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The main disadvantage of evolutionary algorithms for airfoil design problems is the high computational costs

associated with the use of computational fluid dynamics solvers. This disadvantage was significantly reduced by

using an existing technique which combines a genetic algorithm and a neural network to rapidly improve

populations. In this technique, both genetic algorithms and a properly trained neural network search the design

space, resulting in an interactive process between a genetic algorithm and a neural network that greatly improves the

exploration power of the algorithm. Experimental results show that the implemented algorithmdiscovers the desired

solution quickly and significantly reduces the overall costs of solving the problem with little or no reduction in

robustness.

Nomenclature

AFk = average fitness values at current step of genetic
process

AF0 = average fitness values at initial step of genetic process
Cp = pressure coefficient
Cpc = calculated pressure coefficient distribution along

airfoil
Cpt = target pressure coefficient distribution along airfoil
c = chord length of airfoil
gn = total gene number of chromosome
IP = vibrational mutation period during genetic process
i = gene (control point) index of chromosome
J�s� = objective function for inverse airfoil design problem
JLO�s� = objective function for lower surface of airfoil
JUP�s� = objective function for upper surface of airfoil
M = Mach number
MA = main amplitude of vibrational wave
m = order of Bezier curve
n = population size
Pm = mutation rate
s = arclength coordinate of airfoil
t = parameter in Bezier curve whose values vary

uniformly between [0,1]
u = random real number between [1,0]
w1 = user defined real number between [0, 2] to control

MA
x=c = nondimensional x coordinate of airfoil
�x; y� = profile coordinates which are produced by Bezier

curve representation
�xi; yi� = coordinates of control points
y=c = nondimensional y coordinate of airfoil
ymi = ith control points (gene) of individual m
��s� = fitness function of airfoil for inverse airfoil design

problem
�LO�s� = fitness function for lower surface of airfoil
�UP�s� = fitness function for upper surface of airfoil

I. Introduction

T HE field of computational fluid dynamics (CFD) has become an
integral part of the aerodynamic design process over the past

three decades, and computational solution methods have come to
play an increasingly dominant role in the entire engineering design
process. Engineers have used CFD technology in aerodynamic
design and optimization by coupling it with numerical optimization
methods such as gradient-based methods [1–7], adjoint formulations
based on control theory [8,9], and stochastic methods [10–23] (e.g.,
evolutionary algorithms, simulated annealing, artificial neural
networks). Optimization methods do not rely on the computation of
gradients, because the design problem can be characterized by a mix
of continuous, discrete, and integer design variables, and the
resulting design space can be nonconvex or even disjointed [15,24].
For this reason, stochastic methods, and, in particular, evolutionary
algorithms (EAs), have received considerable interest [22]. Their
robustness and easy application to a broad class of problems has
made EAs useful tools for tackling complex problems in the
aerospace field, regardless of such difficulties as the presence of
multiple local minima in the design space and the mixing of
continuous and discrete variables [10,15,16,18,19,24]. However,
high computational costs associated with the use of high-fidelity
simulation models pose a serious impediment to the successful
application of EAs to engineering design optimization [16,17,20].
Computationally expensive problems arise in aerodynamic design
problems as well as in structural design, electromagnetics, and in the
design of coupled multidisciplinary systems [17]. Nevertheless, the
availability of fast computing resources or the use of hybrid
techniques [10,15–17,19,21,22] has made the power of EAs
available even to computation-intensive problems [16].

One of the hybrid techniques which can make EAs useful for
computationally expensive problems is to use neural networks (NNs)
in a surrogate model [17,25]. Surrogate models are built to
approximate computationally expensive simulation codes [17].
Because of being orders of magnitude cheaper to run, NNs can be
used in lieu of computationally expensive CFD codes during an
evolutionary search. However, since the objective function
evaluations of EAs are performed using approximate solutions, the
performance of the surrogate model depends on the success of NNs
in approximating the exact simulation codes.Additionally, searching
the design space and achieving the desired solution are limited to EA
operations such as mutation and recombination (crossover).

A new hybridization technique has been proposed [26,27] to
employ NNs and EAs together to solve the inverse airfoil design
problem. This technique uses a NN to predict candidate solutions
during the genetic algorithm (GA) process, rather than to make
inexact CFD evaluations as in the surrogate model. A new GA using
this technique was named “augmented genetic algorithmwith neural
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network (AGANN),” and its application to internal flow systems
design was demonstrated in [27]. Combining the exploration power
of GAwith the extrapolation/interpolation ability of NN to obtain the
desired solution is the main advantage of the AGANN.

