dim Q. Then (P") leads to the following system of linear algebraic
equations:

Au+ B™A = f,

6.15
Bu=g. (6.15)

where u, A are the coordinates of uy, A, with respect to {¢;}7_;, {¥:}i,, respectively.
Furthermore A € R"*", B € R™*" are matrices whose elements are given by

aij =al@;, ¢), bu=ble, ¥, i,j,l=1,...,nk=1,...,m,

respectively, and f € R", g € R™ are vectors with the coordinates

fi=(f,¢’i>V’XVs i=1,...,n, gj=[g,WJ]Q’XQ’ j=1,...,m,

respectively.

After this short excursion to mixed variational formulations and their approximations
let us return to the homogeneous Dirichlet boundary value problem formulated at the begin-
ning of this section. We now present another fictitious domain formulation of this problem
using DL multipliers.

Denote by V (E) the space of restrictions to E := Q \ € of all functions belonging to
H®):

V(E) ={we H'(E) |3ve H®) : w=uyz}

Further, let V'(E) be the dual of V(E) with the duality pairing denoted by (-, -)). Next we
shall consider the following mixed type variational formulation:

Find (%, 1) € H}(Q) x V'(E) such that

/;W-Vvdx =/;fvdx+ (r v) Vve H®), W)
Q Q

(p, @) =0 YueV'(B).

Again, f denotes an L2(&)-extension of f to Q. Before proving the existence and unique-
ness of (@, 1) solving (W) let us show that u := Ujq solves (P). Indeed, from N, it
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follows that% = 0 in E and, consequently, u € HO (£2). Restricting to functions v € Ho (SZ)
with suppv C Q in (/V )1 we have

/Vu-Vvdx:/fvdx;
Q Q

ie., —Au = f in Q, implying that u solves (P).
To prove the existence and uniqueness of a solution to (/V ) we use Theorem 6.1.

LEMMA 6.2. Problem (N) has a unique solution (i, ).

Proof. Setting V = H0 ), Q = V'(8), b(v,g) = —({g, v)) in abstract formulation
(73 ) we see that (6.8)~(6.10) are satisfied. It remains to verify (6.11). Let w € V(E) be
arbitrary. Then the trace of w on 32 can be continuously extended from 42 into €; i.e.,
one can construct a function i € Hy () such that & g = win E and

3 =const. > 0: |Bllyg < Bllwl,z, (6.16)

where 8 does not depend on w. Denote by V(E) the subset of Ho1 (ﬁ) whose elements
are the continuous extensions of all v € V(E) from E to 2 constructed above. Then from
(6.16) it follows that

o vh {u, WY 1 (e, w)

- — ~ > - su = _“ ”*v
veHHG) lvll L8  peV(® flwl 1.8 B weV(8) lw 1,8 B
v#£0 W#0 w#0

where || - |4 stands for the dual normof & € V/(E). 0

REMARK 6.4. Denote
H!(Q,B)={ve H(Q) |v=0inE}.

From Lemma 6.2 it follows that the first component 7 of the solution to (A) belongs to
Ho @, u) The second component A 1s the Lagrange multiplier releasing the constraint
v = 0 in E satisfied by elements of H0 (Q 2).

Let us now pass to discretizations of both fictitious domain formulations of the homo-
geneous Dirichlet boundary value problem. For the sake of simplicity of our presentation
we shall consider Q2 to be a plane, polygonal domain. We start with a discretization of the
BL multiplier approach.

Let Q be a rectangular domain containing £2 in its interior and {77,} h — 0+, be
a family of uniform triangulations of Q constructed as follows: we first subdivide & by a
uniform square mesh of size h and then divide each square into two triangles along the same
diagonal. With any such 7, the following space of continuous piecewise linear functions
will be associated:

= {va € C(Q) | vy € P((T) VT € Ty, v, = 0 0n 382}, (6.17)
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Next we discretize the space H -3 (8%2) of the Lagrange multipliers on 2. Let {7y}, H —
0+, be another regular system of partitions of 32 into a finite number m := m(H) of
straight segments § of length not exceeding H. On any 7y we construct the space Ay of
piecewise constant functions:

Ap = {un € L*B9Q) | pus € Po(S) VS € Tu).
The discretization of (/TA\) is as follows:
Find (6, L) € Vi, X Ag such that
/ﬁvm,-whdx = fﬁfvhdx+/m)~yvhds Vv, € Vi, Ay

/ il\h/uLH ds=0 V,LLH € Apg.
Q2

As we already know, the LBB condition (6.14) is the fundamental property in the conver-
gence analysis. In [GG95] it has been shown that the LBB condition is satisfied provided
the ratio H/ h is sufficiently large, i.e., the partition Ty is coarser than the triangulation T
More precisely Lemma 6.3 holds.

LEMMA 6.3. Let the ratio H/ h satisfy
3<H/h<L,

where L > 0 is a fixed positive number. Then there exists a positive constant k independent
of h, H such that

Joo BrVRdS _ —
sup == ——— 2 kllpall_1 s0-
vpEV; ”Uh "1,Q

Uy #0

With this result at hand and from abstract error estimates (see [BF91]) we arrive at
the following result.

THEOREM 6.3. Let the mesh sizes h, H satisfy the assumptions of Lemma 6.3 and let (w, A)
be a solution to (M) Then there exists a unique solution (Uy, Ay) to (M w)and

I —@nlly g + A = Agll_1 00 = =0(h*™), h— 0+, (6.18)

holds for any £ > O provided that the restrictions of W to Q, & belong to H*(S), H*(E),
respectively.

For the proof we refer to [GG95].

REMARK 6.5. We see that the error estimate (6.18) is not optimal in view of the fact that
the solution % is not generally smooth in the whole domain Q. What one can expect is that
% e Hi(Q) for any & > 0, explaining the rate of convergence in (6.18). (For the definition
of Sobolev spaces with noninteger exponents we refer to [Ne¢67], [LM68].) The normal
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derivative of # may have a nonzero jump across 3<2. From (6.18) we also see that both
components of (&, A) are approximated. In particular if f = 0 in E, then Ay approximates
du/dv on 32, whereu € H () solves the homogeneous Dirichlet boundary value problem
(P) (see Remark 6.3).

Let & and H be fixed. Then (./\7 Y Jeads to a linear system of algebraic equations of
type (6.15) with A € R"*", B € R™*" given by

aij=/;V(p,~-V<pjdx, i,j=1,...,n; n=dimV,, 6.19)

a

bk1=—j¢1ds, Ss€Tu, k=1,....m,l=1,...,n, m =dimAg, (6.20)
Sk

where {¢;}!_, are the Courant basis functions of Vj,.

REMARK 6.6. From the second equation in (./\7 H) it follows that the homogeneous Dirichlet
boundary condition on 3€2 is satisfied by %}, in an integral average sense:

/ﬁhds=0 VS e Th.
N

Next we briefly describe how to discretize the second formulation based on the DL
multipliers. As before, we divide Qinoa square mesh of size k. Then each square will be
divided by its diagonals into four isoceles right triangles (for reasons see Remark 6.7). The
system of all such triangles creates a uniform “union jack™ mesh of Q denoted by Th. Let Vi,
be defined by (6.17) using the triangulation 7. The space V’'(&) of the DL multipliers will
be discretized by the finite dimensional space Ay, realized by the restrictions of all v, € V,,
to E;i.e.,

Ap = Vg 6.21)
The discretization of (f\7 ) now reads as follows:

Find (i3, Ap) € V3, x Ay, such that
Vi - Vopdx = | fond AMvpdx Yo, € Vi,
/5 up - Vupdx /ﬁfvh x+[E wndx Yo, €V )

/ﬁhﬂh dx =0 V,bLh € Ay.

It is readily seen that condition (6.12) is automatically satisfied in this case owing to the
definition of Ay;i.e.,

/uhvhdx=0 Yo, e Vy = up=0in E.

Therefore problem (/Vh) has a unique solution (&7, Az). F}r\om the last equation in (/Vh) we
also see that i, = 0in E. Since %), is piecewise linear on 7 it vanishes not only in E but in
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Figure 6.2. Polygonal domain Q and its inner approximation Q2y,.

alarger set 8, D E thatis the union of all triangles from T having a nonempty intersection
with the interior of & (see Figure 6.2). This phenomenon is known as a locking eﬁect
Denote Q; = (9} \ Ex. Then the restriction uj, := Wy, belongs to Ho (), and

from the first equation in (.V;,) it follows that uj, solves the following discrete homogeneous
Dirichlet boundary value problem in y:

up € Vp(Qp) : / Vuy - Vo, dx = fondx vy € Vi (82p), (6.22)
Q}, Qh

where
Va (1) = Vg, N Hy (). (6.23)

Unlike with the BL multiplier approach, this time the homogeneous Dirichlet boundary
condition is satisfied exactly on 9€2.

REMARK 6.7. The assumption that 7 is a uniform “union jack” mesh is needed in the error
analysis. In [HMTO01] it has been shown that for such 77, the following error estimate holds:

1
e — uplliQ, < ch?™, h— 0+,
ILI1 3

provided that Q is convex; f € LP(S2) with p > 2, where ¢ > 0 is an arbitrary number; ¢
is a positive constant that does not depend on k; and u € H(} (R2) is the solution to (P).

REMARK 6.8. The space Aj defined by (6.21) uses the same tn'angulation 77, as V;,. But this
is not necessary. Suppose that TH is another triangulation of [} such that '77, is its refinement;

ie.,eachK € T 7 is a union of a finite number of triangles from 77, Denote by Vyy and Ay
the following finite dimensional spaces:

Vi = {vH € C@) | vy € PU(T) VT € Ty, vy =0on aﬁ},

A H = VH|E-
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Since Ay C Vjz we see that condition (6.12) remains valid:

ug € Ag /uyvhdx=0 Vo,eV, = ug=0inE.

Therefore the following problem:

Find (), Agy) € Vi, X Ay such that
/ Vi, - Vo, dx =/ Fondx +/ Agvpdx Vv, €V, NH)
o) 9] g B

/"u\hl.l/de =0 VYuge€ Ay

still has a unique solution (i}, Ag). In this way one can reduce the dimension of the space
of Lagrange multipliers. On the other hand the homogeneous Dirichlet boundary condition
is satisfied only in the following integral sense:

/ﬁhlllydx =0 V/LH € Ap.

From this it does not follow that %, = 0 in E and, consequently, by using a coarser partition
Tu one can avoid the locking effect.

The algebraic form of (.Vh) leads again to the linear system (6.15). This time the
elements of the matrix B are given by

bk1=—/¢k§oldx, Il=1,...,n;, n=dmV, kel (6.24)

where {g;}_; are the Courant basis functions of V), and T is the set containing indices of all
@; whose support has a nonempty intersection with the interior of E. Let us observe that the
system {¢; };cz forms a basis of Ay. If two different partitions Th, Ty are used, appropriate
modifications are necessary.

In the next section we use the previous fictitious domain techniques for the numerical
realization of state problems in shape optimization. To this end let us check how data
of the linear system (6.15) depend on the geometry of the original domain 2. Since the
previous discretizations use the so-called nonfitted meshes, meaning that the partitions T
of Q are constructed independently of 2, the stiffness matrix A does not depend on Q.
The information on the geometry of 2 appears solely in matrix B (see (6.20), (6.24)) and
eventually in the right-hand side vectors f and g. The fact that A is independent of €2 is of
practical significance: it can be computed once and stored forever. In addition, due to the
particular construction of 7y, the matrix A possesses a special structure enabling us to use
fast direct solvers for large and sparse systems of linear algebraic equations.

REMARK 6.9. There is another class of finite element discretizations of the fictitious domain
formulations using partitions 7, that take into account the geometry of Q (locally fitted
meshes) and at the same time still preserve the good properties of A. In this case the
stiffness matrix A depends on the shape of Q so that the main advantage of the previous
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approach is lost. For this reason we shall confine ourselves to finite element discretizations
with nonfitted meshes in the rest of this chapter.

REMARK 6.10. Consider now a nonhomogeneous Dirichlet boundary condition # = g on
8& g €H H (8€2). Then the second equations in the mixed finite element formulation
M ,‘:’ ), (/Vh) have to be replaced by

/ ﬁhuads=f gurds Vup € Ay,
a9 2

/ﬁhvhdx =f§vhdx Vvh € Ap,

respectively, where g is an extension of g from 8% to E. Fictitious domain approaches can
be used not only for solving Dirichlet boundary value problems, but also for the case of
Neumann boundary conditions analyzed in [HMTO1], [HK0O].

6.2 Fictitious domain formulations of state problems in
shape optimization

As we already know, a discretization of any shape optimization problem consists of two steps:
First, a family of admissible domains is replaced by another one containing domains whose
shapes are fully characterized by a finite number of parameters. Second, a state problem
is discretized by using an appropriate numerical method. We have used a classical finite
element method in all examples presented up to now. To overcome some of the drawbacks
of this approach, which have been mentioned in the introduction to this chapter, we now use
fictitious domain methods for the numerical realization of state problems. Special attention
will be paid to sensitivity analysis. It turns out that fictitious domain solvers with nonfitted
meshes reduce the smoothness of the respective control state mapping and consequently
may lead to nondifferentiable optimization problems.

To illustrate the whole matter let us consider the optimal shape design problem with the
family O consisting of domains €2 (o) whose shapes, captured in Figure 2.2, are described
by functions a from U“¢ defined by

U = {a e C¥'([0, 1]) 10 < ttmin < & < otmax in [0, 1],

le’| < Lo almost everywhere in 10, 1[}, (6.25)

where i, Omax, and Ly are given positive parameters (this time the constant volume
constraint in the definition of U%¢ is omitted).

Onany Q(a),x € U ad_we consider the following homogeneous Dirichlet boundary
value state problem:

(P(a))

—Au(@) = f inQ), felL (R,
u(@) =0 onadQ(a).
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Let the cost functional J be given by (2.99) and define the following problem:

Find o* € U*?  such that
)

Ju(@®) < Ju@) VYo eU®,

where u(a) € Hol (Q(w)) is the weak solution of (P()).

To discretize O we use exactly the same approach as in Section 2.2: the moving part
of the boundary is shaped by piecewise quadratic Bézier functions s,,. The set of all such s,,
will be denoted by U f;’ . Let us observe that, because of the absence of the constant volume
constraint, U4 is a subset of U%¢, Denote O,, = {Q2(s..) | 5, € U%}.

First we choose a fictitious domain & in which all computations will be performed
and such that @ D QVQ ¢ O,. (one may take Q =]0, 2emax [ <10, 1], fo/r\ example). We
use the BL variant of the fictitious domain formulation of (P(«)). Let 75, be a uniform
triangulation of G and V), be the space of all continuous piecewise linear functions over T
defined by (6.17). The space of the BL multipliers will be discretized by | piecewise constant
functions. To this end let 7y be a regular partition of the vertical side 1:\: {0}x]0, 1[ into
segments A;, { = 1, ..., m(H), of length not exceeding H. With any Ty we associate the
space Ay defined as follows:

Ap = {un € L*@) | pajs € Po(A) VA € Ty}
The BL variant of the fictitious domain formulation of (P(«)) reads as follows:

Find (@), Ag) := (@,(55), An(s,.)) € Vi, x Ay such that

];Vﬁh -Vuy,dx = /;fvh dx + (Mg, Va)rys,, Yon €V, (P}{{(S%))
Q Q

(WH Tn)rys, =0 Yuy € Ag,

where
1
(lH, Vh)rys, = / xR (ras,(x2), x2)dx2, Un € Apg,vp € Vy,
0
and rys,, is the piecewise linear Lagrange interpolant of s,, on ?H (see Figure 6.3).

COMMENTS 6.1.

(i) In the original setting of the BL variant of the fictitious domain method the space
Ay is defined on the variable part of the boundary. Therefore it depends on the
design variable, too. In addition the respective duality pairing is realized (for regular
functions) by the curvilinear integral on I"(«):

(, v) = f pvds, e L*(T(a),ve H (Q(@)).
I'(a)

Because of the special parametrization of shapes of 2 € O, the integral along ' ()
can be transformed into the integral on [" in a standard way:

1
/ nvds =/ poavoa 1+ (o) dxs,
) 0



6.2. Fictitious domain formulations of state problems in shape optimization 183

(ii)

(iii)

¢ 7
y

Sk

)

TH Sk
O nodes of Ty

Figure 6.3. Partitions defining V), and A .

where I"(«) is the graph of & € U%%; p1 o a(x3) := u((x2), x2) and v o « is defined
similarly. Suppose now that « : T' > R is a continuous, piecewise linear function
over the partition T u of T and u : T'(@) — Ris a function that is constant on any
straight segment S of I'(a). Then the function u o a4/1 + (/)2 : T — R remains
piecewise constant on 74. This makes it possible to introduce Ay as a space of
functions defined in T that does not depend on the design variable. In addition the
Riemann integral on T without the term V' 1+ [(rgs,.)’]? can be used in place of the
duality term in (PF (s,.)).

As before, the symbol ]7 stands for an L2(§)-extension of f from Q(II'_[!S%) to 3.
Since f is defined in the whole plane, the simplest way of defining f is to take
f = fg- This extension does not depend on the geometry of @ € O,. On the
other hand, we know from Remark 6.3 that the zero extension of f is of particular
importance since the Lagrange multiplier A is related to 9u/9v on the variable part of
the boundary of the original domain. In this case f depends on the shape of Q@ € O,,.
Suppose now that the zero extension of f to Qisused in (P,f’ (s,.)). Then, in view of
the definition of the duality term (-, -),,;,. , the second component Ay approximates
the product du/3v+y/1 + [(rgs,)' 1> on T (rys,.)! This form of the duality term makes
the forthcoming convergence analysis easier. In practical computations, however, the
original curvilinear integral fr (ragsre) HH VR ds may be used, in which case Ay directly
approximates du/dv on ['(rgs,.).

Three different discretization parameters appear in the definition of (P} (s,.)): the

parameter  is related to the approximation of the geometry of admissible domains, while
h and H denote the norms of 7, and 7y used for constructing Vj, and Ay, respectively.
To ensure the existence and uniqueness of solutions to (Pf(s,.)) we shall suppose that the
condition

(UH, Vi)rys, =0 VYo €Vy => pug=0 onT

is satisfied Vs, € U%?. From the results of the previous section we know this is true
whenever the ratio H/ 4 is sufficiently large. Let us observe that we do not require the
LBB condition to be satisfied. To keep the notation simple we shall suppose there is a
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one-to-one relation between 4 and H enabling us to label the discretized shape optimization
problem by only two parameters: 4 and s¢. Finally we shall suppose that all three parameters
simultaneously tend to zero:

ho> 0+ & H->0+ & »x—>0+4.

