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Abstract. A robust optimization method is developed to overcome the single point optimization
problems; the latter techniques produce solutions that perform well in correspondence of the
design point but have poor off-design characteristics. In this paper we show how it is possible
to set an airfoil optimization problem in transonic field to achieve robust solutions in the sense
that the solutions are as less insensitive to little changes of the input parameters as possible. For
illustration purposes, the Robust Design Optimization is used to solve a lift maximization-drag
minimization problem for a two dimensional (2-D) airfoil in Navier-Stokes flow, introducing
the stability of the solution as objective function. MOGA (Multi Objective Genetic Algorithm)
is used to solve the Robust Design Optimization. To reduce the number of the high fidelity
disciplinary analysis necessary in order to apply Robust Design, a statistic interpolator method
known as Kriging is used to define the response surfaces (RS).
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1 INTRODUCTION

Multidisciplinary Design Optimization (MDO) is achieving more and more agreement in the
aerospace community. For example, during the ����� AIAA conference a session for the use of
MDO in industry was organized. For these reasons, many new optimization methodologies, re-
quired by industry, have been developed. In particular, the optimization methodologies capable
to find stable solutions, is continuously raising importance for the industry. The name of this
new optimization method is Robust Design.

The need for Robust Design method appears in many contests. During the preliminary design
process, the exact value of some input parameters is not known, consequently the aim is try to
look for a solution as less dependent as possible on the unknown input parameters. An other
important concern in the optimization problem is to find out a solution that is insensitive to
small manufacturing process errors or fluctuations in the operative conditions: in fact traditional
single-point optimization tends to ”over-optimize” the solution, giving not stable final design.

The present paper shows a new optimization method that look for solutions which are in-
sensitive to fluctuations of the operative conditions. Starting from the statistical definition of
stability, the method finds, at the same time, good solutions for performance and stability. In
order to develop this method, a real multi-objective approach has been performed. A multi Ob-
jective Genetic Algorithm (MOGA) has been used in the optimization phase, while an iterative
approach has been developed to minimize the number of high-fidelity analysis.

The proposed methodology has been used in an airfoil optimization problem with variabil-
ity in the flight speed and angle of attack under transonic conditions. We choose this problem
because it is well known that the answer of this system with fluctuations of the operative condi-
tions is highly non linear cause of the presence of shock waves.

2 MULTI OBJECTIVE ROBUST DESIGN OPTIMIZATION

In many industrial applications, some values of the input design parameters are not known
or it is impossible to know the exact value. For example, uncertainties could characterize some
geometries entities (lengths, relative positions, angles ...) that concerns to the problem studied.
Many times the operative conditions are not fixed, but there is the presence of fluctuations: in
turbomachinery the mass flow rate, the inlet pressure, or in aeronautic, the flight speed, the
angle of attack, the air temperature, etc. For these reasons many input parameters are known
by the mean value and the variance (Figure 1), and the gaussian theory is used to define the
stability of the solution under the uncertainties of the input parameters.

When there is the presence of fluctuations in the operative conditions, it is important to
define the stability of one solution because a traditional optimization approach could tend to a
problem of ”over-optimization” (Figure 2), giving high performances solutions corresponding
to the design point, but with poor off-design characteristics.
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Figure 1: Gaussian probability of a input parameter under uncertainties

Figure 2: Comparison of single-point optimization (solid line) and robust optimization (dashed-line)

Many numerical methods have been developed to optimize the design under uncertainty of
the input parameters: [2], [3], [6], [7].

The method [3] is not deeply related to optimization field; it identifies designs that minimize
the variability of the performance under uncertain operating conditions, so it is a procedure a
posteriori; [2] uses an optimization method developed from a multi point approach; for the drag
reduction of an airfoil, the objective function is:

min

�� � 	�
�
��������� ������� ��� (1)

where �
�
are arbitrary weights,

�
is a set of � airfoil geometric design variables and � � is the

drag coefficient. The problem of this formulation is that the result of the optimization depends
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on the choice of the weights �
�
, that normally are hardly to define.

