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Shape optimization of airfoils involves highly expensive, nonlinear objective(s) and constraint functions often
with functional and slope discontinuity that limits the efficient use of gradient-based methods for its solution.
Gradient-based methods are not capable of generating a set of pareto solutions as required in multiobjective
problems as they work with a single solution and improve it through successive iterations. Population-based,
zero-order, stochastic optimization methods are therefore an attractive choice for shape optimization problems
as they are easy to implement and effective for highly nonlinear problems. We present a swarm algorithm that
is applicable for optimization problems in general, but is here explored for airfoil design optimization studies.
The algorithm is based on a sociobehavioral model, and it offers the designer the desired flexibility to solve
various unconstrained/constrained, single-/multiobjective forms of the airfoil shape optimization problem. The
algorithm handles objectives and constraints separately via pareto ranking and is thus immune to problems of
scaling and aggregation that commonly affect penalty-function-based constraint handling schemes. Three different
airfoil design optimization problems have been solved to illustrate the algorithm’s flexibility and its computational
efficiency, which compare favorably with existing stochastic search methods.

Introduction

IFFERENT airfoil design optimization approaches have

evolved over the years. Airfoil design problems are charac-
terized by highly nonlinear and computationally expensive objec-
tive functions and a variety of constraints. A number of airfoil de-
sign optimization studies have been reported in the literature that
use different shape representation schemes (e.g., Hicks—Henne'-?
bump functions, PARSEC representation,>* Beziers,? B-splines,®’
and NURBS®) coupled with a variety of optimization meth-
ods (genetic and evolutionary algorithms, simulated annealing,
gradient-based methods, and adjoint formulations based on control
theory).

Unconstrained single-objective airfoil design optimization prob-
lems have been solved using evolutionary algorithms,® genetic al-
gorithm (GA) with real number encoding,* and hybrids comprised
of GA and gradient-based methods.” Constrained single-objective
airfoil design problems have also been solved using GA'*!! and
multiobjective formulations of the airfoil design optimization prob-
lem have been solved using nondominated sorting genetic algorithm
(NSGA),> multiobjective GA,” and NSGA coupled with artificial
neural networks. In all of the preceding studies, specific forms of
the airfoil design optimization problem were solved using differ-
ent algorithms, and the methodologies to handle constraints were
either through penalty functions or left out of discussion. Adjoint
formulation'>"? is another more recent method for shape optimiza-
tion that aims to derive a boundary shape based on control theory.
The key benefit lies in its efficiency to converge to optimal solutions
using minimal function evaluations. When function evaluations are
prohibitively expensive, this is a powerful approach. However, it
lacks flexibility as an inclusion of an objective, or a constraint
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requires significant amount of formulation changes that is not easy
for a designer to implement.

Genetic and evolutionary algorithms are popular among designers
as they are easy to use and effective for highly nonlinear problems
with functional and slope discontinuity. For such problems, there
is virtually no room for conventional mathematical programming
methods. Although much has been discussed about the benefits of
genetic and evolutionary methods, there are a number of concerns
that need to be addressed. Both genetic and evolutionary search
methods require a number of user inputs that include crossover and
mutation probabilities, type of crossover, population, and generation
sizes to mention a few. As for constrained optimization problems,
handling constraint via penalty function requires scaling factors and
weights prior to aggregation. The performances of these algorithms
are also dependent on the choice of the preceding inputs, which are
not easy for a user to provide.

From an optimization point of view, there are significant dif-
ferences in the solution requirements to a single-objective and a
multiple-objective problem. In a single-objective problem, the aim
is to find the best solution that maximizes or minimizes the objec-
tive, whereas in a multiobjective optimization problem (in absence
of interobjective preference information) the goal is to arrive at
a set of pareto optimal designs. In the context of multiobjective
design, Messac'*!> and Messac and Ismail-Yahaya'® highlighted
the drawbacks of using arbitrary weights for objective aggrega-
tion and proposed a method referred to as physical programming
to deal with such problems. The method is flexible and provides
the designer a scope to formulate the problem in a more natu-
ral form using different levels of desirability for the performance
measures. A comprehensive discussion on various evolutionary
algorithms for multiobjective problems appears in the book by
Kalyanmoy.'’