The discretized optimal shape design problem now reads as follows:

Find s}, € U such that
(Phx)

T(@n(s3)) < J@n(s:))  Vsse € UL,

where Wy, (s,c) € Vj, is the first component of the solution to (P# (s,)) and J(y) = 1[Iy —
2d ”a D

REMARK 6.11. In a classical finite element method, approximated solutions of state prob-
lems are computed in their own computational domain. On the contrary if fictitious domain
methods are used, then solutions are available on a larger domain Q so that their appro-
priate restrictions have to be inserted into the cost functionals. In the previous example
the situation is simple: the target domain D is chosen in such a way that D C 2 for any
Q € O, and thus one can always use the same restriction of %}, (s,,) to D. Consider now
the following cost functional: J(a,y) = 1[ly — zdllé,w), z4 € L*(%), which depends
explicitly on the design variable «. If fictitious domain methods were used, the discretized
shape optimization problem would be as follows:

Find 5%, € U such that
(]Phx)

J(rHs;,ﬁh(s:)m(ms;)) < J(rass, ’u\h(sh)m(msx)) Vs, € U;d-

This time the computed solution %}, (s,,) is restricted to the polygonal approximation Q (7 5,.)
of Q(s,,); i.e., Q(rys,.) plays the role of the computational domain.

It is left as an exercise to prove Theorem 6.4.
THEOREM 6.4. Problem (Py,.) has a solution for any h and » > 0.

As usual we shall show that solutions to (Pj,.) and (P) are close in the sense of
subsequences for h, 3r — 0+. But first we prove the following auxiliary statement.

LEMMA 6.4. Let {11},(s,.)} be a sequence of solutions to (P,f' (5,0)), h = 0+, wheres,, € U
are such that

s, 3a inf[0,1lasx— 0+. (6.26)

Then _
Up(S,) > W in HOI(Q) as h, s — 0+,

and u(@) = Ui IS the solution of the homogeneous Dirichlet boundary value problem
in Q(a).
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Proof. Inserting vj, := Uy (s,.) into the first equation in (’P,f’ (5,.)) we have
[vmatax = [ Fasadr 6.27)
9} 9}
making use of (g, W (55))rys,, = 0. From (6.27) and the Friedrichs inequality in H )
we see that {2, (s,.)} is bounded: there exists a positive constant ¢ such that
%n(s:)ll1,8 < ¢ Vh, 2> 0.

Thus one can pass to a subsequence of {if;(s,.)} such that

Tn(s) =@ in HY ), h,x— 0+, (6.28)

for some element & € Hol (ﬁ). We now prove that @ = 0 on I'(«). This is equivalent to
showing that

fol pioadx; =0 Vu e LAD).
Letz e L? (F) be given. Then there exists a sequence {{tx}, Xy € A, such that
Ty > 7 inL’@)asH —>0+. (6.29)
From the second equation in (’PhH (s,.)) we have
(B, Un(5:))rys,. = 0. (6.30)
From Lemma 2.21, the definition of (-, -),,;,., (6.26), (6.28), (6.29), and (6.30) one has

1
(Frrs Wn($3¢))rys,. = / Ruoadx; =0, h,x— 0+, (6.31)
0

proving that % belongs to the space H} @, 09 (a)) defined by (6.1) and in particular i = 0
onI" (). Nextwe show that % solves problem (P) formulated at the beginning of Section 6.1.
Denote

W) = {v € CP@) | suppv C Q@)U E(a)} , B =0\Q®@.

Letv € W(a) be given and {r, v}, r,T € Vj, be a sequence of the piecewise linear Lagrange
interpolants of v. Then

r0—>7 in H}(Q)ash — 0+ (6.32)

and, in addition, there exists a §-neighborhood B;(I"(a)) of I'(a) such that suppr,v N
B;s(I'(@)) = @ for any h sufficiently small, as follows from the definition of W(«). From
(6.26) and the definition of U id it also follows that the sequence {rgs,.} tends to o uniformly
in [0, 1], implying that the graph of rys,. has an empty intersection with suppr,v for H
and s small enough, too. Therefore (Ay, ,),,s, = 0 and the first equation in (’P,{’ (552))
takes the form

/;VTI;, -Vrvdx =/;frh6dx.
3) )
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Passing here to the limit with &, ¢ — 04 and using (6.28), (6.32) we obtain
ﬁ Vi Vods = /A Fodx. (6.33)
9} )

Since W(a) i is dense in H0 (Q 982 (a)) in the H (Q)—norm we may conclude from (6.33)
that i solves (P) and consequently i 4 solves (’P (oz)) Problem (P) has a unique solution;
therefore the whole sequence {i),} tends weakly to %. Strong convergence of {it;} to i in
the H|} (©)-norm can be proved in a standard way. O

REMARK 6.12. Since the cost functional J contains only the primal variable %;,, we did not
pay attention to the behavior of {Ay}. This is why we did not require the LBB condition
to be satisfied. If on the other hand knowledge of the Lagrange multiplier A were needed
in computations (as a part of a cost functional, for example; see the end of this chapter),
satisfaction of the LBB condition would be necessary. The mathematical analysis of this
case is rather technical and therefore is omitted.

On the basis of the previous lemma we are now able to prove the following convergence
result.

THEOREM 6.5. For any sequence {(s%,, W, (s}))} of optimal pairs of (Py,.), h — 0+, there
exists its subsequence such that

s 3ot in[0,1],
(6.34)

Up(sy) >0 in Hol(ﬁ) ash,»x — 0+,

Inaddition, (a*, U* |q ) is an optimal pair of (P). Any accumulation point of {(s%, un(s3,))}
in the sense of (6.34) possesses this characteristic.

Proof. Since U®¢ is compact, one can passtoa subsequence of {57} such that (6.34) holds for
some elements a¢* € U% and 7* € Hl(Q) In addition u(a*) := @* g solves (P(a*)),
as follows from Lemma 6.4. It remains to show that a* solves (P). Let @ € U%? be given.
Then from (iii) of Lemma 2.10 we know that there exists a sequence {s,.}, 5,, € U f;i , such
that

5.=3a@ in[0,1], »— 0+, (6.35)
and also
WG = T in HH(Q), h,x—> 0+, (6.36)

where u(@) := Wjo@ solves (P(@)), making use of Lemma 6.4 once again. Passing to the
limit with %, ¢ — 0+ in

J(@n(s3)) < J@h(5.0)),
using (6.34),, (6.36), and the continuity of J, we arrive at

Ju@")) < Ju@). 0
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REMARK 6.13. The same convergence result can also be established for the DL variant
of the fictitious domain method, taking for example Ay, = Vi g(,s,.)» Where E(rys,) =
Q\ Q(rys,.); i.e., both spaces use the same triangulation (see Problem 6.6).

The remainder of this section will be devoted to sensitivity analysis in discretized
optimal shape design problems using fictitious domain solvers with nonfitted meshes. As
stated in the previous section, the algebraic form based on the fictitious domain formulations
of the state problems leads to the following linear algebraic system:

Find (u(a), A(r)) € R” x R™ such that
Au(a) + Be)™ () = f(a), (6.37)
B(a)u(a) = g(a),

where & € U C R? is a discrete design variable characterizing the shape of Q € O,,. Recall
once again that only the matrix B and the right-hand side of (6.37) depend on . Let us
check the differentiability of the mapping ® : & — R" x R”, ®(ar) = (u(a), A(ex)) €
R* x R™, & € U. A common way of proving this property is to apply the implicit function
theorem to the mapping W : I x R* x R" — R" x R™, where

Au+ B(@) ™ — f(oz)]

b= [B(a)u - g@)

As we shall see, one of the assumptions of this theorem, namely the differentiability of W
with respect to e, is not satisfied.

Let us start with the BL variant of the fictitious domain approach. For the simplicity
of our presentation we shall suppose that the variable part of the boundary of discrete design
domains is realized by continuous, piecewise linear functions oy over the partition 7z of
T, If this is s0 then the discrete design variable & can be identified with the values of ay at
the nodes of 7y (see Figure 6.4). Let us recall that the elements of B(«) are given by

by (at) := by (ay) = — / @1 oaydx,
Ay
where ¢, is the Ith Courant basis function of Vj,. Denote by S the graRh of ey over Ay € ?H.
Let By be another continuous, piecewise linear function over 7y and 8 be the respec-
tive discrete design variable. Compute the directional derivative

d
by (a; B) := b (an; Pu) = — (fA g o(ag + tﬂy)dxz)
k =0+

The formal derivation under the sign of the integral yields

by(a; B) = —/

Ay

(%) By dxs. (6.38)
8x1

From this expression we see that if (8¢;/9x;) oy were not defined in a subset of A; whose
one-dimensional Lebesgue measure is positive, then it could happen that

by (an; Bu) # —by(an; —Bn);
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Figure 6.4. Computation of by (e).

(LD

Figure 6.5, Nondifferentiability of by (a).

i.e., by is not continuously differentiable as a function of a. To see this consider the segment
Sk having a nonempty intersection with an interelement boundary whose one-dimensional
Lebesgue measure is positive (see Figure 6.5, where the function ¢ is associated with the
node (0, 0) of the unit square grid in R?). Denote by (pl(') the restriction of ¢; to the triangle
T;,i =1,...,4. Itis readily seen that

g =1~-x, ¢P=1+x,

‘P1(3) =1+4x —x, (pl(4) =1—x +x.
Further, let the vertical interelement boundary separating 7, 73 from Zl , T4 be a part of
Si. We want to compute b, (ay; By), where By is such that its graph Si over A; passes
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through the point (0, 0) as shown in Figure 6.5. It is readily seen that the integral in (6.38) is
always equal to zero. On the other hand b, (ax; —Bx) equals 2 fol Bu dx, (observe that the
direction — By corresponds to the segment —S%). From this elementary example it follows
that the mapping B : & — B(a) cannot be differentiable in general. Since one of the basic
assumptions of the implicit function theorem is not fulfilled, there is no reason to expect that
the mapping & assigning to any o € I the unique solution (#(a), A(a)) of (6.37) should
be continuously differentiable. On the other hand one can prove that ® is continuous in 2/
(see Problem 6.7).

Let us now consider the DL variant of the fictitious domain method. In this case
the situation is even worse! Suppose that the space A uses the same partition 7, as the
space Vi; ie., Ap = Vpg(,s,,) (see Remark 6.13). Then owing to the locking effect the
fictitious domain solution %}, (s,.) solves a discrete homogeneous Dirichlet boundary value
problem (6.22) in 2, and vanishes outside of 2, where €2, is the approximation of the
polygonal domain €2 (rgs,.) from inside made of all triangles of 77, lying in the interior of
Q(rys,.). From this it follows that any variation of the designed part I'(rgs,.), s, € U ;" ,
that does not change €2, still leads to the same solution of (6.22). Since there is only a finite
number of different Q;, for s,, € U ,“f the same holds for the respective solutions %y (s,.),
h, » fixed. In other words, these solutions, after being substituted into a cost functional,
entail its discontinuity (see Figure 6.8). This phenomenon can be weakened by using a
coarser triangulation 7y to construct the discrete space of the DL multipliers.

From all that has been said above we may conclude that fictitious domain solvers
used at the lower level of shape optimization problems reduce the smoothness of minimized
functions regardless of the fact that the original problem is smooth. This fact has a practical
consequence: gradient type methods may give unsatisfactory results, especially if too coarse
meshes are used. Global optimization methods based only on function evaluations represent
apossible way to overcome this difficulty. Some of these have been mentioned in Chapter 4.

We end this subsection by illustrating how the previous variants of the fictitious domain
methods can be used in shape optimization. We start with the DL variant.

Let the family O of admissible domains be of the form

O={QCcR?|3QcO*: Q=Q\ B},

where B is the unit open disk with center at the point C = (4, 4) and O* is another system
of simply connected bounded domains Q C R? with Lipschitz boundary, containing B in
their interior, and contained in the square ]0.5, 7.5[x]0.5, 7.5[. In other words O consists
of double connected domains with fixed inner boundary 3 B and variable outer part given
by 3Q, Q € O*, which characterizes the shape of Q € O (see Figure 6.6). Onany 2 € O
we consider the following state problem:

{ Au(Q) = f inQ, 639)

u()=0 ondQR=0dBUIQ,

with f = —Au, in R?, where

ug = ((x =2+ (y — 4> - 1) (1 - é(x —4)? — %(y - 4)2) ) (6.40)
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Figure 6.6. Shape of admissible domains.

The optimal shape design problem is defined as follows:

Find Q* € @ such that
(6.41)

JQ*, u(Q*) < J(Q,u(Q)) Ve,
where )
J(Q, u(@) = Sllu(@ - uall§ o

u(S2) solves (6.392 in 2 € O, and uy is as in (6.40).
Denote by €2 € O the domain whose outer boundary is realized by the ellipse

l(x -4+ l(y -4 =1 (6.42)

From (6.39) and (6. 40) it follows that u(Q) =uy in € so that J (Q u(Q)) = (. Therefore
€ is a solution to (6.41). We try to identify Q by solving (6.41).

Any Q € O will be embedded 1nt0 the fictitious domain =]0, 8[x]0, 8[. Denote
by V(B) = H} (Q)I pand V(E) = Ho (Q)I_ the spaces of restrictions to two components B

and E of @ \ Q. Further let V'(B), V'(E) be the dual spaces with duality pairings denoted
by (-, )3, (-, )=, respectively.
The fictitious domain formulation of (6.39) in Q € O reads as follows:

Find (@(), A (), 12(R)) € HL (@) x V/(B) x V'(E) such that
fAvﬁ(n) Vvdx = /;fvdx + (M), V)5 + (), )z Vv € HI(Q), (6.43)
Q Q

(U1, W) g + (M2, W)z =0 V(ui, u2) € V/(B) x V'(8).
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REMARK 6.14. Problem (6.43) and its solution depend on © € O through the duality term
()=

It is left as an exercise to show that (6.43) has a unique solution and, in addition,
’LT(Q)m solves the original problem (6.39) in €.

We now describe the approximation of (6.41). The outer part of the boundary of
any Q € O will be approximated by piecewise quadratic Bézier curves. In our example
the number of Bézier segments is equal to eight. The set of all such domains will be
denoted by O,,. The control points of Bézier curves whose positions define the boundary
of any €2,, € O,, are subject to constraints ensuring that O,, C O. For discretizations of
H 1(Q) V/(B), V'(E) we use piecewise bilinear functions over a uniform partition ’Rh of
Q into squares of size #. The use of bilinear functions over rectangles makes programming
easier and the locking effect more “visible.” We define

V, = {u,, € C@) | vnz € Q1(R) VR € Ry, vy =0on aﬁ},
Mp(B) = Vig, Am(Es) = Vig,,,

where Q;(R) stands for the space of of bilinear functions defined in R € Rh and E,, is the
outer component of Q,, € O,, in Q. All these spaces use the same mesh Ry With any
Q,. € O,, we associate the following mixed finite element problem:

[ Find (5 (250), A1 (2:0), A21(25)) € Vi X A1 (B) X Az (E,,) such that
‘l\Vﬁh(Q%) -Vu,dx = /: fvh dx +f An(2,) v, dx
) 9 B

+ / An(@Ivedx Von€ Vi (6.44)

N

/ Minin (R2,.) dx +/ Uonin(Q;)dx =0
5 o

Y(t1n, won) € Mp(B) x A (E,.).

Ep

We already know that (6.44) has a unique solution. Let Q" be the union of all squares
R € ’R,;, havmg an empty intersection with the interior of B and E,,; ie., Q" is the

“checkerboard” approximation of €2,, from inside. Due to the locking effect the solutlon
n(2,) vanishes outside of % and the function u,($2,,) := @}, (R:2) 2, solves the following
discrete homogeneous Dirichlet boundary value problem:

Find us(Q5) € V4(Q%) such that

/ Vuy(2) - Vopdx = / fundx Vv, € Vy(Q1),
at, ak,

where V;,(Q) = Vi on N Hy (%) (see also (6.22) and (6.23)). The discretization of (6.41)
using (6.44) as a discrete state solver reads as follows:

{ Find Q¥ € O,, such that

hx = oy ho~ (6.45)
JES, un () 1gn) < J (2, un(Qs)j0n) Ve € O,
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Figure 6.8. Graph of the cost functional.

where 1;,(S2,,) solves (6.44). From the definition of (6.45) we see that the cost functional J
is evaluated using the checkerboard approximation Q’L of .. and the restriction of i (2,,)
to " . Due to the locking effect there is no reason to expect that the minimized function in
(6.45) is continuous. To illustrate its character let us fix all control points defining the shape
of Q,, € O,, except two of them, denoted by 1, 2 in Figure 6.6, which are allowed to move
along the marked directions. The graph of J as a function of these two design variables
is depicted in Figure 6.8. We see that J is stairwise; i.e., there is no hope that gradient
type minimization methods could be successful in this case. For this reason the modified
controlled random search (MCRS) method described in Chapter 4 was used. The final result
is shown in Figure 6.7. The dotted line denotes the exact shape defined by the ellipse (6.42);
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iree (962)

Q)

Figure 6.9. External Bernoulli problem.

the found shape after 2000 function evaluations of the MCRS method is represented by the
solid line. Problem (6.44) was solved for the mesh size A = 8/32.

In the remainder of this chapter we show how the BL variant of the fictitious domain
method combined with the shape optimization approach can be used for the numerical
realization of a class of free boundary value problems arising in optimal insulation and
electrochemistry modeling [Ack81], [Fas92]. These problems are known in the literature
as Bernoulli problems.

Let @ C R? be a double connected domain with the Lipschitz boundary Q2 =
[fixed U Dfree (3€2), Where Iexeq is a given component and e (952) (exterior to Ixeq) is @
searched part of 02 (see Figure 6.9). The system of all such domains will be denoted by
O. We formulate the following problem:

Find Q* € O and u* : Q* — R such that

—Au*=0 inQ*,

u* =1 on Tfixed, (646)
a *

W =0, 3—‘2 =0 onle(Q),

where @ < 0 is a given constant.

REMARK 6.15. Problem (6.46) is the so-called external Bernoulli problem, unlike the
internal one, in which i (3€2) is interior to Igyed.

First observe that Q* € O is one of the unknowns in (6.46). Indeed, for 2 €
O given a priori, problem (6.46) is not well posed owing to the fact that the boundary
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conditions to be satisfied on I'ge (3€2) form an overdetermined system; i.e., they cannot
be satisfied simultaneously, in general. To overcome this difficulty we shall consider the
shape of g (352) to be a design variable in an appropriate shape optimization problem.
The redundant boundary condition in (6.46) will be included in a cost functional and will be
satisfied by its minimization over O, while the remaining one will be part of a (now well-
posed) boundary value problem. Thus instead of (6.46) we shall consider the following
optimal shape design problem:

Find Q* € @ such that 6.47)
JEOQH < J(Q) VQeO, ’
where
1| du(2 2
T = L[ _ (6.48)
2] v —1 e (0)

is the cost functional and u(£2) solves the following nonhomogeneous Dirichlet boundary
value problem in :

~Au() =0 inQ,
u(2) =1 on Fgeq, (6.49)
u(2) =0 on e (092).

The mutual relation between (6.46) and (6.47) is readily seen: Q* € O solves (6.46) iff Q*
solves (6.47) and J(Q2*) = 0.

REMARK 6.16. The system of admissible domains has to be sufficiently large to guarantee
that Q* (solution of (6.46)) belongs to O.