In [7] a new optimization method has been shown, based on the definition of a performance
function, defined in the entire space of the fluctuation conditions; for the same case of [2]

min �! �����"� �#�$��� �&%  � � �'� � (2)

where

%  � � �
is the probability density function which, in this case, depends only on the

Mach number. With this method [7] shows how it is possible to find a more stable airfoil,
referred to drag coefficients, when there are fluctuations in the Mach number.

In all previous works it is possible to observe that a mono objective approach has been used,
where the performance (

�(�
) and the stability (the weights �

�
, the probability density function

%  � � �
) are joined in an unique objective function. For this reason after the optimization phase,

the designer can get only one solution, without choice between different designs with different
performance and stability.

In this paper, a new method for a robust design optimization is shown. The main idea is
to use a multi objective approach to reach the best possible compromise between performance
and stability of the design. Whit reference to Figure 3, it is possible to note that the function
has an absolute extreme and a relative extreme respectively corresponding to the coordinates) 
 and )+* ; in this case the uncertainties could be represented by the tolerance , in the input
parameter ) . Obviously a standard optimization, without fluctuations, would find out the point) 
 . With a robust design optimization (tolerance , ) two different objectives have to be consid-
ered: mean performance and stability of the solution. Considering the mean performance, the
best configuration would be represented by the point ) 
 , since the mean value of the function,
inside the tolerance , (regarding the point ) 
 ), is the highest. For the stability, that corresponds
to an evaluation of the variance of the function

%-� ) � inside the field , , the best configuration is
represented by the point )�* , because the function is characterized by a lower variability inside
the tolerance corresponding to the point )�* .

Consequently it is interesting to observe that when a Robust Design optimization is perform-
ing, it is possible that the more stable region doesn’t correspond to the more performing one. So
to perform an optimization under fluctuations the best way is to define two different objectives
for every function to optimize: the mean value of the function and the variance of the same
function. In mathematical terms:

max

%-� ) �#. �/%1032 �54 2
6 � ) �"�87 
9 *;:=<�>@?BA8CED@FGD >�HJIK I> (3)

max

%MLONQP � 7 R%S7UTWVX 	�
OY >V
min . Y 7 TWVX 	�
[Z Y > A]\Y�^ IV A 
 (4)

where in Eq.(3) . � are the fluctuations which, in this case are modelled by the gaussian
theory. In (4) a discrete formulation is adopted for the mean value

R%
and the variance . Y because
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Figure 3: Function with 2 extremes: _a` absolute no stable extreme, _�b relative stable extreme

dealing with engineering problems it is hard to adopt continue formulations. So the problem of
an optimization under uncertainties becomes a Multi Objective Optimization problem where the
objectives are stability and performance. As optimization algorithm a Multi Objective Genetic
Algorithm (MOGA) has been adopted since it is know ([1],[8]) that this is the best methodology
to solve a real multi objective problem without using a weighted function as:

max

%Mcd7
� 


R%fe
� * . Y (5)

in fact it is tricky to know the exact values of the weights �
�
, and this is the reason by which

it should be better refer to the MOGA approach .
It is interesting to note that after the optimization phase, the designer does not get only one

solution (as [7]) but a set of solutions (Pareto Front) that represents the best possible com-
promise between the different objectives. An example of a Pareto Front for a Robust Design
Optimization could be observed in Fig. 4; inside the Pareto Front it is possible to choose dif-
ferent compromises between performance and stability, with more flexibility than a standard
optimization, where the solution is unique without choice between the objectives.

It is important to underline that is possible to face a wide range of problems with the Robust
Design approach (small manufacturing process errors, fluctuations in the operative conditions,
unknown input parameters, etc.). The method is also extendible to more than one function to
optimize, for example it is possible to improve the lift and drag of an airfoil with fluctuations in
the flight speed, without the need of a weighed function to tie the two different performances.