The presence of constraints is known to largely affect the per-
formance of all optimization methods. Handling constraints is a
nontrivial problem and more so in presence of nonlinear equalities
and inequalities. There have been a number of approaches to han-
dle constraints that include rejection of infeasible individuals, use
of penalty functions and their variants, repair methods, use of de-
coders, separate treatment of constraints and objectives, and hybrid
methods incorporating knowledge of constraint satisfaction. Penalty
function is perhaps the most popular constraint handling scheme that
evolved though the stages of static penalties and dynamic penalties
to more recent adaptive penalties to better deal with inherent scaling
and aggregation problems. Repair methods are based on additional
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function evaluations, whereas the decoders and special operators or
constraint satisfaction methods are problem specific and cannot be
used to model a generic constraint. A comprehensive review on var-
ious constraint handling schemes is presented by Michalewicz,'®
and an effective scheme to deal with equality constraints in the
context of robust design has been proposed by Mattson and
Messac. '

Although stochastic methods are an attractive choice for airfoil
shape optimization problems, they are computationally expensive as
the search is guided by zero-order information. Thus, for problems
where the objective function is expensive to evaluate care should be
taken before applying such algorithms, although the use of surrogate
performance functions during the course of search could alleviate
this problem.*

To solve various forms of the airfoil shape optimization problem
effectively, the optimization algorithm should posses the following
features:

1) The algorithm should be capable of handling single- and mul-
tiobjective forms of the airfoil design optimization problem.

2) It should be able to handle constraints without additional user
inputs.

3) It should make use of minimal number of function eval-
uations (flow computations) because such computations are
expensive.

4) The algorithm should be amenable to parallelization.

The purpose of this paper is to present a swarm algorithm
that is effective and efficient in solving various forms of single-
and multiobjective, unconstrained and constrained airfoil design
optimization problems without additional user inputs. The num-
ber of function evaluations required by the swarm is compara-
ble with existing genetic and evolutionary methods, and the al-
gorithm is amenable to parallelization. These features make the
swarm algorithm an attractive choice for airfoil design optimiza-
tion problems. The details of the swarm algorithm are presented
in the next section followed by a discussion on the PARSEC
shape representation scheme and the flow solver used in this
study.

Swarm Algorithm

Swarm algorithms are fairly recent additions to the exist-
ing list of optimization methods that are capable of handling
single- and multiobjective, unconstrained and constrained optimiza-
tion problems.?*! Unlike conventional evolutionary methods, the
swarm strategy is based on simulation of social behavior where
each individual in a swarm adjusts its flying according to its own
flying experience and companions’ flying experience. The key to
the success of such a strategy in solving an optimization problem
lies with the mechanism of effective information sharing across
individuals.

A modified swarm algorithm?? was proposed recently that mimics
the movement of an individual from a point to another rather than up-
dating an individual’s velocity and acceleration along the trails. This
allows a reduction in the number of user-defined inputs. The mod-
ified swarm algorithm has been used to solve single-objective con-
strained design optimization problems?* and multiobjective design
optimization problems.?* The mathematical details of the swarm
algorithm are presented in the light of a generic constrained multi-
objective optimization problem:

Minimize
f=1Ax L® ... fi@] ey

Subject to
gi(x) > a, i=12,...,q )
hj(x) =bj, j=1L2,...,r 3)
where x = [x; x, ... x,] is the vector of n design variables

and there are g inequality and r equality constraints. It is a com-

mon practice to transform the equality constraints (with a toler-
ance §) to a set of inequalities and use a unified formulation for
all constraints, that is, h;(x) <b; +6 and h;(x) > b; —§. Thus r
equality constraints will give rise to 2r inequalities, and the to-
tal number of inequalities for the problem is denoted by s, where

s=q+2r.
For each individual, ¢ denotes the constraint satisfaction vector
c=[c; ¢ ...cs], where ¢; > 0 indicates the violation of the con-

straint. The constraint matrix for a swarm of M individuals assumes
the form

it G2 crr Cis
€1 C22 cc Cos

Constraint = | . . )
M1 Cm2 CMs

The objective matrix assumes the form

Su S fu
o o S

Objective = | . ) 5)
S fuz Su

It is important to define the concept of pareto and nondominated
solutions before proceeding any further. A vector of decision vari-
ables x* € F is pareto optimal if there does not exist another x € F,
such that f; (x) < fi(x*) foralli =1, ..., kand f;(x) < f;(x*) forat
least one j. Here F denotes the feasible region of the problem (i.e.,
where the constraints are satisfied). If the design space is limited
to M solutions instead of the entire F, such solutions are termed as
nondominated solutions.

In a swarm of M individuals, all nondominated individuals are
assigned a rank of 1. The rank 1 individuals are removed from
the swarm, and the new set of nondominated individuals is as-
signed a rank of 2. The process is continued until every individ-
ual in the swarm is assigned a rank. This is the underlying con-
cept of nondominated sorting. Rank = 1 in the objective or the con-
straint matrix indicates that the individual is nondominated. It can
be observed from the constraint matrix that when all of the indi-
viduals in the swarm are infeasible the rank =1 solutions are the
best in terms of minimal constraint violation. Whenever there is
one or more feasible individuals in the swarm, the feasible solu-
tions assume the rank of 1. The initial swarm consists of a col-
lection of random individuals. Over time, the individuals com-
municate with the better performers and derive information from
them.

For a constrained problem, individuals with a constraint rank = 1
(nondominated based on constraint matrix) are the best perform-
ers based on constraint satisfaction. When there are no feasible
individuals in the swarm, the set of leaders (SOL) consists of all
nondominated individuals based on the constraint matrix. When
there is one or more feasible individuals, the SOL will consist of
all feasible individuals as they will have a constraint rank = 1. The
size of SOL is expected to grow as more and more individuals
become feasible. To maintain a selective pressure in such a feasi-
ble SOL, individuals are allowed to be members of SOL only if
they are better than average performers based on objective ranks.
This process ensures a pressure maintained among the feasible
SOL members to improve their objective performance to remain
as SOL members. The pseudocode of the algorithm is presented
next.
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Pseudocode

Initialize M individuals in the Swarm;
Unconstrained Problem Strategy
Do {
Compute Objective Values of each Individual in the Swarm;
Compute Ranks based on the Objective Matrix;
Compute the Average Rank based on the Objective Matrix;
Count the Number of Rank 1 Individuals;
If (Number of Rank 1 Individuals < M/2)
Assign Individuals to SOL if their Rank < Average Rank;
If (Number of Rank 1 Individuals > M /2)
Assign Rank 1 Individuals to SOL;
For (Each Individual not in SOL) {
Select a Leader from SOL to derive information;

RAY AND TSAI

Acquire information from the Leader and move to a new point in the search space;

}

} while (termination condition = False)

Constrained Problem Strategy

Do {
Compute Objective values for each Individual in the Swarm;
Compute Constraint values for each Individual in the Swarm;
Use Non Dominated Sorting to Rank Individuals based on Objective Matrix;
Use Non Dominated Sorting to Rank Individuals based on Constraint Matrix;
Compute the Average Rank based on the Objective Matrix;
Count the Number of Rank 1 Individuals based on the Objective Matrix;
Compute the Average Rank based on the Constraint Matrix;
Count the Number of Rank 1 Individuals based on the Constraint Matrix;
Count the Number of Feasible Individuals;

If Number of Individuals with Objective Rank =1 > M /2: Average Objective Rank = 1;