Let @ C R? be a box such that @ C Q VQ € O. Further let A; = H ™2 (Taxed),
Ar(B) = H V2 (Iiee (92)) be two spaces of the Lagrange multipliers defined on Ifxeq,
[iree (0€2), respectively, and V = Ho1 (ﬁ). The fictitious domain formulation of (6.49) in Q
is as follows:

Find (&£, A1, A2) := @(2), A1(R), X22(R)) € V x A1 x A»(02) such that
/;VT[~ Vvdx = (A, Vg + (A2, V)Tp0) YV EV, (6.50)
Q

(15 W) Tges + (2, W T 02) = (1 D Y11, $2) € A1xXA2(3R),

where (-, -1, and (-, *)r,..a) stand for the duality pairings between A and H/?(Tgeq)
and Ay(3R2) and H'/?(Tiee (3S2)), respectively. It is left as an easy exercise to show that
(6.50) has a unique solution, u := %q solves (6.49), A; = [9%/dv] is the jump of the normal
derivative of 7 across I'gyeq, and Ay = 3u/dv is the normal derivative of u (the solution
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Figure 6.10. Fartitions defining finite element spaces.

to (6.49)!) on I (3S2) (see Problem 6.9). Therefore the cost functional (6.48) can be
equivalently expressed as

1
J@) =3 lh = 0121 /2.1 02

We shall now pass to a discretization and numerical realization of (6.47). The original
family of O will be replaced by O,, made of all double connected domains £2,,, where both
parts of the boundaries, [gxeq and I'geo(352,,), are realized by piecewise second degree
Bézier curves. The fictitious domain formulation (6.50) will now be discretized the way
we did in our model example at the beginning of this chapter: V, C H{}(2) denotes

the space of continuous piecewise linear functions over a uniform triangulation ;ﬁ, of Q
and Ay, A, (@ 9,,) are the spaces of piecewise constant functions defined on polygonal
approximations [fixeq, ['ree (3€2,7) Of Tfixed, ['tree (3€2,,), respectively (see Figure 6.10). With
any ,, € O,, we associate the following mixed finite element problem:

[ Find (ﬂh’ A'Hl » )"Hz)
= Wn () Aty () Ay (R50)) € Vi X Apy X Ay, (992,) such that

/AVﬁ;,-Vvhdx=‘/~ ).Hlvhds+/~ Amupds Yy, € Vi;
Q Fﬁxed Fﬁu(anx)

/~ gty ds + j; Wity ds
Tfixed Cfree (352,¢)

(6.51)

= ﬁMHlds V(”’HU /’LHz) € AH1 X Aﬂz(aQZ)'

Tfixea
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The approximation of (6.47) using (6.51) as a state solver now reads as follows:

Find Q3 € O,, such that )
T () < hin(Qx) VR € O, *
where
1
Jnu (825) = 5")»112 ~- QI35 pa. (6.52)

with A g, being the last component of the solution to (6.51).

REMARK 6.17. The mixed finite element formulation (6.51) yields the convergence of both
sequences of the Lagrange multipliers in the H ~!/2-norm provided that the LBB condition
is satisfied. For this reason one should use (to be correct) the dual instead of the L2-norm
in (6.52). Since the evaluation of the H~'/2-norm is not so straightforward we decided on
the formal use of the L2-norm, which can be easily computed. On the other hand the use of
(6.52) is justified if the classical mixed finite element method is replaced by its regularized
form (see [IKP0O]). The modification consists of adding an appropriate regularizing term
to the mixed formulation, and it ensures the convergence of the Lagrange multipliers in the
norm of a more regular space.

To illustrate this approach we present numerical results of a model example. Let us
consider the external Bernoulli problem with I'szeq being L shaped. The fictitious domain
Q =]0, 8[x]0, 8[ is divided into small squares of size » = 8/64 and then each square
is divided by its diagonal into two triangles. The designed part g (3€2,.) is realized
by 10 Bézier segments of order 2. Let m; = dim Apg,, my = dim Ag#,(352,,) be the

1 -2

Figure 6.11. Found solutions.
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Figure 6.12. Minimization history.

number of constant Lagrange multipliers. In our case m; = m; = 64. In order to define
An,, A, (3S2,) we first construct the polygonal approximation Fme(asz ) Of Tiree (082,¢)
as depicted in Figure 6.10: the vertices Of I'free (8&2,‘) are the intersections of [Niee (082,,) With
the interelement boundaries of 77, Tiixed and Tgree(952,c) are then divided into connected
parts S by nodes placed on interelement boundaries in such a way that the norm H of the
respective partition 7y is such that the ratio H/ h is as close as possible to 3. On each S,
functions from A g,, A g, (0S2,,) are constant.

The matrix formulation of (6.51) leads to a system of algebraic equations of type
(6.15). Eliminating the primal variable # we obtain the dual system for the vector of
Lagrange multipliers. This system was solved by the classical conjugate gradient method.
The numerical minimization of the cost functional was performed again by the MCRS
algorithm. The stopping criterion was given by the maximal number of function evaluations.
This number was equal to 5000. In Figure 6.11 the free boundaries found after 2000 function
evaluations are shown for Q € {—2, —1, —0.5}. The behavior of the free boundary with
respect to Q confirms known theoretical results (see [FR97]). A typical minimization history
is shown in Figure 6.12.

Problems

PROBLEM 6.1. Prove that problem (P) from Section 6.1 has a unique solution % €
H} (S, o).

PROBLEM 6.2. Show that
Iols o0 = l4@lie. ¢ € H (),
Iil_y 00 = lu@lie, we H™2@Q),

where u(g), u(u) are unique solutions of (6.3), (6.5), respectively.
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PROBLEM 6.3. Prove that problem (M) from Section 6.1 has a unique solution by using
Theorem 6.1.

PROBLEM 6.4. Prove Theorem 6.4.
PROBLEM 6.5. Prove (6.31) provided that (6.26), (6.28), and (6.29) hold.

PROBLEM 6.6. Consider optimal shape design problem (P) using the DL variant of the
fictitious domain method. Prove the counterpart of Theorem 6.5 with A, as in Remark 6.13.

PROBLEM 6.7. Prove that the mapping @ : i — R"” x R™, where ®(a) = (u(a), A(a)),
o € U, solves (6.37), is continuous in U.

PROBLEM 6.8. Prove that problem (6.43) has a unique solution # and %q solves (6.39)
on Q.

PROBLEM 6.9. Prove that problem (6.50) has a unique solution (it, A1, A2) and interpret
each component of it.
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Chapter 7

Applications in Elasticity

7.1 Multicriteria optimization of a beam

In Section 2.1 the thickness optimization of an elastic beam loaded by a vertical force was
analyzed. We looked for a thickness distribution minimizing the compliance of the beam.
In practice, however, it is usually important to optimize structures subject to different types
of loads. This section deals with a simple prototype of such problems. We shall study
multiobjective thickness optimization of an elastic beam. In addition to the compliance
cost functional we introduce another two functionals involving the smallest eigenvalues of
two generalized eigenvalue problems. Eigenvalues represent natural frequencies of free
oscillations and buckling loads of the beam and depend on the thickness distribution e. Our
goal is to find a thickness minimizing the compliance of the perpendicularly loaded beam,
maximizing the minimal natural frequency (i.e., the beam is stiffer under slowly varying
dynamic forces), and maximizing the minimal buckling load (i.e., the beam does not lose
its stability easily under the compressive load).

7.1.1 Setting of the problem

Let the beam of varying thickness e and represented by an interval I = [0,£], £ > O,
be clamped at x = 0 and simply supported at x = ¢, yielding the following boundary
conditions (b.c.):

w0 =u'0)=ul®) =u"() =0. (7.1

The deflection u of the beam under a vertical force f solves the following boundary value
problem:

A(e)u := (Beu") = f in10,4[ withb.c. (7.1). (1.2)

The meaning of all symbols is the same as in Section 2.1 and e € U®¢, where U% is the
class of admissible thicknesses defined by (2.3).
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The equation of vibration is represented by the following generalized eigenvalue
problem:

A(e)u = AB(e)u in]0, €[ withb.c. (7.1), (1.3)

where B(e)u := peu and p € [py, p1] is a mass density with p; > pg positive numbers.
Finally, the equation of buckling is given by another eigenvalue problem:

A(e)u = uDu in]0,¢[ withb.c. (7.1), (7.4)

where Du := —u”. Buckling of the beam may occur when a compressive force is greater
than a critical load represented by the smallest eigenvalue of (7.4).
To give the variational formulation of the previous problems we introduce the space
V:
V ={ve HXI) | v0) =v(0) = v() =0}

and the following bilinear forms definedon V x V:

a.(u, v) = / geu"v" dx, (7.5)
I

b.(u,v) = /peuv dx, (7.6)
1

d(u,v) = /u’v’dx, u,veV, ecU™, (1.7
I

related to the differential operators A(e), B(e), and D, respectively.
The weak formulations of (7.2), (7.3), and (7.4) read as follows:

Findu := u(e) € V such that

a.(u,v) = f fvdx YveV. (P1(e)
I
Find (u, A) := (u(e), A(e)) € V x R, u #0, such that o
a.(u,v) = Ab,(u,v) YveV. (P2(e))
Find (u, u) := (u(e), u(e)) € V xR, u #0, such that »
a.(u,v) = ud(u,v) VYveV. (Ps(e))

The thickness optimization of the beam mentioned in the introduction to this section can be
formulated as the following multicriteria optimization problem:

Find a Pareto optimal ¢* € U%®  for the problem
min, (J1(e), J2(e), Js(@)}. ®)
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The individual cost functionals are defined by

h@=£ﬂ@m,h@=uma 1(&) = 1/m (@),

where u(e) solves (Pi(e)) and A1 (e), 11(e) are the smallest eigenvalues in (P, (e)), (Ps(e)),
respectively. Before we prove that the set of Pareto optimal solutions is nonempty, we will
show that (PP) is well posed. It is known (see Appendix A) that A;(e), wi(e) are the
minimizers of the Rayleigh quotients:

. ae(v, V) ACKY
Ai(e) = min 5 , pi1(e) = min y .
ve¥ (U, V) vey (v, v)

It is easy to prove that A;(e), i1 (e) are bounded from above and below uniformly in U%%:
there exist positive constants m < M such that

m < i(e), u1(e) <M Ve e U™, (7.8)

Indeed, R )
e.Bo 1vla; < a(v,v) _ eaxll Bl V155
Premax VI3, = be(v,0) T poemn VI3,

Therefore,
3 3

____mmﬂo)‘l <h(e) < ———'——mx”ﬂ”L DT,

P1€max P0Emi

where A1 > 0 is the smallest eigenvalue of the auxiliary problem

u"” =Au in]O,¢[ withbe. (7.1). (7.9)

€min

Similar bounds hold for w;(e). Thus the functionals J, and /3 are well defined for any
ee U™,

The multicriteria optimization problem will be realized by the weighting method
described in Subsection 4.4.2. Problem (IP) will be replaced as follows:

Find ¢* € U*  such that
®,)

Jo(e*) < Jole) Ve e U™,

where Jy(e) = Z?=1 w; Ji(e)and w; > 0, i =1, 2, 3, are given positive weights. To prove
that (P,,) has a solution we need the following lemma.

LEMMA 7.1. The functional Jy is continuous in U% :

en Seinl, e,ecU* = Joley) > Jole), n— oo.

Proof. We already know that J; is continuous in U%. Let us prove the same for J,. Since
{’1(e,)} is bounded, as follows from (7.8), one can pass to a convergent subsequence such
that

A(en) > A, n— 00, (7.10)
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for some A > 0. Let u, := u(e,) be an eigenfunction corresponding to A;(e,):
Qe, (U, V) = A1(€n)b,, (Uy, v) Vv e V. (7.11)
We may assume that ||u,|l2; = 1 Vn € N so that there is a subsequence of {u,} such that
U, =~u imV, n— o0. (7.12)

Letting n — oo in (7.11), using (7.10), (7.12), and uniform convergence of {e,} to ¢ in /
we arrive at
a.(u,v) =rb,(u,v) YveV.

We now prove that {u,} tends strongly to u. We use the same approach as in Lemma 2.1.
Let Jj - || be the norm defined by (2.9). Then

Noenll® = / Be* ) dx = / B(€ — e))u))? dx + f Bel(uy)? dx
I I I
= /ﬂ(e3 — e dx +;\1(e,,)/pe,,u§ dx — A/peuzdx = [lull?.
I I I

Since || - || and || - |[2, 1 are equivalent we see that |l#]|2,; = 1, implying that A is an eigenvalue
and u is an eigenfunction corresponding to A.

It remains to show that A := A, (e) is the smallest eigenvalue in (P2 (e)). Since A, (e,)
is the smallest eigenvalue in (P, (e,)) for any n € N it holds that

A(en) = Rien, uy) := %—Z—; <R(en,v) VveV. (7.13)

Itis left as an easy exercise (see Problem 7.1) to show that the Rayleigh quotient is continuous
in U% x V. Passing to the limit with n — o0 in (7.13) we obtain

A=R(e,u) <R(,v) YveV,

making use of (7.10) and strong convergence of {u,, } to w. From this it follows that A := A{(e)
is the smallest eigenvalue in (P,(e)). Since any accumulation point of {A;(e,)} has this
characterization the whole sequence {A;(e,)} tends to A;(e). That J3 is continuous can be
proved in the same way. [

From Lemma 7.1 and the compactness of U?¢ we arrive at the following result.

THEOREM 7.1. Problem (P,,) has a solution.

7.1.2 Approximation and numerical realization of (P,)

We proceed as in Section 2.1. The space V will be discretized by means of piecewise cubic
polynomials over an equidistant partition Ay = {a;}% of the interval /:
Vi = {vs € C'(I) |vaya_y 0 € Psaim, ) Vi=1,....d,
vr(0) = v,(0) = vx(€) = 0},
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while thicknesses are discretized by piecewise constant functions belonging to U ,‘:d given
by (2.32). -
Let e, € U be fixed. The discrete state problems are defined as follows:

Find uy := up(ep) € Vi such that

Pin(e
ae,,(uh, Uh) = [fvh dx VYve Vh~ ( lh( h))
I
Find (up, Ap) = (un(en), Anen)) € Vi x R, up #0, such that
(Pan(en))
aeh(uh, vh) = A.hbeh (uh9 'vh) ‘v’vh € Vh'
Find (up, ) = (un(en), pnlen)) € Vo x R, up #0, such that
(P3n(en))
A, (uh’ vh) ES Mhd(uh, 'Uh) Vvh € Vh'
The discretization of (P,) now reads as follows:
Find e} € U7 such that -
To(ey) < Jolen) Ven € U, wh

where Jo(er) = 37, widi(en), Ji(en) = [; fundx, Ja(er) = 1/An, Ja(er) = 1/n,
with uy := uy(ep) being the solution of (Py,(ep)) and Ayp 1= Agp(en), pn = Kinlen)
being the smallest eigenvalues of (P (er)), (Psn(en)), respectively. Using exactly the same
approach as in the continuous setting of the problem one can prove the following theorem.

THEOREM 7.2. For any h > 0 there exists a solution to (Pys).

Next we shall investigate the relation between (P,,) and (P,) for » — 0+. To this
end we need the following lemma.

LEMMA 7.2. Let e, — e in L°(I), e, € U, e € U, Then
An(en) = Ar(e), panler) = ni(e) ash — 0+

and Ai1(e), 11(e) are the smallest eigenvalues of (P2(e)), (Ps(e)), respectively.

Proof. We first show that {A1,(ep,)} is bounded. As in the previous subsection we obtain
that
|Uh |%, I

ol ;

holds for any v, € Vj, and h > 0, where ¢y, ¢; > 0 are constants independent of v, and A.
Therefore,

2
ae, (Vp, vp) <o lvalz, ;
be, (v, ) ~  llvall3;

< Riep, vp) =

€1

cihin < AMplen) < 2k VA >0, (7.14)
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where A1, is the smallest eigenvalue of the auxiliary problem
@h,xh)EVhX]R, up 7—‘-0: /EZdex =Xh/ﬁhvhdx Yv, € V.
1 1

From the continuity of R and the density of {V},}, A — 0+, in V it follows that A, — A,
h — 04, where A is the smallest eigenvalue of (7.9). From this and (7.14) the boundedness
of {A1n(es)} immediately follows. We may assume again that the eigenfunctions u, are
normalized: |lup|l2,; = 1 Yh > 0. The rest of the proof is straightforward: one can pass to
convergent subsequences such that

Anlen) > Ay, up(ep) ~u inVash—>0+. (7.15)
Letting £ — 04 in (Pa5(en)), using (7.15) and the density of {V,} in V, we obtain
a.(u,v) = b, (u,v) YvelV.

Strong convergence in (7.15) can be shown using exactly the same approach as in the proof
of Lemma 7.1. Thus A; is an eigenvalue and u # 0 is the corresponding eigenfunction in
(P2(e)). The fact that A; := A;(e) is the smallest eigenvalue in (P, (e)) follows again from
the continuity of the Rayleigh quotient and the density of {V;} in V. This implies that not
only the subsequence, but also the whole sequence {Ay;(ep)}, tends to Ay(e). O

With this result in hand we arrive at the following convergence statement.

THEOREM 7.3. For any sequence {e}} of solutions to (Py), h — 04, there exists a
subsequence such that

e; —~¢e* inL*(), h— 0+, (7.16)
ande* € U% solves (Py,). In addition, any accumulation point of {e;} in the sense of (7.16)

possesses this characteristic.

Proof. The proof is left as an easy exercise. [

Because any functione, € (7,?" isconstantineachinterval [@;, a; 1], i =0, ...,d—1,
of length k, it is uniquely determined by a vector e = (e1,...,es) € U, &; = ey, a1
where

U={e€Rd|emin§e,~ <em, i=1,...,d,

d
leis1 —eil <Loh, i=1,...,d -1, hZei=y].
i=1

The algebraic formulation of discrete state problems (P (es))~(Psr (er)) leads to one linear
algebraic system and two generalized algebraic eigenvalue problems:
K(e)q(e) = f, (71.17)
K (e)z(e) = A(e)B(e)z(e), (7.18)
K(e)w(e) = u(e)Dw(e). (7.19)
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Here K(e), B(e), and D are the stiffness matrix, mass matrix, and geometric stiffness
matrix, respectively, and f is the force vector. The elements of K (e), B(e), D, and f are
evaluated as follows:

d a
k,'j(e) = fﬂezqo,"go;' dx = Zei/ ﬂ(o;’(p}/ dx,
I k=1 -1

k-

d a
bi;(e) =fp€h¢i¢j dx =Zekf pyig;dx,
I k=1 Va1

dij =f¢:§0; dx,
1
fi =/I.f(p,-dx, i,j=1,...,n,

where {;}7_; is a basis of V, and n = dim V},. _
Let Ji(e) := J; (7'51e), i = 1,2,3, where 7p is the isomorphism between U ,‘l‘d and
U (see also (2.21)). Then the algebraic form of (P, ;) reads as follows:

(Pwd)

Find ¢* € U such that
Jo(e*) < Jo(e) Yeel,

where Jo(e) = 30, w; Ji(e).