The objective of this paper is to reduce the high computational
costs of EAs by applying AGANN to the inverse airfoil design
problem. Additionally, the performance of AGANN could be
improved by using the distribution strategies (DS) [28] concept in the
NN phase. The DS concept is widely known, and its implementation
to the GA process was established in [28]. To demonstrate that
AGANN can significantly reduce the overall costs of solving the
problem, the proposed method was tested using four test cases.

This paper is organized as follows: In Sec. II, inverse airfoil design
operations are explained to ensure understanding of both AGANN
and application of the DS concept to GA and NN processes. In
Sec. III, AGANN technique, GA andNNmethods used byAGANN,
and implementation of DS in the NN phase are described. Data and
experimental details from the test cases are presented in Secs. IV and
V, followed by a detailed analysis in Sec. VI and an interpretation of
these results in Sec. VII.

II. Inverse Airfoil Design Operations

A. Airfoil Representation

In an inverse airfoil design problem, a very important issue is the
representation of the geometry of the airfoil. For experiments, I used
a Bezier curve representation, by means of which can be defined as a
closed curve (i.e., the airfoil) with a set of (m� 1) control points. Its
expression is given by the following equations:

y�t� �
Xm
i�0

Cimt
i�1 � t�m�iyi (1)

x�t� �
Xm
i�0

Cimt
i�1 � t�m�ixi (2)

where Cim �m!=�i!�m � i�!� and t is the parameter of the curve
whose values vary uniformly between [0,1]. The variables �xi; yi� are
the coordinates of the control points which define the profile
coordinates �x�t�; y�t��. The two control points (0,0) and (1,0) at the
leading and trailing edges are fixed. Assuming xi as fixed, the design
parameters coded in the GA are thus limited to the yi coordinates of
the control points.

B. Objective and Fitness Function

The objective function of the GA process for an inverse airfoil
design problem can be defined as follows:

J�s� �
X
i

��Cpci�1=2 � Cpti�1=2��si�2 (3a)

where Cpc is the calculated Cp distribution of an individual, and
Cpt is the target Cp distribution along the target airfoil shape. Index
(i� 1=2) indicates the midpoint between locations (i) and (i� 1) at
the airfoil surface. Using the profile coordinates �x; y�, the arclength
at the ith location of the airfoil is evaluated as follows:

�si � ��xi�1 � xi�2 � �yi�1 � yi�2�
1
2 (3b)

The fitness function of an individual is proportional to the inverse of
the objective function, that is,

��s� � 1

J�s� (4)

Thus, the problem becomes a typical maximization problem and a
fitness of infinite value would mean that the two Cp shapes are
identical.

C. Application of the DS Concept to the GA Process

The DS concept is widely described, proofs for it are published in
[28,29], and it is alternately known as “the distribution of objective
function” and “the distribution of elitism” concepts. The essence of
DS is to divide the chromosome of each individual into a certain
number of gene groups and to calculate thefitness value for each gene
group separately. Besides carrying distinct calculations throughout
the genetic processes, elitism can also be implemented distinctly for
the gene groups of the individuals. To clarify the relationship to the
Bezier curve representation of an airfoil explained above, the
following explorations are needed. Each surface of the airfoil is
represented by its control points. Based on that assumption,
chromosomes which are used to represent the profile can be as
follows:

upper half control points fy1; y2; . . . ; ygngupper
lower half control points fy1; y2; . . . ; ygnglower|��������������{z��������������}

genes

9=
;chromosome

As seen from this representation, all the chromosomes
representing the whole profile are decomposed as the “upper half
control points” (first gene group) and the “lower half control points”
(second gene group) so that the objective function and the fitness
values will be calculated separately. Specifically, the objective
functions for the upper and lower surfaces can be defined as

JUP�s� �
X
i�UP�
��Cpci�1=2 � Cpti�1=2��si�2 (5a)

JLO�s� �
X
i�LO�
��Cpci�1=2 � Cpti�1=2��si�2 (5b)

Similarly, the fitness values for the upper and lower surfaces are as
follows:

�UP�s� �
1

JUP�s�
(6a)

�LO�s� �
1

JLO�s�
(6b)

In a classical GA process, the chromosome (including both upper
and lower halves) which has the greatest fitness value is carried into
the next generation as a result of classical elitism.Additionally, when
the DS concept is used, the best upper surface (first gene group) and
the best lower surface (second gene group) are carried into the next
generation as a result of elitism distribution. These upper and lower
surfaces thus combine to form an individual (airfoil) for the next
generation.