If Number of Individuals with Constraint Rank = 1 > M /2: Average Constraint
If Number of Feasible Individuals = 0f
Assign Individuals to SOL with Constraint Rank < Average Constraint Rank;

Rank=1;

Shrink the above SOL, to contain Individuals with Objective Rank < Average Objective Rank;

1
If Number of Feasible Individuals > 0f

Assign Feasible Individuals to SOL;

Shrink the above SOL, to contain Individuals with Objective Rank < Average Objective Rank;

1
For (Each Individual not in SOL) {
Select a Leader from the SOL to derive information;

Acquire information from the Leader and move to a new point in the search space;

}

} while (termination condition = False)

Selection of a Leader from SOL

For a multiobjective problem, a leader that has the minimum num-
ber of neighbors in the parametric space is selected from SOL (to
ensure spread along the nondominated front), whereas for a single-
objective problem a leader is the one that is closest to the individual
in the parametric space.

Acquiring Information

A simple generational operator is used in this study to acquire in-
formation from a leader. The operator can result in a variable value
even if it does not exist in either the individual or its leader, which is
useful to avoid premature convergence. The probability of a variable
value generated between an individual and its leader is 50%. The
probability of a variable value generated between the lower bound
of the variable and the minimum among the individual and its leader
or between the upper bound of the variable and the maximum among
the individual and its leader is 25% each. In addition to the preceding
process, a solution is regenerated if it is nonunique in the variable
space. The given generational operator has been used by Ray and
Saini.?> Though the present examples have been solved using the
preceding operator, other generational operators like the simulated
binary crossover or blend crossover can well be used instead. The
flowchart of the swarm algorithm is presented in Fig. 1. Details

of the solution decoding and optimization problem formulation are
presented in Fig. 2.

Shape Representation and the Flow Solver

A variety of airfoil shape representation schemes, which use a
different number of variables and different mathematical functions
linking the variables have been reported in the literature. An ideal
shape representation scheme for an airfoil design optimization study
should possess the following features:

1) It should have the flexibility to explore the entire search space
including nonconventional airfoil shapes.

2) It should require minimum number of variables for shape def-
inition as more number of variables means more variables for the
optimization problem.

3) The shape representation scheme should avoid generation of
sharp discontinuities in slope and curvature.

4) The variables should be related to the aerodynamic perfor-
mance that is being optimized.

Once a shape representation scheme is adopted, the number of
variables for the optimization problem is fixed. To use these vari-
ables effectively in any optimization algorithm, the upper and the
lower bounds of the variables need to be assigned. An inverse shape
fitting can be used to get an initial estimate of the variables, and an
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Define the Variables and their Bounds

A
Initialize the Individuals of the Swarm

Y

Compute the Objective and Constraints for the Problem for
Every Individual

| |

Identify the Set of Leaders Identify the Set of Followers

: !

Identify a Leader for every Follower
and move to a New Location

I !

New Location of the Individuals of the Swarm

Copy the Leaders

Is Convergence
Condition True ?

Yes Final Solution(s)

Fig. 1 Flowchart of the swarm algorithm.

Compute the Objectives and Constraints for the Problem for Every Individual

Decode a Solution
(Given 11 PARSEC variables generate X and Y coordinates of the airfoil)

l

Given the Angle of Attack, Mach Number and Parameters of the Flow
Solver Compute the Cp Distribution and hence Cl, Cd and Cm.

: .

Model Objective ] l Model Constraint

Fig. 2 Details of modeling a problem formulation.

appropriate percentage can be used to decide the variable bounds. A
procedure for NURBS fitting is outlined in Ref. 25, which provides
the initial estimates of the control points and their bounds for airfoil
shape optimization problems.

In this study we used a PARSEC? representation scheme to define
airfoil geometries because it involves 11 variables and allows the
possibility of a better control over the shape of an airfoil during the
course of optimization. The details of the PARSEC representation
and the bounds for the PARSEC variables used in this study are
presented in the following section.