Let us briefly comment on the numerical solution of the algebraic eigenvalue problem.
If we are only interested in the (simple) smallest eigenvalue and the respective eigenfunction
for problems (7.18), (7.19), we can use one of the simplest methods, namely the classical
inverse iteration method. The reduction of the generalized eigenproblem (7.18) to a standard
eigenproblem can be done implicitly (for simplicity of notation the argument e is omitted):
multiplying (7.18) by B~! from the left we obtain the standard eigenproblem

B~ 'Kz = Az.

The matrix C = B~1K is neither symmetric nor sparse, but it is self-adjoint with respect
to the B inner product (x, y)p := xTBy. Thus one can solve the eigenvalue problem

Cz=Az

using inverse iterations in which the inner products are represented by the B inner products
(see [Par98]). If faster convergence is needed or one needs the k smallest eigenvalues
(k « n), then the subspace iteration is an efficient method of calculating them. For more
details see [Par98]. For example, subroutine FO2FJF in the NAG subroutine library [NAG97]
can be used in this way to solve problem (7.18).

The piecewise constant parametrization of the thickness will result in a large number
of optimization parameters. Therefore we prefer gradient type methods for the numerical
solution of (P,4). Sensitivity analysis for the cost function J; can be done in the way
described in Section 3.2. The cost functions /> and J; involve the smallest eigenvalues
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of (7.18) and (7.19). Thus one needs a formula for the directional derivatives of eigenval-
ues with respect to design parameters. Consider next the following generalized algebraic
eigenvalue problem depending on a parameter e € U:

A(e)z(e) = A(e)M(e)z(e). (7.20)
We assume that the eigenvectors are normalized in the following way:

z2(e)TM(e)z(e) = 1. (7.21)

THEOREM 7.4. Assume that A(e), M (e) are symmetric and positive definite for all e € U.
Let the kth eigenvalue Ai(e) in (7.20), k = 1, ..., n, be simple at e = € and let 7;.(e) be the
corresponding eigenvector. If the matrix functions A : e —> A(e) and M : e — M(e) are
continuously differentiable in U, so is the function Ay : e +> Ar(e) at e = €. In addition,
the directional derivative of A at € and in any direction e € R? is given by

1 (@ e) = 2. (@)T A (€; )24 () — (@) 2 (@) M/ (%; €)z4 (@) (7.22)

Proof. 1t is readily seen that if A;(€) is a simple eigenvalue, then A;(e) remains simple
for any e belonging to a sufficiently small neighborhood of € and, in addition, the function
Ak : e = Ag(e) is continuously differentiable in a vicinity of € (see Problem 7.2). Let
e € R? be arbitrary and |¢| < 8, § small enough. Then differentiating the identity

A +te)zr(e+te) = Ar(e +te)M(e + te)zi(e +te), |t| <34, (7.23)

with respect to ¢ at ¢ = 0 we obtain

A'(e; e)zi(e) + A(@)z,(¢; @)
= A'(e; )M @z (e) + L@ M'(e; e)zi(e) + A@M(e)z,(€: €), (7.24)

using also that the mapping zx : e > z;(e) is continuously differentiable at e = € (see
Problem 7.2). Multiplying (7.24) from the left by z, @" and taking into account (7.20) and
(7.21) we arrive at (7.22). [

We use this theorem with A(e) := K(e) and M(e) := B(e) and D.

From the previous theorem we see that if we differentiate functionals depending on
eigenvalues only, no adjoint equation is needed. The computation of K’ and B’ is very
simple due to the piecewise constant discretization of the thickness e. In particular the
partial derivatives of their elements are given by

akl (e) ” //
a] =3e / Bo; ¢ dx (7.25)
ay
ab%(i) =/ ppip;jdx, k=1,...,d. (7.26)
€k G

When a black box optimization routine using a gradient type method is used to mini-
mize Jo, the user must supply a subroutine that computes the gradients of the cost functionals
J:, i = 1,2,3, at a given point e. This can be done in the following way:
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. Form K(e), B(e), D, and f corresponding to the current design e.

. Triangularize K (¢) = LL".

. Solve the triangular systems Ly = f and LTq = y.

. Compute J;(e) = f'q.

. Find iteratively the smallest eigenvalues A1, u; and the corresponding eigenvectors
z, w for the problems K (e)z = AB(e)z and K(e)w = uDw using the factorization
of K (e).

. Compute J>(e) = 1/A;, J3(e) = 1/u;.

7. dok=1,...,n.

(i) Compute the partial derivatives of K (e) and B (e) with respect to ¢; using (7.25),

W W N =

N

(7.26).
(ii) Compute the partial derivativesof J;, i = 1,...,3 by

[(0J1, . 13K(e)
aek (e) - q aek q’
a aK aB

1 —:-73(9) = —A72 (zT—ﬂz - AlzT—ﬁz) , (7.27)
dex dey deg
3J, ., 10K(e)
der (@ =—u“w 3er w.

end do

REMARK 7.1. Theorem 7.4 does not apply to the case of multiple eigenvalues. In fact it
can be shown that multiple eigenvalues are generally only directionally differentiable with
respect to e. For details, see [HCK86].

It has been shown in [OR77] that if 4, is maximized for a clamped-clamped beam
@i.e., u(x) = u'(x) = 0 at x = 0 and [) having a circular cross section, then the eigenvalue
w1(e*) is double at optimum e¢*. Then gradient type methods may give unsatisfactory results
and, e.g., methods of nonsmooth optimization should be used. Unfortunately, these methods
are not widely available in standard subroutine libraries.

If eigenvalues are optimized using gradient type methods for smooth functions, it is
necessary to monitor the multiplicity of the eigenvalues during the optimization process.
If the first and second eigenvalues A;(e,,) and A;(e,,) at all iterations e,,, m = 1,2,...,
generated by gradient methods are clearly separated, then the results are trustworthy.

EXAMPLE 7.1. Let us consider a beam of unit length (¢ = 1). Theload f and the parameters
related to the material properties and the cross-sectional shape of the beam have constant
values;: f = —1, B = p = 1. The set U%® is defined by the following parameters:
emin = 0.01, ey = 0.1, Lo = 0.5, y = 0.05. The beam is discretized by using 32 cubic
Hermite elements; i.e., h = 1/32 and d = 32.

In optimization we used the sequential quadratic programming (SQP) algorithm
EO4UCF from the NAG subroutine library [NAG97]. The state problems were solved
by the band Cholesky method. Instead of the simple inverse iteration method, the eigen-
value problems were solved using the subspace iteration algorithm FO2FJF from the NAG
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Figure 7.1. A beam minimizing the cost functional [J;. Compliance = 16.03,
A1 = 0.9202, u1 = 0.02963.
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Figure 7.2. A beam minimizing the cost functional J>. Compliance = 20.67,
A1 = 1.059, u; = 0.01572.
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Figure 7.3. A beam minimizing the cost functional [J5. Compliance = 18.23,
A1 =0.7962, puy = 0.03530.

library. The two smallest eigenvalues and their corresponding eigenvectors were calculated
in order to check whether the smallest eigenvalue is simple or not and thus to ensure that the
assumptions of Theorem 7.4 are satisfied. In all examples a constant thickness e, (x) = 0.05
was used as an initial guess. The number of SQP iterations in different examples varied
between 31 and 40.

We first minimize each of the cost functionals J;, i = 1,2, 3, separately. In Fig-
ures 7.1, 7.2, and 7.3 the solutions of the individual optimization problems are shown. The
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Figure 7.4. A beam minimizing the cost functional :75 withw; = w3 = 0.25, wy =
0.5. Compliance = 16.26, A1 = 0.9489, 11, = 0.03131.
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Figure 7.5. A beam minimizing the cost functional j;) with wy = 0.1, wy =
0.4, w3 = 0.5. Compliance = 16.71, A, = 0.8881, u; = 0.03387.

maximum thickness and the position of the “hinge-like” section of the beam vary consider-
ably in the results of different optimization problems.

Let i = min,qy Ji(e), i = 1,2, 3, denote the components of the ideal criterion
vector for the respective discrete multiobjective optimization problem. For proper scaling
of the functions in (P,,4) we set

TJoe) = wi J1(e) + waJa(e) + wsJa(e),

where :7: (e) := Ji(e)/z}. Then each j: has minimum value equal to one if optimized
separately.

Next we compute two (locally) Pareto optimal solutions by using the scalarization
function Jp. The results are shown in Figures 7.4 and 7.5 for two different choices of the
weights w;, i = 1,2, 3.

7.2 Shape optimization of elasto-plastic bodies in contact

7.2.1 Setting of the problem

This section deals with the realization of one contact shape optimization problem. The
setting will be exactly the same as in Subsection 2.5.5 except for one modification. Instead



212 Chapter 7. Applications in Elasticity

of a linearly elastic material, characterized by a linear Hooke’s law (2.148), we shall now
consider a more general class of materials obeying the theory of small elasto-plastic defor-
mations. For the mechanical justification of such a model we refer to [Was74] and [NH81].
The respective stress-strain relation is now nonlinear and in the case of plane strain it reads
as follows:

1
T = kepdy; + 2u (V1) <8ij - '3‘8ij€ll> , (7.28)
where « and u stand for the bulk and shear modulus, respectively; §;; is the Kronecker
symbol; and &y is the trace of ¢ (as in Subsection 2.5.5, the summation convention is used).
The shear modulus p is assumed to be a function of the invariant : := ((g;;) defined by

1
v=3[Cu =)’ + e}y + 6% + 66 ] (7.29)

We shall suppose that the functions « = k(x), u = u(t,x), x € Q, t > 0, depend
continuously on their arguments and  is continuously differentiable with respect to ¢. In
addition, the following assumptions on «, w are made:

O<kg<k(x)<Ky Vxe (7.30)
0<up S u@x)< %x(x) Vx e Q, vVt >0; (7.31)
au(t, x)

0<6y<uix)+ t<6, VxeQ, vVt >0, (7.32)

ot

where kg, k1, Lo, 6o, and 61 are given positive constants.

The shapes of admissible domains are the same as in Figure 2.6 with @ € U%¢ defined
by (2.174). The boundary and unilateral conditions are expressed by (2.147), (2.151), and
(2.170)~(2.172). To give the variational formulation of this problem we introduce the toral
potential energy ®, reflecting the nonlinear Hooke’s law (7.28). It can be shown (see
[NH81]) that

£2(v)
Dy (v) = .;. /Q " (x g3 (v) + fo () dt) dx — Ly(v), (7.33)

where L, is given by (2.158) and %2(v) := W (v, v). The symbol W stands for the bilinear
form defined by

2
Wu,v) = _§Eii(u)8jj(v) + 2&;(u)e;; (v).

By a variational solution to the Signorini problem obeying (7.28) we mean any function
u(a) € K(a) such that

Do (u(e)) £ Pa(v) Vv e K, (P(a)

where K() is defined by (2.173). It can be shown that the functional ®,, is weakly lower
semicontinuous, strictly convex, and coercive in K(a) in view of the assumptions imposed
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on k and u. Therefore (P(«)) has a unique solution u(c) for any o € U%¢ (for details we
refer to [NH81)).

REMARK 7.2. It is easy to verify that ®, is also Fréchet differentiable at any u € V() and
the Fréchet derivative D®, (1) € V'(«) is given by

D®y(u, v) = a,(u,v) — La(v) VYu,v € V(a),

where a,, is defined by (2.157) with 7;; expressed by (7.28) (see [NH81]). Problem (P(«))
is equivalent to the following variational inequality:

Find 4 := u(a) € K(e) such that

a,(u,v—u)>Lo(v—u) VveK@). (P(e))

As we have already mentioned, a typical goal in contact shape optimization is to avoid
stress concentrations on the contact part I'c (a). Motivated by the results presented at the
end of Subsection 3.3.1 it turns out that this aim can be achieved by choosing

J (o, u(@)) := O, u(a)) Yo e U (7.34)

as the cost; i.e., J is equal to the total potential energy evaluated at the equilibrium state u(«).
Let (7.30)—(7.32) be satisfied for any (¢, x) € (0, 00) x Q, where Q@) C QVa € U™,
Using the abstract theory of Section 2.4 one can prove that the following optimal shape
design problem:

Find o* € U such that
(9]

J(*, u@®) < J(o, u(e)) Vo e U™,

has at least one solution (see [HN96]).

7.2.2 Approximation and numerical realization of (P)

We shall proceed exactly as in Subsection 2.5.5 keeping the meaning of all notation in-
troduced there. Let s,, € U,"f be given and define Vj(s,,), Ky (s,.) by (2.167), (2.179),
respectively. On any £2;(s,.) the discretization of the state problem is defined as follows:

[ Find u;(s,.) € Ki(s,) such that (Pr(5,0))

d)r;,s,‘ (uh(sx)) =< q)r;,sx (vh) Vvh € Kh(sx)9

where @, denotes the total potential energy functional (7.33) evaluated over £2;,(s,.)-

REMARK 7.3. The approximate solution uy,(s,.) can again be equivalently characterized as
the unique solution to the following discrete inequality:

(Ph (Sz)/)

Find uj 1= up(s,.) € Kp(s,) such that
Grys,,(Ups Vn — Up) = Lys, (v —un)  Vup € Ki(s,).
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The discretization of (IP) is now stated as follows:

Find s, € U2  such that
(P>

Tk, un(sE)) < J (85, un(sy)) Vs, € UZ,
where u;, (s,.) solves (P (s,.)) and
J(Sz, uh(sx)) = (I)r;,s,( (uh(sx))-

Applying the abstract convergence results of Section 2.4 we obtain the following results.

THEOREM 7.5. For any sequence {(s%,, uy(s}.))} of optimal pairs of (Pp..), h — 0+, there
exists its subsequence such that

s 3t in[0,1],
(7.35)

Un(sE) = u* in (H' @), h,x— 0+,

where Uy, (s,) is the uniform extension of u (s%.) from Q2 (s¥) to QI addition, (a*, u* Q@)
is an optimal pair of (P). Furthermore, any accumulation point of {(s,, un(s%))} in the
sense of (1.35) possesses this property.

We now turn to the numerical realization of (Ph,.). Unlike the problem presented
in Subsection 2.5.5, the total potential energy to be minimized is not quadratic any more.
Therefore the algebraic form of (Py(s,.)) leads to a general convex programming problem.
A possible way to realize this is to use the following SQP type approach known in the
literature as the secant modulus or Kachanov method.

For uﬁ,k) € K;,(5,.), k € Nknown, define

. 1 (7.36)
u}('k+1) = argmin {—Brhs,{ (ug,k), Ups Uh) - Lrhs,, (Uh)} ’
vy €Ky (s5) 2

where L, is the linear term evaluated on §5(s,.) and

2
By,s, (u; v, w) = f [(K - gu(zz(u))) &ii(v)ej;(w) + 2M(Ez(u))8ij(v)8ij(w)] dx.

2 (55)

Each iterative step in (7.36) is already a quadratic programming problem that can be realized
by standard methods. One can show (see [NH81]) that the previous algorithm converges for
any choice of u},o) € K (s,.) provided that (7.30)—(7.32) hold; i.e., u}lk) > upask - o0
and u;, € K, (s,,) solves (P (s,)).

Denote by g(a) = (q1(e0), . . ., gn(a)), & € U, the nodal displacement vector corre-
sponding to the solution uy, (s,,). From Remark 7.3 it follows that g (a) solves the following
algebraic inequality:

Find K h that
[ ind g(a) € () such tha P

(v — q(@) K (a, g@)g(@) > fla) (v —q@) YveK),
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where K () is defined by (2.183), U is isometrically isomorphic with U2¢, and K : U x
R* — R™" is a nonlinear matrix function representing the inner energy a,,;, . Next we
shall show how to construct K by using the isoparametric technique of Subsection 3.3.2.
Let a € U be given. To simplify notation a will be omitted in the arguments of
Sfunctions. We first express the stress-strain relation (7.28) in the following matrix form:

T=D(@)e, (71.37)
(1 =eTSe. (7.38)

T &1
T=\1T2]), &€=|&n |,
T 2e17

S is a symmetric matrix realizing (7.29), and D(¢) is a symmetric matrix whose elements
depend on ¢. The matrix D(¢) will be split as follows:

Here

D() = D° + u(vyD!,

Kk k 0 4/3 -2/3 0
D’=|x « O and D'=1|-2/3 4/3 0].

where

0 0O 0 0 1

Next we shall suppose that ¥ and ¢ do not depend on x. The matrix K (g) can be assembled
element by element ﬁgm the local contributions on each T, € 7T, as we have done in
Subsection 3.3.2. Let T be a parent element and F, : T > T, be a one-to-one mapping
constructed in (3.78). Then the local stiffness matrix K°(g°) is given by

K@) = ﬁ B D(¢°) BIJ|dt, (739)
T

where ¢¢, B are defined by (3.70), (3.92), respectively; | J | is the determinant of the Jacobian
of F,; and

D(g®) := D° + u(g°)D' with
ng) = p (\/ (Bq”)TSBqE) :

Here we used that y7, 1= 1(¢°) = (qu)TSqu. In the rest of this subsection we shall
suppose that the mappings ®; from (2.52) are continuously differentiable in /. Then by
virtue of (7.29) and (7.39) the mapping K : U x R* — R"*" is continuously differentiable
with respect to both parameters of (a, g) € U x R”.

REMARK 7.4. From (7.30)-(7.32) we know that the mapping ¢ — K(-,q), q € R", is
strictly monotone in R” uniformly with respect to @ € /. From Problem 3.5 it follows that
the mapping q : o — g(ex), where g(a) solves (P(«)), is Lipschitz continuous in / and
directionally differentiable at any point & € I/ and in any direction 8.
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Problem (IPy,.) is equivalent to the following nonlinear programming problem:

Find a* € U such that
(7.40)

J@) < J(@ Vael,

where i (a) := J(a,q(x)) and J is the algebraic form of the cost functional &, .
Observe that V, 7 (&, ) = K(«, g)q — f(«) (see Remark 7.2).

We may assume that the function J : (¢, q) — J(a,q), « € U, q € R", is
continuously differentiable in I{ x R". On the other hand, the mapping ¢ : & > g(a) is
only directionally differentiable. Let us compute the directional derivative T (e; B):

N (R 7 RACY)
J (@ B) = lim 1 (7.41)

= (VuJ (@, g(@))’ B+ (Vo T (@, g(@)))7 ¢’ (),

where

/@ = lim 1@+ —1@
t—>0+ t

Next we shall eliminate the directional derivative of ¢ from (7.41). The x, components
of the residual vector r(er) := V, J (e, g(e)) ater € U associated with the contact nodes can
be interpreted as the discrete counterpart of the x, component of the stress vector T (1) along
I'c(a). For the characterization of r (a) see Problem 7.11. Since g depends continuously on
a € U and J is continuously differentiable with respect to g, then r depends continuously
on « as well. Let Z be the set containing indices of all constrained components of ¢ € (o).
Then for any i ¢ 7 it holds that r;(a) = 0 Yo € U{. On the other hand, if 7 (&) > 0 for
some j; € Z, then r; (e +¢B) > O for any ¢ > O sufficiently small. This means that the
corresponding contact node remains in contact regardless of small perturbations of €2, (s,,)
(see (2.183) and Problem 7.11):

gj (e +1tB) = —5,.(b;, ot +tB). (7.42)

Let us suppose that s,, is a linear combination of (d + 1) linearly independent functions
Ele
d
Sx(xr, @) = Y _ai(x), «=(a,...,a:), x €[0,1],
1=0
Then (7.42) reads as follows:

d

gi(@+tB) == (a +tB)&(b:)

=0
so that

4@ _ by, k=0,....d. (7.43)
Bak
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From (7.41) and (7.43) we see that the function J is once continuously differentiable in I/
despite the fact that the inner mapping g is not. We summarize these results as follows.