III. Augmented Genetic Algorithm
with Neural Network

NNs are widely used in aerodynamic design problems because
they can be used to emulate highly nonlinear relationships that exist
between aerodynamic configurations and their corresponding
aerodynamic performance. This feature ofNNs can be used to predict
the desired airfoil during a GA-based design process because NNs
can extrapolate (or interpolate) the candidate solutions (airfoils) from
within the population to reach the desired solution. The aim of the
AGANN is to augment the population of GA by making use of the
prediction ability of NNs. Adding a predicted candidate, which
emulates the desired solution, to the population realizes this aim.
Additionally, both GAs and NNs search the design space during the
design process.

For each generation of the GA process, the NN uses candidates
(airfoil geometries) in the population and their objective function
solutions (i.e., pressure coefficient Cp, distributions) as a training
set. For an inverse airfoil design problem, the training set includes
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airfoil geometries as the output, and their Cp distributions as the
input. By using the targetCp distribution as an input, the trained NN
predicts a corresponding airfoil which is a candidate solution of the
inverse design problem. Because of the interpolation/extrapolation
ability ofNN, this predicted individual is probablymore suitable than
the candidate solutions in the training set population and can
augment the new population of GA. The augmented population of
AGANN brings about a rapid improvement of the GA process,
speeds the finding of a solution, and reduces the overall cost of the
problem (Fig. 1). For an inverse airfoil design process, themain steps
of AGANN can be itemized as follows:

1) First, Cp distributions of the airfoils in the current population
are evaluated to determine their objective function values. The
selection operation in the GA is carried out by using these objective
function values, and the new population is reproduced by GA
operations such as recombination (crossovers) and mutations.

2) Second, the NN is trained by using the airfoils and their Cp
distributions in the current population. For this training, the Cp
distributions are the input, and the control points in Eq. (1), which
define the airfoils, are the output.

3) Lastly, the target Cp distributions are used as an input to the
trained NN to determine the control points of the corresponding
airfoil. This corresponding individual becomes part of the new
population to be used as a candidate in the next GA cycle.

This procedure is repeated during the GA process.

A. Neural Network Method

Backpropagation neural network (BPNN) [30] is the general-
ization of the least mean square algorithm tomultiple-layer networks
and nonlinear differentiable transfer functions. The multilayer
feedforward network is the most-used architecture of BPNN.
Feedforward networks typically consist of one ormore hidden layers
of sigmoid neurons followed by a layer of linear neurons.

BPNN has good generalization and extrapolation abilities and is
appropriate for the inverse design problem. Figure 2 shows the
architecture of this BPNN, which uses a nonlinear hidden layer with
sigmoid (hyperbolic tangent) transfer function and a linear output
layer. The details of BPNN can be found in [31]. As mentioned
previously, in a set of training data, the input parameters are the Cp
distributions of airfoils, while the outputs are the parameters which
represent the airfoil geometries. The training of BPNN continues for
each step of the GA process using the population on hand. The

weights ofBPNNobtained fromone set of training data are saved and
are used as initial values to train the next set of data. This reduces the
training errors of BPNN for a fixed amount of training epochs and
enables a more comprehensive construction of the response surface
for the search space.

B. Implementation of the DS Concept to the NN Process

During the GA process, some GA operations are performed
separately by using theDS concept asmentioned in Sec. II. Similarly,
owing to implementation of the DS concept, the single NN process
phase in Fig. 1 has to be repeated for the upper and lower parts of the
airfoil. Therefore two new processes are added to the NN process
(Fig. 3). It should be noted that the NN process produces two
individuals at this time. One individual originates from the process
performed without DS implementation for the entire airfoil as
explained above. The other is produced by the two newprocesses as a
result of DS concept implementation. For the new processes, the first
of the main steps of AGANN remains unchanged, whereas in the
second, NN is trained by using either upper or lower half geometries
of individuals in the current population and their Cp distributions.
For this training, Cp distributions of upper or lower halves of the
individuals are used as the input, and the control points of the
corresponding surface geometries are used as the output. Target Cp
distributions of the upper or lower surfaces are then used as input to
the trained NN to find the corresponding control points. The
corresponding control points of upper and lower surfaces are then
combined to form an individual. This individual is placed in the new
population to be used as a candidate at the next GA cycle.