To apply Robust Design there is the need of many computations, according to the definitions
of average values and variance; the use of a Navier-Stokes solver Robust Design could be very
expensive, even in a two-dimensional approach. A method that allows to reduce the number of
the high fidelity analysis has been proposed.
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Figure 4: Example of a Pareto Front for a Multi Objectives Robust Design Optimization

3 THE KRIGING METHOD

The Kriging method is interesting for the evaluation of the Response surfaces; it is an accu-
rate method, it is not too much expensive in computational terms and it is possible to implement
an adaptive method. There are several typologies of the Kriging method and in this paper we
take care of the Ordinary Kriging to build a response surface through a predefined data base
(training data) and an Adaptive Kriging to minimize the extrapolation error of the response
surface.

The Kriging Method is a statistical method; the aim is to minimize the standard deviation
values between the real design values and the extrapolated ones. The Ordinary Kriging is a
weighted linear combinations of the available samples [9]:%hgji �Jkl� � k 7U%�m[�on) �"�[7 �� � 	�
jp

�q%G�
(6)�� � 	�
jp

�h7sr
(7)

p
�

= weights
% m �tn) �u� = estimated value

%G�
= i-th observed function valuev = number of the observed function values

Assuming that all the true values of the function ( v �lP � P values) are known, the error of i-th
estimate w m , is the difference of estimated and true value at the same location:w mx7y%�m8�tn) �"�jz{%f�+n) �"� (8)
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The average error of a set of v �lP � P estimates is:

� �=|"}�~�} 7 r
v �lP � P � |�};~�}� � 	�
 w

�
(9)

Thus it is possible to define the error variance as:

. *N i;i��Qi 7 r
v �lP � P � |�}�~�}� � 	�


� w �+z � � |�}�~�} � * (10)

Unfortunately, we cannot use the previous equation because the true value

%f�+n) �"� of the i=1,., v �lP � P
are not known. In order to solve this problem, we apply a stationary random function that con-
sist of several random variables, F

� ) �"��� x � is the location of observed data for i=1,., v �'P � P . In this
way it is possible to define the error variance as:�. * N i;i��Qi 7 �. * e � |"}�~�}� � 	�
 � |"}�~�}� X 	�
 p

�
p
X �]��� X z{� � |"}�~�}� � 	�
 p

�u�]��� �OeW����� � |"}�~�}� � 	�
 p
�+z�r��

(11)�. * is the covariance of the random distribution and we assume that all of our variables have the
same variance;

�
is the Lagrange parameter [9]. In order to get the minimum variance error, we

calculate the partial first derivatives of the Eq. (11) for each weight, and set the result to 0. In
order to minimize the standard deviation error

�. * N i;i��Qi we compute :� � �. *N i;i��Qi �� p
� 7y� �=|"}�~�}� X 	�
(p

X �]��� X z����]��� �Oe��B�d7y� �O7�r ��������� v �'P � P (12)

We can get each weight p
�
through the equation 12. At this point we can estimate the i-th value.

The equation 12 can be written in matrix notation as:���������� ���������
p 
��

�"� 
 � 
 ��e p * �
��� 
 � * ��e ����� e p � m �

��� 
 � � m ��eW��7 � ��� 
 � ���p 
��
�"� * � 
 ��e p * �

��� * � * ��e ����� e p � m �
��� * � � m ��eW��7 � ��� * � ���

...

...