PARSEC Representation

Unlike common engineering design optimization problems where
the number and nature of the variables are fixed, the number of vari-
ables of an airfoil optimization problem are influenced by choice
of the airfoil representation scheme. The PARSEC representation is
particularly attractive as it uses a small number of design variables,
all of which are related to some properties of the shape. It param-
eterizes the upper and the lower airfoil surfaces using polynomials

Table 1 Upper and lower bounds of the variables

Variable number Variable name Upper bound Lower bound
1 Xup 0.5 0.3
2 Zyp 0.075 0.05
3 Z1E 0 0
4 Te 0.0085 0.0055
5 ZXXUP —04 —0.6
6 ATE -8 —12
7 XLo 0.42 0.28
8 Zio —0.050 —0.075
9 ZxxL0 0.85 0.55
10 BTE -9.5 —145
11 AZTE 0 0
z
Xup Zxxup
o Zyp . \jTE
« X
/ [ ALcTE
XI.O z(XXL() B]‘E
X=1

Fig. 3 Variables in the PARSEC representation scheme.

in coordinates X and Z as

6
2= ax! ©®

n=1

where a,, are real coefficients. The parameters of a PARSEC repre-
sentation include the leading-edge radius 7, upper and lower crest
heights Zyp, Z10 and location Xyp, X o, curvatures at the upper and
lower crests Zxxup, ZxxLo, trailing-edge thickness A Zrg and ordi-
nate Ztg, and direction and wedge angle otg, Bre. The parameters
are schematically shown in Fig. 3. In the examples, the trailing-edge
thickness and the trailing-edge ordinate are set to 0. See Table 1.

Flow Solver

In this study we used an Euler code to compute the flow around
the airfoil. The governing equations are solved using a finite volume
formulation as proposed in Jameson et al.? Details of these standard
procedures are outlined in Refs. 27 and 28. The field grid is generated
algebraically using conformal mapping methods to create an O-grid
size of 161 by 33 to represent the airfoil. In the interest of robustness
in the multigrid computation, full coarsening up till a minimum of
four cells was used with lower values of Courant—Friedrichs—-Lewy
numbers set at seven.

Numerical Examples

For the single-objective examples, we used a swarm size of 20 and
allowed it to fly for 100 time steps. For the multiobjective problem,
we used a swarm size of 100 and allowed it to fly for 50 time steps.
The designs were evaluated at a Mach number of 0.73 and an angle
of attack of 2 deg. A single-objective function evaluation using the
preceding computational-fluid-dynamics solver takes around 25 s
of CPU time.

Example 1

The first example deals with an inverse design of a RAE2822
airfoil. It is a single-objective unconstrained minimization problem.
The objective is to minimize

2
(Cﬂi - C;,.)

1

f:

M
i=

where C,; is the pressure coefficient at the ith location of the airfoil,
and C ; is the target pressure at the ith location computed based on
the Euler code for the RAE2822 airfoil. The initial, final, and the
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Fig. 5 Initial C, distribution.
3
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Objective Function Value
[
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Number of Function Evaluations

Fig. 6 Progress plot.

actual RAE2822 airfoil shapes are presented in Fig. 4, while their
corresponding C, distributions are presented in Fig. 5. The objective
function progress plot in Fig. 6 shows a reduction in the objective
function value from 2.567 to 0.0737 within 1020 function evalua-
tions. The evolution of airfoil shapes is presented in Fig. 7. From
Figs. 4 and 5, we can observe a reasonably close match between
the shapes and their C,, distributions. A quantitative comparison
between different methods is difficult as they use different shape
representation schemes and different variable bounds. However, we
observe a similar reduction in the objective function value for the
same computational cost in Refs. 7 and 8, which use a GA and a
PARSEC shape representation scheme to optimize airfoil shapes.
A box plot is used to show the convergence of our algorithm. A
box plot typically shows the limits of the variables, their median,
and the 25th and 75th percentile. The scaled (0-1) box plots of the
initial and the final individuals of the swarm are presented in Figs. 8
and 9. Figure 8 shows that the variables are largely distributed over
the entire variable range; however, Fig. 9 indicates that the variables
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0.06 W”’“t’m