C. Genetic Algorithm Method

The vibrational genetic algorithm (VGA) uses the vibration
concept which is well defined in [13,29,32]. By applying a
vibrational mutation periodically to all individuals in the population,
escaping local optimums and thus obtaining global optimum quickly
becomes possible. Previous works [13,23,32,33] state that the VGA
can be efficiently used for aerodynamic design. It can be concluded
from these works that the most important advantages of the VGA are
that it is able to use a greater mutation rate and a smaller population
size for the GA process.

Vibrational mutation is used after the reproduction phase. It is
applied periodically from the initial steps of the genetic process. A
vibrational wave is introduced into the population just after the first
period. Amplitude of this wave is random. For this operation, entire

Stop 

GA Process

NN Process (Prediction of 
an Individual) 

Initial Population

Objective Function Evaluation 
(Fitness Values) 

Augmented 
New Population 

Fig. 1 Block diagram of the AGANN.

Hidden Layer

Output Layer Input Layer 

Fig. 2 Architecture of BPNN.
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New Population 

ANN Process for entire airfoils 
(Prediction an Individual) 

ANN Process for upper halves of airfoils 
(Prediction an upper half geometry) 
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obtain an individual ANN Process for lower halves of airfoils 
(Prediction a lower half geometry) 

Fig. 3 Implementation of the DS concept to the ANN process.
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genes in all chromosomes are mutated due to the vibrational wave as
follows:

ymi � ymi � �1� w1 �MA � �0:5 � u�� m� 1; . . . :; n

i� 1; . . . :; gn
(7)

where ymi are the ith control points (gene) of the individual m; gn
denotes the chromosome length (total gene number of a
chromosome); n is the total number of individuals in the population
(population size); MA is the main amplitude; u is a random real
number between [1,0], andw1 is a user defined real number between
[0, 2] which controlsMA.

Implementation of the vibrational mutation starts from a certain
gene position at the first chromosome and continues throughout the
genes at the same position in the other chromosomes. This process is
applied to all the individuals in the population every IP period
(generation) of the genetic process. The mutation rate is

Pm �
1

IP
(8)

where IP is an integer number. As the population evolves, to spread
out the population in a narrower band, the main amplitude MA is
changed during the genetic process as follows:

MA�
�
log�1� AF0�
log�1� AFk�

�
r

(9)

where AF0 and AFk are average fitness values at the initial and
current steps of the genetic process, respectively, and r is a real
number.

IV. Experiments

A. Flow Analysis Solvers for CFD

CFD solutions of an aerodynamic problem can be performed by
using different solvers. However, the accuracy of a CFD solution
varies according to the flow equation that is solved. For example, full
potential solvers, which solve the full potential equation [34], are less
realistic due to the assumptions of irrotational and inviscid flow.
They use less computational time, though, on the order of seconds
(using a today’s moderate PC) for the calculation of an airfoil.
Because the Euler equations [34] reflect rotational flow properties, a
Euler solver, which consumes time in the order of minutes, can
produce a more realistic CFD solution. Even though their accuracies
are different, these solvers can approximate the main character of the
aerodynamic problem. For that reason, the character of the objective
function in Eq. (1) does not change when different CFD solvers are
used. Consequently, solvers which use less computation time can be
used to test the proposed algorithm. Therefore, to demonstrate the
effects of solvers, numerical experimentswere performed using three
different CFD solvers on a Pentium 4 1.7 GHz PC with 512 MB
RAM.

1) Solver-I is the vortex panel code of Kuethe and Chow [35] for
incompressible, inviscid flow, which uses 120 panels for CFD
calculations.

2) Solver-II is a full potential solver [36] for transonic inviscid
flow, which solves the full potential equations using Murman’s
difference scheme [37] and 161 	 31 structured O-mesh. For the
following test cases (test case-II and case-III), this solver makes a
CFD calculation in approximately 0.5 s.

3) Solver-III is a Euler solver for transonic inviscid flow, which
solves the time-dependent Euler equations by using cell-centered
finite volume space discretization on a structured 121 	 41 O-mesh,
Roe flux splitting [38], and an explicit five-stage Runge–Kutta
scheme. For test case-III, this solver makes a CFD calculation in
approximately 75 s.