THEOREM 7.6. The function T is once continuously differentiable in U and

8 (@) _ 3T (e, (@) _

8ak Bozk

D ori@E®), k=0,....d.
JieT
ExXAMPLE 7.2. The family of admissible domains consists of §2(«) defined by
Q@) ={(x1,x) eR?|0<x <4 alx)) <x <1}, aeU*,
where
4
U = {a e C¥4([0,4]) |0 <a < 0.2, |o/| < 1in[0, 4], / adx) = 0.2} .
0
We consider the following nonlinear Hooke’s law:
1
Ti; = kendij + 2u (V1) (8ij - §3ij€ll) , (7.44)
where ¥ = 0.83333 and
1
u@) = Z(l +exp(—t)), t=0. (7.45)
The partition of the boundary is done as follows: [,(a) = {0}x]Ja(0), 1[, T'c(a) =

{(x1,%2) € R? | x1 €]0,4[, x2 = a(x)}, Tp(@) = 3Q() \ (Tu(@) UTc(@). The
body force f is assumed to be equal to the zero vector and the external load P is of the form

p= (0, —0.0009(x; — 1)), x»=1,x; €]1,4],
(0,0) otherwise.

The contact parts I'c (), o € U4, are approximated by Bézier functions of degree
d > 2. Thus the set U% consists of Bézier functions of degree d defined by the control
points
D= -1)3%020), i=1,...,d x=4/d-1),

where o; € R, i =1, ..., d, are the discrete design variables belonging to the set

L{={ﬁeRd|0§ﬂ,~51, i=1,...,d;

{(Bi+1 — $i)0.2| <1

4
,i=1,...,d -1, /rhs,{dx1=0.2}, (7.46)
” 0

where 7;s,, is the Lagrange interpolant of s,, at the contact nodes. The integral in (7.46)
is evaluated using the trapezoidal rule. As an initial guess, s = 0.05 was chosen. The
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/' VTY

Figure 7.6. Finite element mesh of the optimal structure.
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Figure 7.7. Initial and final contact stress distributions.

number of design variables was d = 15 and the finite element mesh consisted of 840
four-noded isoparametric elements. The initial cost was equal to —0.1581 x 1073, After
16 optimization iterations the cost was reduced to the value —0.3103 x 103, The finite
element mesh corresponding to the final (optimal) domain is shown in Figure 7.6. The initial
and final contact stress distributions are plotted in Figure 7.7. The convergence history is
shown in Figure 7.8.

In the optimization process the SQP subroutine EO4UCF from the NAG library
[NAG97] was used. The quadratic programming subproblem (7.36) was solved by the
block successive overrelaxation (SOR) method with projection. The stopping criterion in
the Kachanov method was [lg.,; — g,ll2 < 107!9||q,, , l|2, where g, is the nodal displace-
ment vector corresponding to u}lk). It was usually fullfilled after five iterations. Compu-
tations were done in 64-bit floating-point arithmetic using an HP9000/J5600 workstation.
The total CPU time needed was 42 s.

From the results of Subsection 3.3.1 it follows that the minimization of the total poten-
tial energy for a linear elastic body yields “almost” constant contact stress distributions along
the optimal contact part. Similar behavior can be observed in the nonlinear material case.
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Figure 7.8. Cost (multiplied by 10%) vs. iteration.

Problems

PROBLEM 7.1. Prove that the Rayleigh quotient

a.(v,v)
bo(v,v) ’

Rie,v) = ecU™ veV, v#£0,

where a,, b,, and U%? are defined by (7.5), (7.6), and (2.3), respectively, is continuous in
U xv.

PROBLEM 7.2. Let A(e) be a simple eigenvalue of the generalized eigenvalue problem
A(e)z(e) = A(e)B(e)z(e), z(e) #0,
ate = ¢, where A(e), B(e) are symmetric, positive definite matrices in an open set{ C R¢

containing e. Suppose that the mappings A : e — A(e), B : e — B(e) are continuously
differentiable in /. Prove that

(i) A(e) is a simple eigenvalue for any e¢ € Bs(e), § > 0, small enough;
(i) the mappings A : e > A(e), Z : e — z(e) are continuously differentiable in B;(e).

PROBLEM 7.3. Prove (7.27) by using Theorem 7.4.

PROBLEM 7.4. Show that the Fréchet derivative of @, defined by (7.33) is given by

Do, (u,v) =a,(u,v) — L,(v) VYu,ve V),



220 Chapter 7. Applications in Elasticity

where

ag(u,v) = / T (u)ei; (v) dx
Q)

with 7;;(u) expressed by (7.28) and

Ly(v) = fividx +/ Pv; ds.
Q(a) Ip(e)

PROBLEM 7.5. Prove that, for any u, v € (H!(Q(a)))?,

D®y(u + v, v) — Db, v) = ¢ f 61 (V)61 (v) dx,
Q@)

where ¢; > 0 is a constant depending solely on pg, 6o appearing in (7.31) and (7.32).
Hint:

(i) Express

1
D¢a(u+v, v)_D¢a(u’v)=/ DZd)a(“"‘tv, v, U)dt,
0

d
where D2<I>a(u, v, w) = ZDCDa(u +tw, v)

=0
(ii) Show that

D2<I>a(u +tv,v,v) > / 85 (v)g;5(v) dx,
Q(a)

where ¢1 := ¢ (o, o) > 0.

PROBLEM 7.6. Show that

1
D, (v) > 501/ &ij(v)e;; (W) dx — c2livllo, @ — csllvlor, @,
Q)

where ¢; > 0 is the same as in Problem 7.5 and c¢», c3 > 0 are constants depending on
I Fllo.2@> [IPNo,rs), respectively.

PROBLEM 7.7. On the basis of the previous results show that (P(«)) from Subsection 7.2.1
has a unique solution u () such that

lu@lh,e@ < ¢

where ¢ > 0 does not depend on a € U%“,
PROBLEM 7.8. Prove that (P) defined in Subsection 7.2.1 has a solution.

PROBLEM 7.9. Prove Theorem 7.5.
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PROBLEM 7.10. Prove that the function x defined by (7.45) satisfies (7.31) and (7.32) with
k = 0.83333.

PROBLEM 7.11. Let r(a) = K(e, g(a)) — f () be the residual vector in (P(ar)), a € U.
Show that

@) ri(@)=0Vi g7, rj(e) =0 Vj;eT;
(i) 7j(e)(gj (@) + 5,c(Xi, @)) =0 Vj; € Z (no sum),

where Z is the set containing indices of all constrained components of g € K(e).
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Chapter 8

Fluid Mechanical and
Multidisciplinary Applications

Traditionally shape optimization has been restricted to one discipline, linear elasticity, only.
Recently, there has been much interest in shape optimization of systems governed by equa-
tions of both fluid mechanics and electromagnetics. In this chapter we shall consider shape
optimization with state problems related to fluid mechanics or combined fluid mechanics
and electromagnetics problems.

Finite element and nonlinear programming methods in shape optimization of com-
pressible subsonic flows have been used by Angrand [Ang83], and later by Beux and
Dervieux [BD92]. Angrand computed optimal shapes of a nozzle and a lifting airfoil
by using the full potential equation. Beux and Dervieux optimized the shape of a nozzle in
the case of subsonic Euler flow. A slightly different approach has been used by Jameson
[Jam88]. For further study on numerical methods in shape optimization problems governed
by fluid flow or in multidisciplinary problems we refer to [MPO1].

8.1 Shape optimization of a dividing tube

This section deals with a shape optimization problem governed by the Navier-Stokes equa-
tions for viscous incompressible fluids.

8.1.1 Introduction

The quality of paper produced is largely determined by phenomena taking place in the
device of a paper machine called the “headbox.” For example, the basis weight and the
fiber orientation variations depend on the fluid dynamics in the headbox. The first flow
passage in the headbox is a dividing tube (the “header”). It is designed to distribute a fiber
suspension (wood fibers, filler clays, and chemicals mixed in water) in such a way that the
paper produced will have a uniform thickness and an optimal fiber orientation across the
width of the paper machine.

The fluid flowing in the headbox is a mixture of water and wood fibers and, therefore,
a simulation of separation or mixing of different phases requires a multiphase model for

223
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Figure 8.1. Schematic picture of the header and the manifold tube bank.

the water-fiber suspension. For a simulation of large-scale phenomena, however, one-phase
modeling, where the fluid is pure water, is assumed to be sufficient. A typical Reynolds
number is of order 10, requiring turbulence to be taken into account.

The geometry of the header presents additional difficulties in modeling the fluid flow
because the fluid escapes from the header to the next chamber through a tube bank, which
consists of hundreds of small identical tubes (see Figure 8.1). Using a homogenization
approach the complicated geometry of this part will be replaced by a simple one represented
by a part I'y; but with a nonlinear boundary condition. A detailed description of the headbox
flow modeling and the derivation of the homogenized outflow boundary condition can be
found in [Ham93], [HT96].

We use a simplified flow model, namely the Reynolds-averaged Navier—Stokes (RANS)
equations with an algebraic mixing length turbulence model. For details on turbulence
modeling we refer to [Rod93]. The problem is also simplified by considering the two-
dimensional geometry.

A more realistic simulation of header flows is based on the so-called k-¢ turbulence
model [Him93]. The use of the k-¢ model requires solving two additional nonlinear dif-
fusion equations. The simplified model used in this section represents essentially the same
aspects as the k-¢ model from the standpoint of optimal shape design methods. The physical
justification and mathematical analysis of different turbulence models go beyond the scope
of this textbook, however.

8.1.2 Setting of the problem

We consider a two-dimensional fluid flow in a header Q2(e) as given in Figure 8.2. The
fluid flows in through the part I'y;, of the boundary and flows out through the small tubes on
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Ly L, L;

Figure 8.2. Problem geometry.

the boundary Iy Also there is a small outflow on I'vec. The parameters Hy, H,, Ly, Lo,
and L3 defining the geometry are fixed. Let the back wall I' () of the tube (the only curved
part of 32 (c)) be defined by a function o € U%¢:

Fe)={x=(1,x) | L1 <x1 < Li+ Lz, x; =alx)},

where

U™ ={a € COY([L1, L1+ L2]) | 0 < tmin < & < Glmax,s
a(Ly) = Hy, a(L; + L) = H,,
la’| < Lo almost everywhere in [L;, L1 + L,]}

and O/min, Omax, Lo are given parameters. For an incompressible fluid, conservation laws

for momentum and mass in two dimensions read as follows (the summation convention is
used):

0t;;(u, p) ou;

ox j dax j

divu =0 in Q(e). 8.2)

=0 inQ), i=1,2, 8.1

Here u = (uy, uy) is the velocity vector, 7 = (1; ,-),-2, j=1 is the stress tensor, p is the static
pressure, and g is the density of the fluid. The components of the stress tensor are related to
the components of the strain rate tensor (u) and the pressure p by means of the constitutive
law 7;;(u) = 2u@ei;(u) — pdij, i, j = 1,2, where w(u) is the viscosity and e(u) =
(8 )} ;_; with &;;(u) =  (0u; /9x; + Bu;/3x;).

In addition, the following boundary conditions are prescribed (see Figure 8.2):

u=0 ondQa)\ TinV TV, (8.3)
u=uy only, 8.4)
U= ON[pec, 8.5)
up =0 onDlyy, (8.6)

2u(u)er;j(w)v; — pvo — cu% =0 onTlyy. 8.7)
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The nonlinear boundary condition (8.7) corresponds to the homogenized outflow with a
given constant ¢ depending on the geometry of the outflow tube bank.

For turbulent flows, (8.1)~(8.2) represent the RANS equations with u and p being the
averaged quantities. The viscosity for RANS equations is of the form pu(u) = uo + u, (),
that is, the sum of a constant laminar viscosity po > 0 and a turbulent viscosity p,(u).

In order to solve the RANS equations for turbulent flows, one has to select a model
for the turbulent viscosity u,(u). Here, we use a simple algebraic model

1 1/2
() = 0% (Eei,- (w)eij (u)) (8.8)

with (3¢;;¢:;)"/? being the second invariant of the strain rate tensor and £,, := £,, (x) denoting
the mixing length defined by the so-called Nikuradse’s formula [AB85], [Rod93]:

2 4
0 (x) = %H(x) [0.14 —~0.08 (1 - 2d(x)> —0.06 (1 - 2d(x)) ] , (8.9)

H(x) H(x)
where
Hi, 0<x <L,
H(x) = {a(x), Ly <x; < Ly + Ly,
H,, x1 > Ly + Ly,

and d(x) = dist(x, 0Q2(a) \ (F'in U Foyt U Trec)).
To give the weak formulation of (8.1)-(8.7) we introduce the following sets of func-
tions, defined in Q(a), o € U ad,

W2 (@) = (v = (v, v») € (WH3(Q@))? | dive = 0in Q(@)}, (8.10)
Vi) ={ve (W3 Q@))? | v=00n8Q(a) \ Tow, v1 = 0o0n Cgu), 8.11)
Ve(@) = {v € (W' (Q(@))* | v = ttin 00 Tin, v = Uhrec 00 Tec,

v =00n Foy, v=00n3Q(a) \ Tin U Tout U Trec)}, 8.12)

where for brevity of notation g denotes the function defining the nonhomogeneous Dirichlet
boundary data on I'j, U I'ye.. The weak formulation of (8.1)—(8.7) reads as follows:

Find u := u(@) € V (&) N"W53(@) such that
3uj

]ma) 2u(u)e;j(u)e;j (v) dx+/ Qui~—=v;jdx (P(e))

Q) 0x;

_ / cudvydx; =0 Vo € Vie) NW(),
T,

where p(u) = o + 0€% (i (W)e;; )1

REMARK 8.1. The reason for introducing the space (W13(Q2(x)))? in (P()) is the presence
of the nonlinear term w(u). Itis left as an exercise to show that for u € Vy(a), v € V(o)
all integrals in (P(«)) are finite.
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For better performance of the header the outflow profile u; on I'gy should be close to
a given target profile u,; € L?(I'oy). Therefore we formulate the following optimization
problem:

Find a* € U?? such that ®
J@@") < Ju(@) VYaeU™,
where
J(u(@)) = /~ (u2() — Uga)? dx1, (8.13)
r

with u(«) being the solution to (P(x)) and T c Tout given. We use T instead of I out
because in practice the velocity profile must be close to the target profile only in the middle
of the header. The edges are controlled by additional edge flow feeds.

To overcome difficulties arising from the incompressibility condition divu = 0 in
Q (o) we use a penalty approach (see also Subsection 2.5.6). The penalized form of (P(x))
is as follows:

Find u, := u.(«) € V(o) such that

oug;
/ 2ﬂ(us)sij(us)3ij(v)dx+/ Qutgi —2v; dx
Q(a

) Q@ 0x; (Pe(e))
1
+ - divu.divvdx — / cugzvz dx1 =0 Vv eV,
€ Ja@) o

where £ > 0 is a penalty parameter destined to tend to zero.
For any ¢ > 0 we define the new shape optimization problem using the penalized
form (P, («)) in place of the state problem:

Find o} € U*? such that ®.)
J(ue (@) < J(ue (@) Ve € U%, )
where
J(ue(@)) = f (e2(@) — aa)? dX1, oz € L2(Tout), (8.14)
r

and u, (o) solves (P.(@)).

8.1.3 Approximation and numerical realization of (P,)

Let U4 be a discretization of U*? by Bézier functions of a certain degree; i.e., the unknown
back wall will be represented by the graph I'(s,.) of s,. € U%¢. The computational domain
will be realized by a polygonal approximation of Q(s,.) determined by a piecewise linear
Lagrange interpolant rys,, of s,, constructed on a partition A, of [L1, L1 4 L] representing
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oyt Finally, the symbol €25, (s,.) stands for the computational domain with a given partition
R(h, 5,.) made of quadrilaterals. On any £2;(s,.) we define the following spaces:

Vi(s5) = {v € (CQu(S:))* | vnr € (Q1(R)? VR € R(h, 5,0} NV (rys,),  (8.15)
Ven(s:) = {vn € (C(Qn(5:))* | vmig € (Q1(R))* VR € R(h, 5,.),

vp(a;) = gla;) Ya; € Ly, vy = 0on oy,

v = 00n Q2 (rns,) \ Tin U Tout U Trec) (8.16)

where Q(R) is a four-noded isoparametric element on R € R(h, s..), V(715,.) is the space
defined by (8.11) on Q(rys..), and Z; contains all the nodes of R(h, s,.) on T UTre. In
addition, g is supposed to belong to (C(Ti, U Tree))?.

The nonlinear penalized state problem in 2, (s,.) will be numerically realized by using
the following linearization approach (s,, € U%? and ¢ > 0 are fixed):

Choose u},o) € Von(sso).
For u® € Vg (s,), k € N, known find uy " 1= u*V(s5,) € Ven(s,0) 1 (8.17)

k k+1
B, P, utV 0y =0 Vo, € Vi(s,0),

where

ovy;
2u(up)eij(vn)ei(wr) dx +/ Quhi—-’y-whj dx
Q1 (s50) ax;

By, (up, vp, wy) = /

Q4 (55¢)

1
— / CUR VR WH dX1 + — E meas(R)div v, (Qr) divw,(Qr). (8.18)
Lo € ReRins)

To avoid the locking effect the penalty term is evaluated by using the one-point numerical
integration formula with Qr being the center of gravity of R € R(h, s,.).

REMARK 8.2. Let us note that for the stationary Navier—Stokes equations with constant
viscosity the previous linearization method converges provided the right-hand side of the
system is small enough (see [GR79, p. 109]).

Let ¢, 3¢ > 0 be fixed. Then the discretization of (P,) reads as follows:

Find 57, € U2 such that
(8.19)

J@P(s2) < TP (s:)) Vs, € UY,

where
TP (s,0)) = / WX (5:0) — Uaa)? dx1,  Uag € L*(Tow),
T

and u},k) (850) 1= (ug‘l) (s,0), uflkz) (s,)) is the solution of (8.17) for k € N large enough.