0.04r - time step 0

| - time step 20

0.02 / - time step 40
O =+ time step 60 A
L2l T e ttme step 80 5

002 \ - time step 100 }/’/’i 1

0.04 \ / ]
\ \ *‘*“”f*ﬁ |
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Fig. 7 Evolution of shape.
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Fig. 8 Box plot of initial swarm.
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+
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1 2 3 4 5 6 7 8 9 10 11
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Fig. 9 Box plot of final swarm.

have converged to specific values, and hence the limits, median, and
the percentiles have also converged to a particular region of the
variable space.

Example 2

The second example deals with a single-objective constrained
optimization problem that aims to minimize the drag coefficient
with a constraint on the minimum lift coefficient. The objective is
to minimize f = C,, subject to C; > 0.824. The final airfoil shape
and the C, distribution are presented in Figs. 10 and 11 for three
independent runs. The progress of the optimization algorithm is also
presented in Fig. 12 for three independent runs. One can observe
that the independent runs consistently reached the same objective
function value starting from different initial values. However, one
can observe the changes in optimal shapes and their differences with
the RAE2822 airfoil shape. This indicates the multimodal behavior
of the objective function, that is, multiple airfoil shapes exist with
almost same objective function value and a designer needs to con-
sider additional performance criteria (e.g., performance at multiple
operating conditions, etc.) to select one among them.
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Fig. 12 Objective from different runs.

The box plot of the final swarm from run 1 is presented in
Fig. 13, which shows the convergence of the solution. The solutions
converged to [ Xyp =0.459, Zyp =0.0582, Z1g = 0.0, re = 0.0080,
ZXXUP == —0469, OTE = —835, XLO == 0333, ZLO == —0052,
ZXXLO = 0792, ,BTE =—1 118, and AZTE = 00] The Cl of the
RAE2822 at an angle of attack of 2 deg and at Mach number of
0.73 is 0.824, and the C, is 0.0073. The C, reduced to 0.0031 while
maintaining the C; at 0.824 in our optimized design. This is the
simple case of redesigning the airfoil to reduce drag. Notice that the
shock present in the original RAE 2822 airfoil is no longer present
as one expects.

Example 3

The third example deals with a multiobjective optimization for-
mulation that aims to minimize f; =C,;/C? and f, =C2 for an
angle of attack of 2 deg and a Mach number of 0.73. The problem
involves minimization of two objectives. This formulation appears
in the works of Vicini and Quagliarella,” although in the context

1 -+ 1
0.8} - 1
0.61 1
0.4+ - 1
0.2r ]

+
o = T
1 2 3 4 5 6 7 8 9 10 11
Variable Number
Fig. 13 Box plot of final swarm (run 1).
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L B2 o [o)
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0 0.01 0.02 0.03 0.04 0.05 0.06
csC

Fig. 14 Initial swarm.

of the ONERA M6 wing section design. There are no constraints
imposed on the lift coefficient in this study, but such a constraint
can easily be imposed as highlighted in example 2.

Classical optimization methods are in general not efficient for
multiobjective problems as they often lead to a single solution in-
stead of a set of optimal solutions. Multiple runs of the same method
cannot guarantee a different point on the nondominated front each
time, and some methods cannot even handle problems with multi-
ple optimal solutions.* Evolutionary or population-based methods
maintain a set of solutions during its course of search and thus can
result in a set of nondominated solutions in a single run. A widely
differing set of nondominated solutions can be generated using a
diversification strategy (e.g., niching) within such population-based
algorithms.