...p 
��
�"� � m � 
 ��e p * �

�"� � m � * ��e ����� e p � m �
�"� � m � � m ��e���7 � �"� � m � �#�

(13)

where
� mT� 	�
 p

�h7sr
nk=nearest observed values to the estimated value
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In the linear system,

�3��� X
is the distance between the coordinates of the i and j observed values

(that belongs to the data base) and

�a��� �
is the distance between the coordinates of the observed

value i and the estimated value 0; � is the covariance function that can be defined in several
ways: rM�

linear � ��� �[7¡�o����
spherical � ��� �87£¢ � �je � 
 �'r ��¤ � P z�� ��¤ � � P �l¥�� if ¦E§j¦�¨ a� �je � 
 if ¦E§j¦�© 0ª �
exponential � �"� �87 � �je � 
$« r¬z ? )36 « A ¥� � P¯®�® � (14)

Where h is the distance between estimated location and observed location. The a value is
called Range [9]. In the following case the linear covariance function will be exploited since it
doesn’t need any additional parameters like

� � � � � 
 � .
3.1 ADAPTIVE KRIGING

Generally the response surfaces are evaluated through a predefined data base but it is not
possible to know where the estimated function has the biggest differences comparing it with
the real function. With Kriging, by means of the variance associated to each estimated value, it
is possible to define, in a probabilistic way, the error between the real value and the estimated
one. In this way the data base will be updated through the minimization of the extrapolation
error. It is possible to understand that the extrapolation of the function can be evaluated by
means of data bases defined through adaptive way. The extrapolation of the function will be
made step by step, starting from an initial data base (4 or 5 values) which will be updated by
new values according to the highest variance value belonging to the estimated values; it is easy
to understand that through the adaptive method, we find the best combination of the values to
supply to the data base, in order to obtain extrapolated functions that are characterized have as
less extrapolation errors as possible.

From the Eq. (11) it is possible to state:%tm[�tn) �"�[7 � m� � 	�
-p
�u%M�°e . (15)

with a probability of 95%

From the (12) it is possible to state:

. * 7 � m� � 	�
Op
� � ������� ���±e��

(16)

The evaluated function will turn out less accurate where . has the highest value, and the data
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base will be up-dated with the correct value of the function corresponding to the coordinates
referred to . .

It is possible to define 3 different indexes through which establish where the extrapolation is
less accurate:²�³ 7 ¦ % m . ¦ : referring to the absolute error;²�³ 7 ¦ <Y;´ ¦ : referring to the relative error;²�³ 7 ¦ . ¦ : referring to the lack of information (cross validation);

4 TRANSONIC AIRFOIL DESIGN

It is possible to demonstrate the concept of Robust Design using a 2-D airfoil shape opti-
mization problem. It has been observed [5] that minimizing drag at a single design point has
unintended consequences at nearby off-design points. Hicks and Vanderplaats demonstrate that
a direct optimization approach that minimizes drag at one mach number (e.g., M=0.75) actually
increases drag at nearby Mach number (e.g., M=0,70). To avoid this consequence the airfoil
drag minimization problem could be faced by means of an inverse optimization approach but
the final result could bealmost the same of the single point design [7]. During the preliminary
design process the exact value of the input parameters is not known. Paying attention to a sin-
gle point airfoil optimization, the project point is fixed (e.g., � 7µrB¶

and M=0.8). Due to not
determinist events (like gusts of wind, atmospherics turbulence, instable conditions of flight,
maneuver inaccuracy, ...), the project point can be considered slightly fluctuating, consequently
it should be rational to consider a range of operating conditions instead of a single project point
(e.g., � 7µ� ��·¹¸ � � �3� ¤ , � 7ºrG¶ ¸ � �J¤ ¶ ). The relationship between wave drag and free flow
velocity is quite non linear for high subsonic design Mach numbers and the position of the pos-
sible shock waves can change quickly as soon as the operating conditions changes ( � and M):
for this reason by means of the single design point or inverse design approach it is possible to
find airfoil shapes which are advantageous corresponding to the project point but characterized
by poor performances in the neighborhood of it.