The back wall I"(«) sought is represented by a Bézier function defined by the control
points z@, ..., z¢tD ¢ R? with z® and D being fixed: z® = (L, Hy), z¢@*D =
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(L1 + L,, H). The remaining control points are allowed to move in the x; direction
between “move limits” determined by the parameters omn, max and satisfying the slope
condition |s},| < Lo in [L, L1 + L). Let 2@ = (2,29, 2 = Ly +is, 2 =
(1 —;)0min + 0 0max, ¢ = Ly /(d+1),i =1, ...,d,wherea = (0, ..., ) is the vector
of the discrete design variables belonging to the convex set I/ defined as follows:

u=[ﬂeRd|05,B,-51, i=1,...,d;

1(Bi+1 — Bi)(@max — Cmin)| <Ly i=1,.. . .d—1 |B1 (0tmax — Omin) + Omin — Hi|
P »

|ﬂd(amax - amin) + Omin — HZI
»

< Lo] . (8.20)

The matrix formulation of (8.17) for fixed %, & leads to a sequence of linear algebraic
equations

K@, q1)qi41 = fl@), kel, (8.21)

where g, and g, contain the nodal values of the velocity corresponding to the previous and
current iterations, respectively, and K (e, g,) is the matrix representing the bilinear form
B, (uf,k), -, -}. The algebraic form of (8.19) is then represented by the following nonlinear
programming problem:

Finda®™ € Y such that
[ Pg)

Jq@)) < TJ@@) Yael,

where
T@@) =) oi(qi (o) — uag)*.
iel

The vector g(a) is the solution of (8.21) for & large enough, Iy contains indices of the
degrees of freedom corresponding to the nodal values of uyy on F, {w;} are weights of a
numerical integration formula used for the evaluation of the integral defining J, and 1,4 ;
are the values of u,; at the nodes of R(h, s,.) on T (we assume that u,,; € C(F)).

Assume now that the exact solution of the discrete state problem is at our disposal,
i.e., the vector ¢ (er) that satisfies the equation

K (e, g(e))q(a) = f(), (8.22)

and denote r(a, y) := K(e, y)y — f(a). The directional derivative of J at « and in the
direction 8 is given by (see (5.19), (5.20))

T (q(@); B) = —~p@)"V,r(a, g(@))B, (8.23)
where p(a) solves the adjoint equation
J(@, q(@) p(a) = V, T (q(a)) (8.24)

and J(«, g(et)) denotes the partial Jacobian of r with respect to y at («, g(a)).
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In the forthcoming numerical example we will use the automatic differentiation tech-
nique presented in Section 5.3 to calculate the partial derivatives of r with respect to & and
y only at the element level.

To apply (8.23) in computations, (8.22) should be solved almost up to floating-point
precision, i.e., nearly exactly in terms of the computer arithmetic. This is not an entirely
unrealistic requirement if we switch to the quadratically converging Newton method

J(@, 4) @1 — ) = fl@) — K, q,)q;, k€N, (8.25)

after a reasonable approximation is computed using the simple iterations (8.21), which are
less sensitive to the choice of the initial guess g.

8.1.4 Numerical example

We choose the following fixed-size parameters (in meters): H; = 1.0, H, = 0.1, L| =
1.0, L, = 8.0, and L3 = 0.5. These parameters, however, do not correspond to any existing
headbox design. The parameters defining U/*¢ and the cost function are &y, = Ha, 0/max =
Hy, Lop=2,and T =]1.5,8.5[.

The physical parameters are chosen as follows: the density o = 1000, the viscosity
o = 0.001, the coefficient of the outflow boundary condition (see (8.7)), ¢ = 1000.0, and
the inflow and recirculation velocities (in meters per second) fixed to uy, = (4(1 — (2x; —
1)%),0.0) and ure = (2(1 — (20x, — 1)), 0), respectively. The target velocity u,; was
chosen to be equal to the constant value —0.425 m/s.

The state problem is discretized by using 5104 four-noded isoparametric elements.
The number of degrees of freedom in the discrete state problem is then approximately
10,700 (including those having fixed values). The penalty parameter ¢ is equal to 1075,
The number of design variables d was chosen to be equal to 15. The discrete state problem
was solved using a combination of the simple iterations (8.21) and the Newton method
(8.25). The iteration process was stopped when |lg,; — gll2 < 1071%)g,, /2. The
linearized state problem and the adjoint equation were solved by a direct method based
on the LU factorization of the coefficient matrix. In optimization, the sequential quadratic
programming (SQP) algorithm EO4UCF from the NAG subroutine library [NAG97] was
used. All computations were done in 64-bit floating-point arithmetic.

Optimization is started from the traditional design, i.e., the linearly tapering header.
The value of the objective function corresponding to this design is 7.474 x 1072, After
17 SQP iterations requiring 22 function evaluations the value of the objective function was
reduced to 2.950 x 10~2. The total CPU time was 83 min on an HP9000/J5600 computer
(550 MHz, 4 GB RAM). The initial and optimized designs of the header are shown in
Figure 8.3. From Figure 8.4 one can see the distribution of the velocity profiles for the
initial and optimal designs. The convergence history is shown in Figure 8.5.

8.2 Multidisciplinary optimization of an airfoil profile
using genetic algorithms
In traditional optimal shape design problems in aerospace engineering only one objective

function of one scientific discipline is minimized. However, one discipline, such as aerody-
namics, electromagnetics, etc., is usually not enough to describe the essential properties of



8.2. Multidisciplinary optimization of an airfoil profile

L optimal —— -
__________ traditional -----

08 Tt
0.6 |
04}
02

0 L I i L Il L

1 2 3 4 5 6 8 9

Figure 8.3. The back wall of the header corresponding to a traditional linearly

tapering design and the optimized design.

final =
initial ==---
desired -+

0.08
0.07
0.06
0.05
0.04

cost -—

0.03
0.02 r
0.01 }

[=]
-

Figure 8.5. Cost vs. iteration.

16

18



232 Chapter 8. Fluid Mechanical and Multidisciplinary Applications

I

Oeo E(a)

Figure 8.6. Problem geometry for the scattering problem.

the product to be optimized. Therefore it is necessary to consider multidisciplinary prob-
lems. For example, an airfoil should have certain aerodynamical properties while the radar
visibility, i.e., the electromagnetic backscatter, should be minimized. In multidisciplinary
optimization there are usually several conflicting criteria to be minimized.

8.2.1 Setting of the problem

Accurate numerical computation of a radar wave scattered by a flying obstacle (e.g., airfoil)
and aerodynamical properties of the obstacle is a challenging problem because the solu-
tions of the three-dimensional Maxwell and the compressible Navier—Stokes equations are
needed. To reduce the huge computational burden several simplifications in the modeling of
the physics are done. Assuming a two-dimensional design and the case of transverse mag-
netic polarization for the incoming wave the Maxwell equations reduce to the Helmholtz
equation. One can also simplify the flow model by neglecting the viscous effects and solve
the Euler equations instead of the Navier—Stokes equations. To simplify our presentation
we further assume that the flow is incompressible and irrotational. This model, of course,
is valid only for flows with very small Mach numbers.

We start with the shape parametrization of an airfoil. The Cartesian coordinates of the
leading and trailing edges are (0, 0) and (1, 0), respectively. The profile is smooth except
at the trailing edge P. The upper and lower surfaces of the airfoil are represented by two
parametric curves at € U%?, o~ € U, where

U ={y = (y1, ) € C'([0, 11, R?) | y(0) = (0, 0), y(1) = (1,0,
0 < ¥2 < tmax/2, ¥'(0) = (0, 1)},
U ={y = (y1. ) € C'([0,11, R} | ¥(0) = (0,0), y(1) = (1,0),
—tmax/2 < 2 <0, ¥'(0) = (0, -1)},
and ., is the maximum thickness of the airfoil. In what follows we denote @ = (o, & ™).

The airfoil is then defined as a domain Q(c) surrounded by the curves ot and o~ (see
Figure 8.6). Finally set U = U4 x U,
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Two-dimensional modeling of a transverse magnetic polarized electromagnetic wave
reflected by the obstacle 2 (o) requires the solution of the wave equation
U
a2
where U := U(¢, x) is the x3 component of the electric field. Assuming the time harmonic
case the solution of (8.26) is of the form

AU =0 inR*\ Q(a), (8.26)

U(t, x) =Re (w(x)e"’), weR, (8:27)

where Re stands for the real part of complex numbers and w(x) is the amplitude of the wave
of frequency w (we assume that the problem is rescaled so that the speed of light equals
one). Substitution of (8.27) into (8.26) will result in the Helmholtz equation

Aw+w*w =0 inR?*\ Q). (8.28)

The total wave w occupying R? \ € (c) consists of the incident wave u,, and the scattered
wave u. We write w = uq, + U, Where u, is the plane wave propagating in the direction
(€08 B0, SINB), oo €] — /2, /2[; 1.€., Uoo(X) = exp(iw (X1 O8Oy + X2 8iNB)), X =
(x1, x2). The wave w vanishes on the conducting surface of the airfoil leading to the Dirichlet
condition ¥ = —u., on Q2 («). Since the incident wave u, satisfies (8.28), the scattered
wave u : R? \ Q(a) — C satisfies the exterior Helmholtz equation

2 N B e Y7 Y
[Au+wu—0 in R°\ Q(a), 8.29)

U=—Us oni).

To obtain a unique solution, problem (8.29) is completed by the additional Sommerfeld
radiation condition

]
lim /7 (—” - ia)u) =0, = x|l (8.30)
r—>00 ar
describing the behavior of u at infinity, where the radial derivative is defined by 9/0r =
(x1/r)d/0x; + (x2/r)d/0x,.

One is usually interested in the asymptotic behavior of the solution «. It can be shown
(see [CK92)) that the scattered wave u (solving (8.29), (8.30)) has the following asymptotic
expansion:

i(wr+m/4)
v 8rwr

wherex = reé®, r > 0, 6 € [0, 2n[, and 7, : [0, 2n[— C is the so-called far field pattern.
For the numerical treatment of (8.29), (8.30) we truncate the unbounded exterior
domain by a rectangle I1 large enough to contain 2(w) in its interior. The complement
of Q(a) in IT will be denoted by E(x) (see Figure 8.6). On I's, := 9IT we pose a
“nonreflecting” boundary condition approximating (8.30). The simplest one is
du

— —jwu=0 only
dav

ulx) = w,0)+ 003, r— oo, (8.31)
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and it will be used in what follows. For other choices of nonreflecting boundary conditions
and for further details we refer to [BJR90], [EM79]. Thus we arrive at the following
boundary value problem:

Au+o’u=0 inE(a),

=g Oon 89(“)7 (8.32)

3
Y iwu=0 onTly,
av

where g = —uy, in R?,
In order to give a weak form of (8.32) we introduce the following spaces of complex-
valued functions in (), o € U%:

W(a) = {ve HY(E(@)) | v =00n 8Q(a)}, (8.33)
W, (@) = {v e H(E(@)) | v = g on 3Q(e)}. (8.34)

Here H'(E(e)) = {v | v = vy + ivy | v1, v2 € H(E(a))}. The variational formulation of
(8.32) involving the first order absorbing boundary condition reads as follows:

Find u := u(a) € Wy(a) such that

/ (Vu -Vv — wzuﬁ) dx — iw/ uvds =0 Yv e W(a), (Pr(@))
E()

=

where v denotes the complex conjugate of v. We have [Hei97] the following result.
THEOREM 8.1. There exists a unique solution to (P1(x)) for any a € U

The fluid flow is modeled as a two-dimensional incompressible and inviscid flow. We
introduce the stream function ¢ such that the velocity field v is given by v = curl ¢. On '
the velocity is assumed to have a constant value vy, = (Voo1, Voo2)- Inside the computational
domain E () the pressure is p = prer — %lvl2 = Dret — %lcurlgo|2, where ppr is a given
constant reference pressure. The stream function formulation of this problem reads as
follows (see [CO86]): Find a function ¢ := ¢(«) and a constant 8 := fB(«) satisfying the
boundary value problem

—Ap =0 in E(x),
¢=pB ondQa),

¢ = (pOO on F o0
Vy is regular in a vicinity of the trailing edge P,

(8.35)

where @oo = Veo1X2 — Uoo2X]-

REMARK 8.3. For any constant 8 there exists a unique solution to the nonhomogeneous
Dirichlet boundary value problem (8.35);_3. Since the angle between two tangents to the
profile at P is very sharp, the solution ¢ has a singularity at P for 8 given a priori. On
the other hand it is known that there exists a (unique) particular value of § ensuring the
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regularity of ¢, namely ¢ € H?(E(e)) (see [Gri85]). Among solutions to (8.35) we look
for just the regular one. This is expressed by the last condition in (8.35). In computations
this condition will be realized by requiring continuity of the flow at the trailing edge P:

dp(PT) _ _ 3¢p(P7)

8.36
v v (8.36)

where

, [a*] := graph of &®.

31) ‘_ g—P
Qela*]

dp(P™) lim 22D
v

Condition (8.36) is known as the Kutta—~Joukowski condition and it will be used to fix the
value of 8 in (8.35).

To give the weak form of (8.35) we need the spaces V, (@), r € R, o € U%:
Vi(o) = {v € HY(E(a)) [v=¢o0nl'y, v=ron 6Q(a)} . (8.37)

The weak formulation of (8.35) reads as follows:

Find 8 € Rand ¢ := ¢() € Vg(er) such that
[ (Pa(e))

f Vo -Vudx =0 Vv e H}(E(a)),
E@

where B is such that Vg is regular in the vicinity of P.

Our aim is to find the shape of the profile (&) such that the intensity of the reflected
electromagnetic wave into a given sector defined by two angles 6, < 0%, 6,, 6* €]0, 2z |,
is as small as possible while at the same time reasonable lift properties are maintained. To
satisfy the latter condition the computed pressure distributions p*, p~ on the upper and
lower surfaces of the profile described by a™, o, respectively, should not be too far from
the given pressure distributions p}, p; € L=([0, 1]).

The choice of an appropriate single cost function is impossible and therefore the shape
optimization problem is formulated as the following multicriteria optimization problem:

{ Find a Pareto optimal o* € U®? for the problem P
P)

min {J (), J>(2)}.
acled
The individual cost functions are defined by
0#
Ji@) = / 17,(6)2d8, (8.38)
0:
1 1
D) = fo (pt™) — p)*dx + /0 (p~ (@) — p7)*dx:. (8.39)

Here %,,(9) is the far field pattern corresponding to the solution u := u(a) of (Pi(e))
(see (8.31)) and p*(a®)(x1) := p(x1, at(x1)), x1 €]0, 1[. Recall that p(&) = pres —
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% jcurl p(a)|?, where p(a) solves (P2 (w)). For other formulations of the problem see [BP93],
[MTP99], and [MPO1], for example.

REMARK 8.4. For the sake of simplicity, we use the same rectangle IT in both problems
(P1(@)) and (P,(«)). This, however, is neither necessary nor desired in computations. In
practice the size of I should be much larger for the flow problem than for the Helmholtz prob-
lem, especially if the second order absorbing boundary condition is used in the Helmholtz
problem.

8.2.2 Approximation and numerical realization

Denote U2%! = U2, x U?,, where U, is a subset of U2 realized by Bézier curves of
degree d. The upper and lower surfaces of airfoils 2 («), @ € U%?, will be approximated
by functions s,, = (s}t,s;) € U ff. Let Q2(rys,.) be a polygonal approximation of Q(s,,).
Then E(s,,) := IT\ Q(rys,.) is the computational domain for both state problems. As usual
Z5(s,.) stands for the computational domain Z(s,,) with a given triangulation 7 (4, s,,).
Further, let Z be the set of all the nodes of 7 (h, s,.) lying on €2 (1,5,.). For the discretization

of state problems we use the following finite element spaces:

Wi(s50) = {vn | v = vp1 +ivp2, Va1, U2 € C(En(S,0)),
vnjir € PI(T), j=1,2, VT € T(h,sx), vi =00n3Q(rss5)}, (8.40)
Wen(s50) = {vn | vp = vp1 + ivk2, vp1, Un2 € C(En(Sx)),
vhjip € PUT), j=1,2, VT € T(h,s5), vn(@a) = gla)Va € I}, (8.41)
Ven(85c) = {vn € C(En(sx)) | vayr € Pi(T) VT € T(h, 55), vi = ¢oo ON 11,
vy =ron a2 (rys.)}, r € R, (8.42)
Since the function g is linear and r is constant, the conditions on 3IT and Q2 (rys,,) in the
definition of V,4(s,) can be realized exactly by piecewise linear functions.

The discrete state problems are defined as follows:

Find uy, := up(s,.) € Wer(s,) such that

P (s
/ (Vun-Vo, — wzuhih) dx — ia)/ upUnds =0 Yy, € Wi(s,) (P1a(ss))
CHON) .
and
Find B := B(s.) € R, ¢n := @n(s.) € Vn(ss) such that
v Vur,dx =0 VY e V, 2
/Eh(s,,) oo R A on € Von(ss0) (P2n(s5))
dpn(PY) _ dgn(P7)
v v

where Vy;, (s,.) is defined by (8.42) with ¢oo =r = 0.
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Figure 8.7. (a) Triangles involved in the Kutta—Joukowski condition. (b) Shape
parametrization of the upper surface of the airfoil: control points marked e are fixed whereas
the ones marked O are allowed to move in the x, direction.

Problem (P2 (s,.)) can be conveniently solved using the linearity in 8. Let ¢o; and
@11 be the solutions to the following:

{ Find @op, := @on(s5) € Vor(s,.) such that

8.43
/ Veoon - Vupdx =0 Vu, € Vor(s,,) ( )
Uh(sx)

and

Find @15, := @1(5:) € Vis(s,) such that
(8.44)

f Voin - Vopdx =0 Vo, € Vor(ss),
Ep(S5¢)

where Vi (s,,) is defined by (8.42) with r = 1. Then the function
@n = @n(s:0) = Bown + (1 — B)yon,

where § is computed from the continuity flow condition (8.36):
Voor(Pt) - v+ Veor(P7) - v
V(p1n — pon)(P*) - v + V(o1n — pon)(P™) - v’
and where the approximate (constant) values of the normal derivatives on the upper and
lower surfaces of the airfoil are evaluated in the triangles T and T, respectively (see
Figure 8.7(a)), solves (Pay,(5,.))-
The discretization of (IP) is defined as follows:

B=— (8.45)

Find a Pareto optimal 5%, € U2 for the problem
min_(J1(5,), 2(5)}, ®»)
5,,€U%

where J; and J; defined by (8.38) and (8.39), respectively, are evaluated using the solutions
to (Pis(s5)) and (P2 (s.)), respectively.

Next we derive the algebraic form of (P,) for & > 0 fixed. The shape of the airfoil
is parametrized using one Bézier curve for the upper part of the airfoil and another one for
the lower part. The upper curve is defined by the control points

(01 0), (01 a1)9 (SZ’ a2), (S3,a3),...,(Sd,ad), (170)
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and the lower one by

0,0), 0, ag41), (52, 0442), (53,0443), ..., (54, at2q), (1,0),

where 0 < s, < 53 < --+ < 54 < 1 are given (see Figure 8.7(b)). The numbers «;, i =
1,...,2d, are the discrete design variables belonging to the set

U={y eR® |0<y <tmn/2, i=1,....d,
0> ¥ > —tmax/2, i =d+1,...,2d). (8.46)

REMARK 8.5. To satisfy the condition (s,f)’(O) = (0, +1) we use two control points at the
leading edge for each of the curves s}, 5.