B. Test Cases

To show its robustness and effectiveness, the proposed method
was tested for four inverse design cases using two different airfoils
for both incompressible and transonic flow:

1) Case-I (subsonic flow/Solver-I): The Cp distribution of
RAE2822 airfoil, evaluated at incompressible flow and an angle of
attack of 2 deg, is presented. The simple panel code (Solver-I) can be
used for this subsonic, inviscid flow.

2) Case-II (transonic flow/Solver-II): The Cp distribution of
RAE2822 airfoil, at Mach numberM� 0:725 and an angle of attack
of 2 deg, is presented. Solver-II is used for this transonic, inviscid
flow.

3) Case-III (transonic flow/Solver-II): The Cp distribution of
NACA64A410 airfoil, atM� 0:75 and an angle of attack of 0 deg, is
presented. Solver-II is used for this transonic, inviscid flow.

4) Case-IV (transonic flow/Solver-III): The Cp distribution of
NACA64A410 airfoil, atM� 0:75 and an angle of attack of 2 deg, is
presented. Solver-III is used for this transonic, inviscid flow.

C. GA Strategies

The following GA strategies were used for the inverse design
cases above:

1) VGA-DS: This strategy used only VGA, in which DS are used
for theGAprocess. Population size is 14 (previous studies [13,32,33]
established that a small population size and a high mutation rate are
more convenient for VGA).

2) AGANN1: This strategy used the AGANN technique, in which
VGA-DS was employed for the GA process.

3) AGANN2: In addition to AGANN1, this strategy included DS
implementation to the NN process as explained in Sec. III.B.

The selectionmethodwas the stochastic universal sampling (SUS)
[39], and the recombination (crossover) technique was BLX-� [40]
with �� 0:7. For vibrational mutation, the IP values in Eq. (8) were
chosen as 2 and 4 for incompressible and transonic cases,
respectively, and the value of r in Eq. (9) was taken as 4.

The initial population includes airfoils obtained fromNACA0012
by changing its control point values
30% uniformly (Fig. 4). In the
Bezier curve representation of one surface of an airfoil, in Eq. (1), 9
and 13 control points (m� 8 and m� 12) were used for the
incompressible and transonic test cases, respectively.

V. Results

The results of each test case are the average values of 10
replications. For all test cases, a comparison of the best objective
function values (BOFVs) was obtained by using the three GA
strategies (Fig. 5).AGANN1andAGANN2have a remarkably faster
convergence than VGA-DS. Each GA strategy gave a different
performance over the reduction of BOFVs by less than 10�5. The
data summarized in Table 1 indicate that the proposed method
AGANN2 reduced CFD solver calls more than 90% compared to
VGA-DS, and bymore than 30% compared toAGANN1. This result
clearly reflects the contribution of DS implementation during theNN
phase to overall computational efficiency. Similar results from the
different test cases in Fig. 5 indicate that the AGANN method is
highly robust and effective.

A recent study [28] showed that inverse design by means of VGA
combined with DS (VGA-DS) reduces the CFD calculation by at
least 75% more than conventional GA does. However, the present
study demonstrates that AGANN can decrease the CFD solver usage
by more than 90%, with the result that the cumulative reduction in
CFD solver calls exceeds 97.5% compared to conventional GA.
Therefore, the high computational cost of EAs, its major
disadvantage, can be greatly reduced using these hybrid method-
ologies.

The computational costs for test case-I are comparatively lower
than the other test cases (Table 1). This likely results from the flow
conditions, because the character of the objective function in Eq. (3a)
depends on Cp distributions, which are related to flow conditions.
For transonic flow conditions, the character of the objective function
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is greatly complicated due to the compressibility effect (which
increases nonlinearity) and shock wave (which causes disconti-
nuity). However, for incompressible flow, due to the lack of shock
wave and compressibility effects, the character becomes relatively
simple. For that reason, the computational costs for test case-I are
relatively low.

The difference between computational costs of test cases-II and -
III are interesting, as both test cases are based on transonic flow, and
the same CFD solver was used for both of them. Any cost difference
should thus result from the airfoils themselves. By examining the
geometries of RAE2822 and NACA64A410, the distinction at the
trailing edge of the airfoils can be discerned (Fig. 6). The wedge
angle at the trailing edge of RAE2822 is negative, thus causing
positive y values around the trailing edge of the lower surface. Using
the initial population in Fig. 4, to explore these positive y values
requires more computational cost, but because there is no problem at
the trailing edge of NACA64A410, test case-II incurs lower
computational costs.