In the present example, the initial and the final swarm are pre-
sented in Fig. 14. The migration of the individuals towards the
nondominated front is apparent. The final swarm is plotted on an
enlarged scale in Fig. 15. It shows that the individuals in the fi-
nal swarm converged to the nondominated front with C2 varying
between 2.968850E —14 and 0.005233231 and C,;/C} varying be-
tween 0.004584012 and 0.01065582 using 1774 function evalua-
tions with 32 solutions along the nondominated front.

To assess the solutions along the nondominated front, they have
been arbitrarily divided into two groups one with C;/C}? < 0.0055
and the other with C,/C} > =0.0055. The box plots of the groups
are presented in Figs. 16 and 17, while the two extreme designs
in the current set, that is, the lowest C,;/C} design and the lowest
C2 design, are presented in Fig. 18. The corresponding pressure
distribution of the airfoils is presented in Fig. 19.

The box plots indicate that for both low C;/C? and low C? de-
signs the leading-edge radius 7. tends to increase and shifts the
pressure peaks towards the leading edge. To decrease drag, the Zyp
tends to decrease. The rate of change of gradient at the thickness
region on the lower surface Zxxi o also tends to decrease. For low
Ccy/C ,2 designs, we also observe that arg tends to increase, that is,
move towards the lower bound with X ¢ also tending to increase,
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Fig. 17 Box plot for C4/C} >= 0.0055.

that is, the thickness on the lower half of the airfoil spreads toward
the trailing edge. For low C?2 designs, we observe that Z; o tends to
decrease. This makes the pressure peaks move toward the leading
edge, which reduces the magnitude of the pitching moment. These
observations are consistent with expected airfoil behaviors.

The process of selecting a single design from the set of nondom-
inated designs is the next step in any multiobjective design process.
One would usually list representative parametrically diverse solu-
tions from the nondominated set as potential alternative designs
that qualify for further consideration. Such designs are usually few
(typically fewer than 10), and multiple-attribute decision-making
methods® can be applied to select the best based on an additional
set of criteria.

Lowest Cd/CP Design
0 —— Lowest Cm” Design

-0.061

-0.08

Fig. 18 Best Cd/Cl2 and best C,Z" shapes.

. @ Lowest Cd/CI® Design
T Ry —+ Lowest Cm” Design

l'50 0.2 0.4 0.6 0.8 1

X/C

Fig. 19 Corresponding C,.

Summary

In this paper, we identified the desired features of an airfoil shape
optimization algorithm and introduced a swarm algorithm to effec-
tively and efficiently solve such problems. The algorithm is particu-
larly attractive as it does not require additional user inputs for scaling
and aggregation of objectives and constraints and its computational
efficiency is comparable with existing stochastic optimization meth-
ods. Although the use of nondominated sorting to handle constraints
is an expensive operation, it is meaningful for problems where the
objective and the constraint function evaluations are equally or even
more expensive. The swarm attempts to improve the performance
of all individuals including the bad ones through information ac-
quisition from leaders, unlike mating in an evolutionary/genetic al-
gorithm where only the good parents participate. Such a socialistic
behavior on one hand leads to expensive evaluations, whereas on
the other hand provides a scope for a wider exploration that is useful
for problems that are highly nonlinear.

The numerical examples in the present study highlight the
swarms’ convergence capabilities and its flexibility to handle var-
ious formulations. For the inverse design problem, the swarm de-
rived the final shape and the C,, distribution that is close to the actual
RAE2822 airfoil using 1020 function evaluations, which compares
favorably with existing evolutionary algorithms. As for the C,; min-
imization problem, good convergence was observed. Because the
algorithm does not use penalty functions to handle constraints, no
weights or scaling inputs are required from the user. For the mul-
tiobjective problem, the algorithm converged to the nondominated
front with a mere 1774 function evaluations. Although swarm al-
gorithm is attractive in its present form, improvements in efficiency
and speed could be achieved via the development of meaningful in-
formation exchange operators and a parallel implementation of the
algorithm.
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