The matrix formulations of (Py;(s,.)), (8.43), and (8.44) for fixed h and & € Uf lead
to a complex system of linear algebraic equations

C(a)u(a) = b(a) 8.47)

and two real systems
A()@yler) = fola), (8.48)
Ae)@ (o) = f(a). (8.49)

The vector u(a) contains the nodal values of the approximate scattered complex-valued
wave uj(s,.) at the nodes of T'(h, s,.) lying in E(s,;) \ 92 (rxs,.), while @y(a), @, (a) are
the vectors of the nodal values of g, (s,.), @11 (5s), Tespectively, at all the inner nodes of
T(h, $,2).

REMARK 8.6. The nonzero right-hand sides in (8.47)—(8.49) are due to the nonhomogeneous
Dirichlet boundary conditions in (Py;(s,.)), (8.43), and (8.44).

Extending the vectors @ (), @, () by the known values of oy (5,.), @15 (85), TESpEC-
tively, atthe nodes of 7 (4, s..) on 'y, and 82 (rys,.) we obtain the new vectors @ (o), @, (o).
Then ¢(a) = B, () + (1 — B)ey(a) with 8 defined by (8.45) is the vector of the nodal
values of the approximate velocity stream function ¢y (s,,).

The integral defining J; is evaluated by using the numerical integration

Ti(s:0) ~ Jie) = Y cil@un(@)1, (8.50)

where ¢; and 6; are weights and integration points, respectively, of a quadrature formula;
U,n is an approximation of the far field pattern; and e is the vector of the control points of

5, € U,‘i‘i.
Due to the piecewise linear approximation of the stream function ¢ there exists a
set{t; | i =0,....m},0=1 <t <--- <t, =1, such that the discrete pressure

distributions p,f:(xl) = pplx1, rhsﬁ (x1)) on the surface aﬂ(rhsﬁ) of the airfoil Q(rys,.)
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are constant in each interval J¢;_y, ;[, i = 1,..., m. Recall that p; = prs — %Icurl onl?.
Thus we obtain the following algebraic expression of J»:

D@ =) (= )P (ty) = P (G- 1))

i=1

+) =505 () — p7 1)), (85D

i=1

-z

where ¢, 1= (ti—1 + 1;)/2 (we assume that pff € C([0, 1])).
The matrix form of (P,) reads as follows:

[ Find a Pareto optimal a* € U/ for the problem b
Pa)

min {71(e), 2(e)} -

8.2.3 Numerical example

To be able to capture the oscillating nature of solutions to the Helmholtz problem for large
o, the mesh used for the discretization of (P)(e)) has to be fine in the whole computational
domain 8;(s,). A traditional rule of thumb says that it should be at least 10 nodes per
wavelength. This means that the size of system (8.47) is very large, making its direct
solution infeasible. In the forthcoming numerical example the system is solved iteratively
using the generalized minimum residual (GMRES) method with a special preconditioning
technique using the so-called fast direct solvers. We briefly describe how to construct a good
preconditioner. Let us consider the Helmholtz equation posed in the whole rectangle IT:

AZ+ &’ =0 inll,

ou - (8.52)
—u—ia)u=0 on .

av

Let Tr(hy, h2) be a uniform triangulation of IT obtained by dividing IT into rectangles of
lengths A1, hy in the x1, x, directions, respectively. Problem (8.52) is now approximated by
piecewise linear functions over Tr(h, h2) resulting in the system of algebraic equations

B = 0. (8.53)

Due to the uniformity of 7r(h;, h2) the matrix B has a special structure, and any linear
system of equations with B as a coefficient matrix can be solved very efficiently (i.e., the
number of arithmetic operations needed is proportional to N log N, where N is the number
of unknowns) using a fast direct solver (the cyclic reduction method [Dor70], for example).
Therefore the matrix B can be used as a preconditioner for solving (8.47). For this purpose
C(at) should be “close” to B in some sense or, in other words, the triangulation 7 (h, s,,)
of E(rs,.) should not differ too much from Tr(hy, h2)z¢,s,,)- To this end we use the
so-called locally fitted meshes when the mesh 7(k, s,.) coincides with Tr(h1, £2)|5¢,s,.)
except on a narrow strip around the profile (see Figure 8.8). System (8.53) has, however,
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Figure 8.8. A detail of the finite element mesh of (P15 (s,.)) near the trailing edge P.

more unknowns than (8.47) so that the latter has to be extended. The simplest way of doing
this is to use the zero extension

Cii =b, (8.54)

where

C= (g g), 5= (;‘,) b= (3), C = C(w), b:= b(a), u = ula).

Then instead of the original system (8.47) we solve iteratively the following preconditioned
system:

B~'Ci = B'b. (8.55)

Using more sophisticated extensions than (8.54), one can show that this type of precondi-
tioning technique is almost optimal; i.e., the number of iterations in the GMRES method is
almost independent of h. For details we refer to [Toi97], [Hei97]. The same preconditioning
techniques can be used to solve flow problems (8.48) and (8.49).

Locally fitted meshes that are needed for constructing good preconditioners are not
topologically equivalent in the sense of Section 2.2 (the number of triangles may vary after
any change in the airfoil profile), resulting in the possible loss of the differentiability of the
minimized functions. This and the desire to get several Pareto optimal solutions motivate us
to use the multiobjective variant of the genetic algorithm (GA) presented in Subsection 4.4.4.

The state problems were solved with the following data: T = [—%, %] x [-1, 1]
for the Helmholtz problem and IT1 = [—4,5] x [-5, 5] for the flow problem, u,, =
exp(i207 (x1 cos 45° 4+ x5 sin45°)) (i.e., @ = 207, O = 45°), Poo = X2 €08 2° — X1 8in 2°,
Prese = 1. The cost functionals are specified as follows: 6, = m, 6* = 37/2 in J), and
the target pressure distributions pf defining J; are the computed pressure distributions on
an NACAOQ012 airfoil. The mesh 7r1(hy, h,) is defined by a rectangular grid of 301 x 301
nodes. The far field pattern @, needed for the evaluation of J; is computed by using the
following approximate expression:

i‘\w(e) ~~ Z bkle—ia)(kln cos0+lhy sin0)’
k.l

where by, are the nodal values of the so-called grid function b and h,, h; are the parame-
ters characterizing 7r (hy, hy) (for details we refer to [Toi97]). Since the piecewise linear
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Table 8.1. The parameters in the multiobjective variant of the simple GA.

Population size 64 Crossover probability 0.8
Number of generations 100 | Mutation probability 0.2
Tournament size 3 Mutation exponent 4
Sharing distance 0.25
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Figure 8.9. Optimal airfoil profiles.

elements produce a poor approximation of curl ¢ on the boundary (needed to calculate the
pressure) a quite fine rectangular but not uniform grid with 361 x 401 nodes was used to
solve the flow problem.

The computations were done on an HP9000/J5600 computer. The parameters used
in the multiobjective variant of the simple GA are collected in Table 8.1. The total CPU
time needed was approximately 15 h. The nondominated points of the final population in
the J;-J, space are shown in Figure 8.9. The airfoil profiles corresponding to the selected
points are shown in the same figure.

The electromagnetic and aerodynamic properties of two extreme profiles A and B
in Figure 8.9 are shown in Figures 8.10-8.12. Instead of [#,| and p, engineers prefer to
illustrate the radar cross section

| R
RCS(6) = 101og,, (8—”|uw(0)|2)

and the pressure coefficient

PO — Pt

C,(x1) = >
Oref 5| Vool
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Figure 8.10. Radar cross sections in the sector [180°, 270°] corresponding to
airfoils A and B from Figure 8.9.
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Figure 8.11. Pressure coefficient on the upper and lower surfaces of airfoil A from
Figure 8.9.

where pr.s, Oret are reference values of the pressure and density in the undisturbed free stream
(here we used pres = grer = 1). The profile B with J, = 0 is essentially the NACA0012
profile. On the other hand, the radar visibility into the sector [0, 6*] of the profile A (which
has a peculiar shape) is very low.
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Figure 8.12. Pressure coefficient on the upper and lower surfaces of airfoil B from
Figure 8.9.

Problems

PROBLEM 8.1. Prove that foru, v € (W13(Q(a)))?, @ € U%, all integrals in (P(e)) from
Subsection 8.1.2 are finite.

PROBLEM 8.2. Prove the formal equivalence between the classical formulation (8.1)—(8.7)
and (P(w)).

PROBLEM 8.3. Prove (8.23) and (8.24).
PROBLEM 8.4. Prove that (8.32) and (P, («)) are formally equivalent.
PROBLEM 8.5. Show that the solution ¢, of (P(s,.)) from Subsection 8.2.2 can be

written in the form ¢, = B, + (1 — B)@1n, Where o, @15 are solutions to (8.43), (8.44),
respectively.
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Appendix A

Weak Formulations and
Approximations of Elliptic
Equations and Inequalities

We recall in brief basic results of the theory of linear elliptic equations and inequalities,
Sobolev spaces, and finite element approximations within the range needed in the previous
text. For more details on weak formulations of elliptic equations we refer to [Ne¢67]. Finite
element approximations of elliptic problems are discussed in [Cia02].

Let V be a real Hilbert space, K a nonempty, closed, and convex subset of V, and V'
a dual of V. We denote by || - ||, || - |+ the norms in V, V', respectively. Further, let (-, -)
stand for a duality pairing between V' and V and leta : V x V — R be a bilinear form
satisfying the following assumptions:

(boundedness)
dM =const. > 0: |a(u,v)] < M|u|llv|] Yu,veV; (A1)
(V-ellipticity)

Jae=const. > 0: a(v,v) >alv|*> YveV. (A2)

DEFINITION A.1. A triple {K, a, £}, where £ € V' is given, defines an abstract elliptic
inequality. An element u € K is said to be a solution of {K, a, £} iff

au,v—u)> (€, v—-u) Vvek. (A.3)

The existence and uniqueness of a solution to {X, a, £} follow from Lemma A.1.

LeMMA A, (Lax-Milgram.) Let (A.1) and (A.2) be satisfied. Then {K,a, £} has a
unique solution for any £ € V' and

1
lall < — €l
24

where o is the constant from (A.2).

In addition, if g is symmetric in V, i.e.,

a(u,v) =a(v,u) Yu,vey, (A4)

245
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then {K, a, £} is equivalent to the following minimization problem:

FindueK: Ju= rvréllrfl J(v), (A.5)
where
J(v) = %a(v, v) — (£, v). (A.6)

If K =V, then (A.3) takes the form
ueV: aw,v)y={ vy VYveV. (A7)

In this case the respective triple defines an abstract elliptic equation.

Let H denote another Hilbert space with the scalar product (-, -) and || - ||z be the
corresponding norm. Let us suppose that V C H with continuous embedding and let V be
dense in H. An abstract elliptic spectral problem is defined as follows:

(A.8)

Find L € Randu € V, u # 0, such that
au,v) =A(u,v) YveV.

If u exists it is called an eigenfunction corresponding to the eigenvalue ). The basic result
on the existence of solutions to (A.8) is given as follows.

THEOREM A.1. Let the embedding V into H be compact and a : V x V — R be
bounded, V -elliptic, and symmetric in V. Then there exists an increasing sequence of
positive eigenvalues tending to oo:

O<AM <A<A3<--, lim A, = oo,
k—00

and an orthonormal basis {w,} of H consisting of the normalized eigenfunctions corre-
sponding to A,:
a(Wn, V) = Ap(wp,v) Yo €V, |lwpllg =1

Denote by
a(v, v)

=,
vl

the Rayleigh quotient. It is very easy to verify that

R(v)

veV, v£0,

AL = ml‘I,l R@) = R(uy),
V20

where u; € V is an eigenfunction corresponding to A;.

The approximation of {K, a, £} will be based on the classical Ritz—Galerkin method.
Let {V,.}, B — 0+, be a system of finite dimensional subspaces of V and k be a discretization
parameter tending to zero and characterizing the dimension of Vj,: dim Vj, = n(h) — oo as
h — 0+. Further, let K, be a nonempty, closed, and convex subset of V;, Vh > 0. The set
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K will be considered to be an approximation of K but not necessarily its subset. By the
Ritz—Galerkin approximation of {K, a, £} on K, we mean any solution uj, of {K}, a, £}:

upb € Ky alup, vy, —up) > (€, v, — u;,) Yvu, € K. (A9)
If (A.4) is satisfied, then u;, solving {Kj, a, £} can be equivalently characterized by

up € K : J(up) = min J(vp), (A.10)
v, €Ky

where J is defined by (A.6). If K = V, Vh > 0, then {V}, a, £} is an approximation of
{V,a, £} and (A.9) becomes

up € Vi i alup, vp) = (£, vp) Yy, € Vi (A1)

The existence and uniqueness of a solution to {K}, a, £} and {V4, q, £} follow again from
the Lax—Milgram lemma.

Denote by () := |[u — uy|| the error between the exact solution u of {K, a, f} and
its approximation u,. We say that the Ritz—Galerkin method is convergent if e(h) — 0 as
h — 0+. To ensure this property we need the following assumptions on {K}, h — 0+:

Yoe K Hup), vpeKp: vp—>vinV, h = 0+ (A.12)
v, =~ v(weakly)in V, h > 0+, v, € Ky = veKk. (A.13)

The following convergence result holds.

THEOREM A.2. Let (A.1), (A.2), (A.12), and (A.13) be satisfied. Then the Ritz—Galerkin
method for the approximation of {K, a, f} is convergent.

REMARK A.1. Condition (A.12) is a density type assumption. If K, C K Vi > 0, then
(A.13) is antomatically satisfied. In particularitis satisfied when K = Vand K = V;, Vh >
0. Assumption (A.13) has to be verified if the so-called external approximations of K are
used, i.e., when K, ¢ K.

Let the discretization parameter 2 > 0 be fixed, dim V;, = n, and {¢;}]_, be a basis
of V,,. Then one can define the isomorphism 7 between V, and R”* by identifying vy € Vj,
with a unique vector x = (x1,...,X,)T € R” such that v, = Z;=1 xj@;. Denote by
K a nonempty, closed, and convex subset of R": K = {x € R" | T-1x € K}, where
T~1:R" — V, is the inverse mapping to 7. Then the algebraic form of {K}, a, £} reads
as follows:

Findx*e K: (y—x"TAx*> (y - x*)Te Vy € K, (A.14)
where A € R"*", £ € R" are defined by

A= (a;) =, aj=algj, ), i,j=1....m
e=(€i);1=1, £i=(£,§0i), i=1,...,n.
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If a is symmetric in V, then A is symmetric and (A.14) is equivalent to the following
mathematical programming problem:

Fidx*eK: Jkx*) = ilél’lg Jx), (A.15)

where )
Jx) = ExTAx —xT4.

Observe that if K;, = Vj,, then X = R”* and (A.14) leads to a linear system of algebraic
equations

Ax* = L. (A.16)

In order to give a weak formulation of particular elliptic problems involving differential
operators one needs appropriate function spaces. In what follows we shall introduce Sobolev
spaces H*(Q2), k > 0 integer, and summarize some of their basic properties. Before doing
that let us specify a class of domains in which function spaces will be defined.

DEFINITION A.2. Let Q@ C R” be a domain. We say that Q has a Lipschitz boundary 92
if there exist positive numbers o, 8 such that for each xo € <2 the Cartesian coordinate
system can be rotated and shifted to xq in such a way that the following statement holds:
Let

A= =01, ., x521), Ix| <a@Vi=1,...,n—1}

be an (n — 1)-dimensional open cube. Then there exists a Lipschitz functiona : A,_; — R
such that points (x', a(x')) € 3Q, x" € A,_1. In addition, all the points (x', x,) such that
x" € Apyand a(x") < x, < a(x’) + B are supposed to lie inside Q and all the points
(X', xn), X' € Ap—y, a(x")~B < x, < a(x’), are supposed to lie outside Q (see Figure A.1).

The system of all domains in R* with the Lipschitz boundary will be denoted by
N1 Throughout the whole book we shall use domains Q € N'*!. We start with spaces of
continuous and continuously differentiable functions in € N1,

ByC k), k>0 integer, we denote the space of all functions whose partial derivatives
up to order k are continuous in 2 and are continuously extendible up to the boundary 4<2.
The space C*(RQ2) endowed with the norm

vl cr s, := max max | D*v(x)|
D o<k xer

is a Banach space. Here we use the standard multi-index notation for partial derivatives: If
o = (oy, ..., ), &; = 0 integer, is a multi-index, then D%v(x) := «')""'v(x)/ax‘l"1 RS i

where |a| = Y I o; is the length of «, with the following convention of notation:
D%(x) := v(x) Vx, C(R) := C°(R). Further we define

00
C*@) = C* @,
k=0
Cy° (Q) = {v € C®(Q) | v vanishes in a neighborhood of 32}.

By C%1(Q2) we denote the space of all Lipschitz continuous functions in .
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Next we introduce Sobolev spaces. Let L2(2) stand for the Hilbert space of square
integrable (in the Lebesgue sense) real functions in €2 endowed with the norm

vllo.g = // v2dx, veL*(Q). (A.17)
Q

IfI' € 92 is a nonempty open part in 32, the symbol L(I") stands for the space of square
integrable functions (in the Lebesgue sense) on I" equipped with the norm

flvllo,r := /vzds. (A.18)
VJr

The space of all measurable and bounded functions in £2 will be denoted by L*°(2). Itis a
Banach space with the norm

vllo,c0,0 = icggc, (A.19)

where inf is taken over all ¢ > 0 satisfying |v(x)| < ¢ almost everywhere (a.e.) in Q.
Let f € L*(Q) and @ = (a1, ..., @) be a multi-index, || > 1. A function g, :
2 — Ris said to be the ath generalized derivative of f iff the integral identity

/ fD%dx = (—1)* / gapdx (A.20)
Q Q

holds for any ¢ € C{°(2). From (A.20) it easily follows that if such a g, exists, then
it is unique. This makes it possible to use the same symbol for generalized and classical
derivatives, i.e., to write D¥ f instead of g,.

The Sobolev space H*(2) of order k, k € N, is defined as follows:

H*(Q) = {v e L¥(Q) | D*v € L*(Q) V|a| < k}; (A.21)

i.e., H*(Q) contains all functions from L?(2) whose generalized derivatives up to order
k are square integrable in Q. From the definition it easily follows that H* () is a Hilbert
space with the scalar product

o=y f D*uD%vdx (A22)
Q

lei<k

and the norm

vk 1=\‘ Z /Q(D"‘v)2 dx. (A.23)
leel<k

The expression

kg = J > / (Dv)? dx (A.24)
lo]=k Y &

defines the seminorm in H*().
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By H*®(Q), k € N, we denote the following subspace of L% (£2):
H*®(Q) = {v e L®(Q) | D*v € L®() V|a| < k}
equipped with the norm

1vllk,00,2 := max [| D*vll0,00,2 (A.25)
lo|<k

and the seminorm

[Vl 00,02 ' = max | D%vllo,c0,2- (A26)

In what follows we collect basic properties of the Sobolev spaces.

THEOREM A.3. (Density result.) The space C*(Q) is dense in H*(Q2), k € N, Q € N1,
with respect to (A.23).

THEOREM A.4. (Trace theorem.) There exists a unique linear compact mapping T of
HY() into L2(3Q), Q@ € N, such that Tv = v}sq for any v € C®(Q).