A way to obtain solutions whose have good performances at nearby off-design point is to
consider the stability of the solution as objective function. In order to understand what is the
meaning of the stability of the solution for the specific studied case, it is possible to consider
how the � � value of an airfoil shape changes inside the defined dominion of � and M: the less
the function of the � � values defined inside the specified dominion is variable and the more
the solution is stable. The stability of one solution is associated to the standard deviation of
the � � values evaluated, so we focus our attention to the behavior of the � � function inside an
variability range of � and M. In the optimization process studied in this paper the objective
functions considered are the average values and the standard deviation values of the �G» and � �
functions. The Multi Objective Robust Design Optimization can be defined in the following
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way:

�¡¼x½ �"¾�¿ � ³ À � % X 7 �T� 	�
 %G�°�Mn) �v (17)

considering the averages values of �Á» and c

�
functions ( �Â» , � � );

� ³ À . Y X 7 ÃÄÄÄÅ �T� 	�
�Æ %M�tz % XÂÇ *� v z�rG�
(18)

regarding the standard deviations of �Á» and � � functions ( È-ÉËÊÌ�Â» , ÈjÉËÊÌ� � ); %M�°��n) � can be de-
fined as

%M�0a2 �¹Í 2 � %M��� ) 
 � )+* �=�����=� ) � � of n variables that represents the generic value of �=» or� � inside the defined dominion, and the vector Î ) 
 � )+* �=�����=� ) �BÏ refers to the parameterization that
defines the airfoil shape. We consider four objectives and MOGA is used to solve the Robust
Design Optimization.

In the optimization process shown in this paper the achievable configurations have been
determined by modifying an initial baseline configuration that correspond to the supercritical
airfoil RAE2822 designed by the Royal Aircraft Establishment. The present research uses the
Navier-Stokes CFD analysis code and in particular the MUFLO code and AIRFOIL [4] as
mesh generator have been used. The Reynolds number is set to Ð ? 7Ñr ��¤ÓÒ r�� Ô . Regarding the
parameterization the baseline configuration has been modified exploiting two B-splines, one for
the intrados and one for the extrados (Figure 5).
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Figure 5: One of the possible meshes around the RAE2822 achievable with airfoil (left side) and parameterization
(right side)

In the optimization problem a geometric constraint is set: since the RAE2822 has an max-
imum thickness value slightly higher than the 12% of the chord length, in the optimization
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process the thickness is fixed to be higher than 11.95%. The RAE2822 was designed to have
the best performances at transonic speed (M=0.73) and low incidence ( � 7�� ¶

) but it has been
designed without consider the stability of the solution. The aim of the Robust Design Optimiza-
tion shown in this paper is to find an airfoil shape that behaves better than the RAE2822 within a
range of Mach number and angle of attack corresponding to � 7¡� � � ª ¸ � � � ª and � 7U� ¶ ¸ � ��¤ ¶ .
Altogether, according to the principles of Robust Design described previously, we take care of
four objective functions during the optimization process ( ��» , � � , ÈjÉËÊÌ�Â» , ÈjÉËÊÌ� � ); it is possible
to understand that setting the problem in this way, this becames heavy to face and it would need
a lot of fluid dynamics computations. In order to evaluate the objective functions through as less
fluid dynamics computations as possible an interpolator method known as Kriging is exploited
(as stated previously).
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Figure 6: Response Surfaces and real Õ'Ö and Õ'× functions of RAE by comparison

In Figure 6 the extrapolated functions (RS) by means the Kriging method and the reached
functions from 121 fluid dynamics computations are shown; it is possible to check the conver-
gence of the RS to the correct function as the number of the training data increases. To the left
side (Figure 6), the correct functions ( �=» and � � functions) and the RS evaluated exploiting the
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beginning five training data are shown; in the right side it is possible to remark the improve-
ment after further 4 training data. The general strategy to achieve the objective functions for
each configuration (airfoil shape) by means of the Kriging method consists of the following
steps:

(1) set an starting data base of 4 or 5 training data (evaluating CFD analysis);
(2) extrapolate the �Â» and � � functions by means of Kriging and evaluate the objective
functions ( �Â» , � � , È-ÉËÊÌ��» , ÈjÉËÊÌ� � ); get the location (star-location) of the extrapolated
value that is associated the highest deviation value (step 1 is concluded: from now itera-
tively);
(3) evaluate an CFD analysis corresponding to the star-location and update the data base;
(4) achieve the studied functions through the data base updated and compare the objective
functions of two consecutive steps; get the new star-location (step n);
(5) the process stops if the differences between the objective values achieved in two con-
secutive steps is lower than an defined error;

Paying attention to the preceding scheme it is possible to understand that thanks to the adap-
tive method, in automatic way, we can define the minimum number of training data to achieve
the best extrapolated function. The more complicate the function is and the more training data
we need in order to extrapolate a correct function. Facing any kind of problem we don’t know
how complex the function is, but through the adaptive method it is possible to recognize when it
is worth to apply many high fidelity analysis. Using an extrapolating method based on quadratic
function, for example, the only feasible thing to do would be to set a big data base in order to
try to get anyway a good Response Surface, but sometimes this approach could be a waste of
time and very expensive to apply.Ð ¼ÓØ � · ��� ��» � � ÈjÙ � ��» È-Ù � � � ? ¿�¿�Ú ÈjÙ � �Â» ? ¿B¿�Ú ÈjÙ � � � Ù ¿BÛa� v � v�Ü �aÛ Ù Û�¹Ý

0.677 0.0173

� � �BÞ Ò rG� A ¥ � � ��� Ò rG� A ßÐàÈ 0.671 0.0179

r � � r Ò rG� A ¥ r ��· � Ò rG� A ß � ª � � Ú rG� � �¹Ú ¤ÐàÈ 0.675 0.0179

� � � ·tÒ rG� A ¥ r ��á � Ò rG� A ß r ��· Ú ¤°� �¹Ú �ÐàÈ 0.674 0.0176

� � �°r Ò rG� A ¥ � � ��� Ò rG� A ß r � ª Ú ¨ rËÚ áÐàÈ 0.675 0.0176

� � ��â Ò rG� A ¥ � � ��� Ò rG� A ß ¨ rÓÚ ¨ rËÚ r�r
Table 1: Convergence of the objective functions as the number of training date increase and corresponding per-
centage errors of the ã!äqå=ÕlÖ and ã!äqå=Õ'×

In the Tab. 1 the objective function values concerning the correct function (CF) and the
response surfaces are reported: moreover the percentage errors of the standard deviations values
have been remarked, since these values are the hardest to get quite accurately. It is possible to
observe that the more training data to reach the response surface are exploited and the lower
the percentage error is. In particular it is possible to notice that good values of the objective
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functions have been reached quickly through 7 training data and the percentage errors are lower
or equal to 5%.

5 RESULTS

MOGA [11] (Multi Objective Genetic Algorithm) has been used to solve the Multi Objective
Robust Design Optimization of airfoils in transonic field and modeFRONTIER is the software
used to implement MOGA. The problem has been set with 40 individuals per generation and
16 generations. In Figure 7 the trend of the objective functions during the optimization process
is shown: it is possible to notice that the desirable trends have been reached. In particular it is
possible to underline that a remarkable improvement has been achieved regarding the standard
deviation of � � . In fact, the peculiarity to face an optimization of airfoils in transonic field
according to the principles of Robust Design, is to be able to look for stable solutions but at
the same time with as much performances as possible. In this case it is evident that even if
the RAE2822 was designed to have the highest performances achievable corresponding to the
operating condition considered, it has been possible to find more stable solutions especially
concerning the � � value. This result is directly linked to the high variability of the positions of
the possible shock waves that are present in transonic field as the operating conditions slightly
changes.