REMARK A.2. T is the trace mapping and its value Tv at v € H!(S) is called the trace > of
v on 9€2. The trace mapping is an extension of the classical restriction mapping from C(£2)
into C(9L2). Instead of T'v we write simply v.

THEOREM A.5. (Rellich.) The embedding of H*(Q) into H*"1(Q), k e N, Q € N%1, is
compact with the following convention of notation: H°(Q) := L%().

COROLLARY A.I. From v, — v (weakly) in H*(Q) it follows that v, — v in H*"1(Q),
keN, QeNOL

To formulate elliptic problems with Dirichlet boundary data one needs appropriate
subspaces of H¥(Q), k € N. Let I' C 32 be a nonempty, open part in 3Q. We define

V={ve HY(Q) | D*v=00nT Via| <k — 1}; (A27)

i.e., V is a subspace of H*(2) containing all functions whose derivatives up to order (k — 1)
vanish on I' in the sense of traces. In particular if I' = 3€2, then we use the symbol Hé‘ ()
instead of V. The following density result holds for the space Hé‘ (Q), k=1,2.

THEOREM A.6. Let Q € NO1, Then
HY Q) =CPQ) fork=1,2,
where the closure is taken with respect to (A.23).

REMARK A.3. The same result holds forany k£ € N, k > 3, provided that Q has a sufficiently
smooth boundary.
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Functions belonging to H*(2), k € N, are more regular compared with those from
L%(R2). In particular one may ask whether for some k the space H*(S2) is embedded into a
class of continuously differentiable functions. The answer is given as follows.

THEOREM A.7. (Embedding theorem.) Let Q € N®L Q ¢ R*. Then H*(Q) is compactly
embedded into C*(2) provided that k — s > n/2, k,s € N. In addition, there exists a
constant ¢ > 0 such that

vl < clvline Yo e HYQ). (A.28)

In what follows we restrict ourselves to k = 1. Let v € H(Q) and fz;e N1 be
a domain containing Q € N1, Then one can construct a function ¥ € H!(S) such that
v =vin Q and

1Pl < cllvllLe Yve H(Q) (A.29)

with a constant ¢ independent of v. A function ¥'is called an extension of v to Q. We write
¥ = pav, where pq denotes the linear extension mapping from H'(S2) into H' () whose
norm is bounded by the constant ¢ > 0 in (A.29). This constant may, however, depend on a
particular choice of € %!, Below we define a class M of bounded domains in R” such
that the norm of pg can be bounded independently of 2 € M.

Leth > 0,6 €]0, Z[,and & € R", ||| = 1, be given. The set

CG,0,h) ={xeR"| (x,§) > llx|lcosd, |Ix]| <h}
is called the cone of angle 6, height &, and axis &.

DEFINITION A.3. A domain Q C R" is said to satisfy the cone property iff there exist
numbers@ €10, Z[, h > 0, r €]0, h/2[ with the property that¥ x € 3Q23C, := C(&,,0, h)
such thatVy € B,(x) N Q2 the set y + C, C Q (see Figure A.1).

It can be shown that 2 possesses the cone property iff Q € NP1 (see [CheT5)).

DEFINITION A.4. Let D C R* be a bounded domain and 0 €10, #/2[, h > 0, 7 €]0, h/2[
be given. The set of all domains contained in D and satisfying the cone property with the
numbers 8, h, ¥ will be denoted by M(©, h, 7). We say that the system M8, h, 7) contains
domains satisfying the uniform cone property.

Let @ € N! be such that & D @ VQ € M@, &, 7). The domains Q € M@, k, 7)
possess the uniform extension property as follows.

THEOREM A.8. There exists an extension operator pg : H™(Q) — H'”(ﬁ), m € N, and
a constant ¢ > 0 such that

”pQ”C(H”‘(Q),H"‘(ﬁ)) <c VS e M(G, E, F)
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Bl x +C,

Figure A.1. Cone property.

For the rather technical proof of this result we refer to [Che75].
LetT" C 9Q be a nonempty, open set in 9$2 and denote

vl = \/flelzdx+/ v2ds. (A.30)
Q r

It is readily seen that || - §|; o, defines anormin H 1(£). A less trivial result says that || - | 1,9
and || - I, o are equivalent.

THEOREM A.9. There exist constants c1, ¢z > 0 such that
cillvlie = llvlle < c2lliviine (A.31)
holds for any v € HY(Q).
A direct consequence of (A.31) is as follows.

THEOREM A.10. (Generalized Friedrichs inequality.) Let V be defined by (A.27) with
k = 1. Then there is a constant ¢ > 0 such that

clvline < Ivh,es veV. (A.32)

REMARK A 4. If ' = 92, then (A.32) is called the Friedrichs inequality, which is valid in
Hé‘ (R2) for any k € N: there exists a constant ¢ > Q such that

cliviee < vlka

holds for any v € HX(Q).

We now turn to weak formulations of linear elliptic equations in & € N'*! involving
the second order elliptic operators. We use the summation convention again.
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Let 3 3
u
Au = ™ (a,, 37‘1) —+ agu
be such that the coefficients a;;, ao of A satisfy the following assumptions:

aij, a0 € L (Q) Vi, j; ap>=0ae. inQ; (A.33)
Ja =const. > 0: a;;(x)§&; > aki&aeinQ VEeR" (A34)

With A we associate the bilinear form a : H(Q) x H'(Q) — R defined by

du d
a(u,v) = /a,lau 8;} dx +f apuvdx. (A.35)

From (A.33) it follows that @ is bounded in H'(2). Let us check (A.2):

ov a
a(v,v) = / a;— P e 6 v —dx +/ agv’dx > alvlfQ Yy € HY(R), (A.36)
X; ’
taking into account (A.34).

Let V be defined by (A.27) with k = 1. Then from the generalized Friedrichs
inequality and (A.36) we see that a is H'(2)-elliptic in V. For the same property in the
whole space H'!(2) one has to suppose that there is a positive constant @ such that

a(x) >a > 0ae.in Q. (A.37)

If this is so, then a(v, v) > min(a, )||v||} o Vv € H(Q).
Let ' C 32 be a nonempty open part in 9Q; T'; = aQ\T; and f € L*(RQ),
g € L*(T';) be given functions. We set

{£, v) :=/ fvdx+/ guds (A.38)
Q r‘1

(note that if I' = 9€2, then the integral over I'; is not present). From the trace theorem it
easily follows that £ € V’. We now define the linear elliptic problem {V, a, £} with V, a,
and £ defined by (A.27), (A.35), and (A.38), respectively.

Il =03, then V = Hol (£2) and we obtain the homogeneous Dirichlet boundary
value problem in Q. If I’ C 9Q, I' # @, then {V, a, £} defines the mixed Dirichlet—
Neumann boundary value problem in §2. Finally, if ' = @ then V = H!(2), corresponding
to the Neumann boundary condition prescribed on the whole boundary 9. To ensure the
existence and uniqueness of a solution in the latter case we suppose that (A.37) is satisfied
(observe that this condition is not needed when I" # @).

In the remainder of this appendix we briefly describe the simplest finite element spaces,
which have been used throughout the book to approximate second order elliptic problems.
We restrict ourselves to a plane case.

Let Q2 C R? be a polygonal domain and 7y, be its triangulation; i.e., $ is the union of a
finite number of closed triangles T with nonoverlapping interiors whose diameters are less
than or equal to 4. If T, T> € Ty, are two different triangles with a nonempty intersection
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T’, then T" is either a common vertex or a common edge. In addition 7, has to be consistent
with the decomposition of dQ into ' and I'; = dQ\ T; i.e., the boundary nodes of I" in 32
belong to 7,. Let 6y(h) be the minimal inner angle of all triangles T € T,. We say that a
family of triangulations {7}, h — O+, is regular iff there exists a positive number 6y such
that 8p(h) > 6y Vh > 0 (the so-called minimal angle condition for {7}, A — 0+). With
any T, we associate the following space of continuous, piecewise linear functions over 7y:

Xn={vi € C(Q) | vy € P(TIVT € Th}.

_Ilis easy to prove that X, € H'(R2). Denote by N, the system of all the nodes of 7, in
Q. If v € C(Q), then there exists a unique function rpv € X), called the piecewise linear
Lagrange interpolant of v such that

rv(Ai) = v(A;) YA; €N,
This function enjoys important approximation properties as follows.

THEOREM A.11. Let (T}, h — O+, be a regular system of triangulations of Q. Then
there exists a constant ¢ > 0 that does not depend on h such that

lv—ravliLe < chlvlg (A.39)

holds for any v € H*(0). If v € H' (), then there exists a sequence {v;)}, vy, € Xp, such
that

lv —villig =0 ash— 0+. (A.40)

Let V be a subspace of H!(2) defined by (A.27) with k = 1. Then
Vi={vneXy|vi=00onT}=X,NV

is a finite element space discretizing V. If v € H*>(Q) NV and {73}, kh — 0+, is a regular
system of triangulations consistent with the decomposition of §Q into [ and I'y = aQ\ T,
then rpv € V;, and the error estimate (A.39) holds true. Also (A.40) remains valid in
problems we meet in industrial applications.

As we reach the end of this appendix we briefly describe finite element spaces made
of quadrilateral elements used in our computations.

Let Ry, be a partition of Q into a finite number of closed convex quadrilaterals R
satisfying the same conditions on their mutual position as triangles of 7, and such that
diam R < h VR € R;.

Let K = [0, 1]? be the unit square and O, (I? ) be the space of all bilinear functions
defined in K. Under appropriate assumptions on the geometry of R one can prove (see
[Cia02]) that R = Fg(K), where Fy is a one-to-one mapping of K onto R and Fy €
(O (I? ))2. This makes it possible to introduce the following set of functions defined in any
R e Ry:

QR ={geC® |37 Q1(K): g=Fo Fy'},
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where K = F 7 L(R) (observe that Q1 (R) no longer contains bilinear functions unless R is
a rectangle). With any R, the following finite dimensional space X; will be associated:

Xp = {vh € C(Q) | vniz € Q1(R) VR € Ry}.

Functions from X, are uniquely defined by their values at the nodes of R;,. Under appropriate
assumptions on the system {Rz}, & — 0+, one can prove that the respective Lagrange X,
interpolant satisfies (A.39) (for details see [Cia02]).
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Appendix B

On Parametrizations of
Shapes and Mesh Generation

B.1 Parametrization of shapes

In order to realize numerically discrete shape and sizing optimization problems one has to
first find a sujtable parametrization of admissible shapes using a finite number of parameters.
In shape optimization with a discretized state problem it would seem that the most obvious
choice is to use the positions of boundary nodes of a partition into finite elements as design
parameters. For linear triangular elements this would mean that the boundary is represented
by a piecewise linear curve. This choice, however, has many drawbacks, such as the large
number of design variables and the need for additional constraints to keep the boundary
regular enough.

Let the domain 2(«) be as in Figure 2.2. The number of design variables can be
reduced by representing the unknown part of the boundary as the polynomial

d
a(t) = Za,-t"-l. (B.1)
i=1

The advantage of this parametrization is its simplicity and the smoothness of the resulting
curve. Unfortunately the coefficients in the power basis form (B.1) contain practically no
geometric insight into the shape of Q (). In addition the implementation of constraints
such as omin < & < oy is very cumbersome. To overcome these difficulties we adopt a
technique used in computer graphics and computer-aided design for the parametrization of
shapes.

Bézier curves were introduced in the 1960s by P. de Casteljau and P. Bézier while
working in French automobile companies to design complicated curves and surfaces defining
car parts. In what follows we briefly present the properties of parametric Bézier curves in R2.

Let B, i =0, ..., n, denote the Bernstein polynomials in [0, 1] defined by

B () = (?)ti(l -, tel0,1]. (B.2)

257
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\ b3

b \ -7
0 \b2 _
N -7

'~

Figure B.1. A Bézier curve (solid) and its control polygon (dashed).

Bernstein polynomials enjoy the following useful properties:

B"(t) =0 vrelo,1l; (B.3)
B ={" 1*% @y ={> TE" (B.4)
1, i=0, 1, i=mn;

Y. BP@®)=1 vrelo,1]; (B.5)

j=0

d w @=1) (n—1)

d—tBi (t) =n(B;Z; (1) — B, (t)) vrel0,1]. (B.6)
Let by, by, ..., b, € R? be a set of given control points. The broken line defined by

the control points will be called a control polygon (see Figure B.1). We define a parametric
Bézier curve b : [0, 11 — R? of degree n as a linear combination

n

b(t) =Y _b;B (). B.7)

=0
Due to (B.3)~(B.6) Bézier curves possess several interesting properties:

(i) b is axes independent,; i.e., it is independent of the coordinate system defining the
location of the control points;

(ii) b interpolates the endpoints of the control polygon: b(0) = by, b(1) = b,;
(iii) b has the convex hull property: b(t) € conv{bg, by, ..., b,} ¥Vt € [0, 1];
(iv) b is variation diminishing: the curve b has fewer intersections with any straight line
than the control polygon;
(v) derivatives of b at the endpoints are given by

b'(0) =nb1—bo), V(1) =nb, —ba1); (B.83)

i.e., the curve b is tangential to the vectors b; — by and b, — b,_; at the initial and
endpoints of the curve, respectively.



B.1. Parametrization of shapes 259

Figure B.2. Piecewise quadratic Bézier curve possessing C'-continuity at the joint.

Let us consider the simplest case in which the curve is represented by the graph of a
function « : [0, 1] — R (see Figure 2.2), where « is a linear combination of the Bernstein
polynomials

@)=Y o;B(), «;€R. (B.9)
j=0

Then « is termed a Bézier function of degree n. In this case one can consider («;, j/n) €
R?, j =0,...,n, as the control points of «, and {a i¥}=o as the discrete design variables
characterizing the shape of Q2 ().

From Chapter 2 we know that admissible functions « defining the part of the boundary
subject to optimization are supposed to satisfy at least the following constraints: oy <
a(t) < omax V1 € [0,1] and |&'| < Lg almost everywhere in 10, 1[. Let us find out how
to restrict the coefficients ; in (B.9) in order to satisfy these constraints. If omin < o <
®max, j =0, ...,n,then the convex hull of the points («;, j/n), j =0, ..., n,is contained
in [ogin, @max] X [0, 1] and thus (@(t), t) € [min, ¥max] X [0, 1] for any ¢ € [0, 1]. From
(B.6) it follows that the derivative of « is given by

n n—1
0= ;BP0 =n (@1 -e)NBI V@)

j=0 j=0
If lojy1 —ajl < Lo/n, j=0,...,n—1,then

n—1 n—1
_ 1 _
Ol <n ) laj ~ BT @ <n ) ~LoB]" () =Lo Vt€[0,1]
Jj=0 j=0

using (B.5). Thus in order to satisfy the previous two constraints with functions « for all
t € [0, 1] it is sufficient to satisfy them with the discrete design variables {o;}]_.

The degree of the polynomial defining a Bézier curve increases as the number of
control points increases. To avoid excessive high order polynomials one can piece together
several low order Bézier curves. Using simple geometric rules for the positions of control
points, continuity at joints can be guaranteed. To achieve C°-continuity at a joint, it is
sufficient that the endpoints of the control polygons of neighboring pieces coincide. For
curves defined by quadratic or higher order polynomials one can achieve C'!-continuity by
requiring that the edges of two control polygons adjacent to the common endpoint lie on a
straight line (see Figure B.2).
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Piecewise kth order Bézier curves with C*~!-continuity, k € N, across joints are
called B-spline curves. For different ways of constructing them we refer to [Far88], [dB78].
B-spline curves share the good properties of single Bézier curves. In addition there is a very
important property called the local control. By changing the position of one control node of
a single Bézier curve we affect the whole curve. On the other hand by changing one control
point of, e.g., a quadratic B-spline curve, we affect at most three curve segments.

B.2 Mesh generation in shape optimization

A finite element mesh is called structured if all interior nodes of the mesh have the same
number of adjacent elements. In an unstructured mesh any number of elements may meet at
asingle node. Triangular (tetrahedral in 3D) meshes are mostly thought of when referring to
unstructured meshes, although quadrilateral (hexahedral) meshes can also be unstructured.

Structured meshes are usually simpler and faster to generate than unstructured ones.
On the other hand, it can be very difficult to construct a structured mesh for a domain having
a complicated shape. Furthermore, a structured mesh may need many more elements than
an unstructured one for the same problem because the element size cannot vary very rapidly.
The advantage of structured meshes in the framework of optimal shape design consists of
the fact that the nodal positions are smooth functions of design parameters.

Unstructured meshes are usually produced using Delaneu, advancing front, or quadtree
techniques. Structured mesh generations are based either on algebraic (interpolation) or on
partial differential equation (PDE) methods. The PDE approach solves a set of PDEs in
order to map the domain €2 onto another domain with a simpler shape (such as a rectangle).
For further details on mesh generation, see [Geo91]. In what follows we shall describe very
briefly a simple way to generate two-dimensional structured meshes using the algebraic
approach.

Assume that the domain 2 («) is given by

Q@) = {(x1, %) e R? | 0 < xy < a(x2), x2 €10, 1[}.

One can easily generate a structured mesh with 2m,m, triangular (or m,m, quadrilateral)
elements by defining the positions of the nodal points X;; of the mesh by

Xp=(—a(L), L), i=0,....my, j=0,....m,
my \my) my

If o is parametrized using (B.9), then X;; is given as a function of the discrete design
variables «;, s =0, ..., n, by the following explicit formula:

. n > .
[
Xij=(—D B (L) L.
M =0 My/ Ty

Thus the calculation of the matrix X’ needed in the sensitivity formulas (3.84)—(3.87) is

very simple:
Xy _ (—l~Bs(”) (J—) , o) . (B.10)
oo, my my
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Figure B.3. Domain defined by four parametric curves and meshed using transfi-
nite interpolation.

The previous technique can be generalized to the case when () is bounded by four
parametric curves o@ : [0,1] - R?, i = 1,...,4, with a®(0) = 4, a®(©0) = D,
a®(0) = A, «™®(0) = B, as shown in Figure B.3. The positions of the nodes of the mesh
can now be computed using the transfinite interpolation:

Xij = wiEDa® ;) + A — wiENa®P M) + wa(n))e® &)
+ (1 — wo (NP (&) — wiEw2(n;)C — wiE)(L — wa(n;))B
— (1 — w1 E)Dwa(n)D — (1 — wiE))(L — wa(n;)A,  (B.11)

where 0 = & < § < - <&, =1,0=m <n < -+ < Ny, = 1 are given and
wy, Wy : [0, 1] — [0, 1] are the so-called blending functions. A natural choice of blending
functions is to take wy(§) = &, wa(n) = 1.

In practical shape optimization problems, however, it is not usually possible to repre-
sent admissible shapes by a simply connected domain bounded by a few parametric curves.
This difficulty can be circumvented by a sort of multiblock approach: the domain is di-
vided into a set of design elements bounded by, e.g., parametric Bézier curves. Some of
the control points defining the curves are allowed to move in order to deform the shape of
the domain. Each design element is meshed separately using the algebraic technique. It is
necessary to ensure that the meshes in neighboring design elements are compatible on the
common boundary; i.e., when the separate meshes are patched together an adequate mesh
of the whole structure is produced.
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