Having defined 4 objectives, the final solution will not be unique but will be a set of solutions
that are represented in the so called Pareto front. Fig. 8 compares the configurations that belongs
to the Pareto’s fronts of �Á» versus � � (left side) and ÈjÙ � �Â» versus ÈjÙ � � � (right side); it is possible
to check that the optimization has been completed with success: in fact note the position of the
RAE (initial) compared to the others configurations. Analyzing the Paretos’ fronts it is possible
to state that generally an high performance solution correspond to a not so stable solution and
vice versa. The more interesting configurations have been underlined: the configurations 862
and 863 are the bests respectively with respect to the ��» and � � , instead the configurations 620
and 833 are the best ones respectively to the ÈjÙ � �=» and ÈjÙ � � � . The Tab. 2 shows the numerical
results of the best configurations compared with the RAE2822. Also from the value of the
average efficiency it is possible to notice that the optimization process has met with success.�Â» � � ÈjÙ � ��» ÈjÙ � � � ?Ð ¼ÓØ � · ��� 0.678 0.0172

� � ��� Ò rG� A ¥ r � â � Ò rG� A ß ª áæ� Þ· â3� 0.741 0.0171

r ��á Þ Ò rG� A ¥ áæ� ª â Ò rG� A Ô Þ ª � Þ· â ª 0.705 0.0159

r ��· � Ò rG� A ¥ ·æ� �°r Ò rG� A Ô Þ�Þ � ªâ3���
0.687 0.0163

r � â�Þ Ò rG� A ¥ Þ ��á�átÒ rG� A Ô Þ3� � r· ª�ª 0.697 0.0166

r � ��� Ò rG� A ¥ â ��á Þ Ò rG� A Ô Þær � �
Table 2: Bests configurations and RAE objectives values by comparison

In Fig.9 the shape of the underlined configurations is shown and in Fig.10 it is possible to see
the response surfaces of the more stable solutions and those referred to the RAE2822. Looking

13



L. Padovan, V.Pediroda, C. Poloni

at the response surfaces it is deducible that regarding to the lift force we are exploring a space
solution which permit to get function characterized by slight slope in the Mach direction; instead
regarding to the � � function the slope increases quickly as the angle of attack and Mach number
increase. During the optimization process, taking care of the standard deviations as objective
functions, the aim it has been to find configurations whose ��» and � � functions are as less variable
as possible inside the dominion studied. From the Fig.10 it is possible to understand that the
best compromise between performances and stability of one solution has been achieved.

6 CONCLUSIONS

This paper uses a 2-D airfoil optimization problem to illustrate how it is possible to set an
optimization under uncertainty: such kind of problems are recognized as Robust Design Op-
timization. In fact the aim is to find solutions that are insensitive to fluctuations of the input
parameters, and consequently Robust solutions. According to the principles of Robust Design,
the stability of the magnitude is associated to each magnitude that define the performances of
the subject studied (in this case the airfoil). Consequently the Robust Design problem is always
characterized by more than one objective function, and GA is recommended in order to reach
all the possible solutions. In this paper MOGA has been used and 4 objective function have
been considered. It has been possible to observe that the best high performance solution doesn’t
coincide to the more stable solution, and the necessity of Robust Design has been proved. To
reduce the high number of expensive disciplinary analysis necessary to implement Robust De-
sign, an extrapolator method known as Kriging has been used. Through Kriging, thanks to an
adaptive method, it has been possible to define the minimum number of direct simulations to
achieve good values of the objective functions. This method is very helpful above all when the
uncertain parameters have a strong nonlinear effect on the objective functions. Consequently
for each configuration, in automatic way, it is possible to understand when it is worth or no to
compute several computations.

It is concluded that Robust optimization is an important tool for multidisciplinary design.
It is needed when some of the design variables, like operating conditions, are fluctuating in
randomly way or under uncertainty of the design specifications and above all when the uncertain
parameters have a strong nonlinear effect on the objective functions. The authors believe that
this strategy could be extended to a wide range of problems characterized by non linear behavior
of the objective functions subject to fluctuations of the input parameters.
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Figure 7: Histories during the optimization process
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Figure 8: Paretos’ fronts
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