Final designs for each case are illustrated in Fig. 7. This figure
shows the target profile geometries and optimized geometries
produced by the inverse design with pressure coefficients for related
geometries.

VI. Analysis

BPNN uses local, gradient-based minimization techniques for
training multilayer perceptrons. Gradient-based minimization of the
cost function is relatively fast, but for complex problems with a large
number of vectors and input features, it has several drawbacks and
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Fig. 5 Comparison of the best objective function values (BOFVs) for different algorithms.

Table 1 CFD solver calls

AGANN2 AGANN1 VGA-DS

Case-I
Solver calls 40 60 430
Reduction wrt VGA-DS 90.7% 84.7% ——

Reduction wrt AGANN1 39.4% —— ——

Case-II
Solver calls 194 299 2054
Reduction wrt VGA-DS 90.5% 85.4% ——

Reduction wrt AGANN1 34.8% —— ——

Case-III
Solver calls 117 208 1820
Reduction wrt VGA-DS 93.6% 88.6% ——

Reduction wrt AGANN1 43.8% —— ——

Case-IV
Solver calls 156 234 ——

Reduction wrt AGANN1 33.4% —— ——
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may be very time consuming. Thus, for an aerodynamic design
problem, total time consumption (TTC) may increase excessively,
and BPNN may not work accurately. However, these drawbacks do
not prevent AGANN fromworking properly due to the small training
set for NN and proximate predictive values for each generation.

In AGANN, the training set for NN is small (for the test cases, the
training set includes 14 individuals in the population and their Cp

distributions), so NN does not need extensive computation time for
training. For example, in test case-III, inwhich a faster (full potential)
CFD solver used, time consumption per generation (cycle) is about
6.5 s for VGA-DS without NN usage (Table 2). When AGANN2 is
used, time consumption increases to 14.35 s due to double NN usage
(Fig. 3). This indicates about an 8 s increase per cycle.However, TTC
during the design process is more important. In this point of view,

-0.08

-0.04

0

0.04

0 0.2 0.4 0.6 0.8 1
x/c

y/
c

0.08

Calc
Targ

-1

-0.6

-0.2

0.2

0.6

1

0 0.2 0.4 0.6 0.8 1
x/c

C
p

Calc
Targ

-1.5

-1

-0.5

0

0.5

1

1.5

0 0.2 0.4 0.6 0.8 1
x/c

C
p

Calc

Targ

-0.08

-0.04

0

0.04

0.08

0 0.2 0.4 0.6 0.8 1
x/c

y/
c

Calc

Targ

-0.04

0

0.04

0.08

0 0.2 0.4 0.6 0.8 1
x/c

y/
c Calc

Targ

-1.5

-0.5

0.5

1.5

0 0.2 0.4 0.6 0.8 1
x/c

C
p

Calc

Targ

-1.5

-0.75

0

0.75

1.5

0 0.2 0.4 0.6 0.8 1
x/c

C
p

Calc

Targ

-0.04

0

0.04

0.08

0 0.2 0.4 0.6 0.8 1
x/c

y/
c

Calc

Targ

a) Case I

b) Case II

c) Case III

d) Case IV
Fig. 7 Calculated/target airfoils and Cp distributions.

HACIOGLU 2201



VGA-DS needs 140 generations to reach BOFVs of 10�5, and its
TTC is (6:5 	 140) 910 s; whereas AGANN2 requires 9 generations,
and its TTC is 129.15 s. This demonstrates that using AGANN2
reduces TTC by 86%. On the other hand, for this test case, the
reduction in CFD solver calls of AGANN2 is 93.6%. The difference
between the two reduction percentages (86 and 93.6%) is 7.6%. It
must be noted that this result is obtained by using a faster CFD solver,
which makes a CFD calculation in less than 0.5 s. A slower but more
realistic solver reduces this difference close to zero. For example, for
Euler solver usage (needs about 75 s per CFD solution), the
difference will be about 0.8%. It is obvious that using amore realistic
Navier–Stokes solver, although it requires much more time than a
Euler solver does, reduces this difference to almost zero. For that
reason, at least for an inverse airfoil design problem, considering the
reduction in CFD solver calls is enough, and there is no need to
compare TTCs.

AGANN does not need excellent prediction fromNN (BPNN) for
each generation. It is sufficient that NN produces more suitable
individuals than the ones already in the population. If NN produces a
more suitable individual, then GA processes benefit from it to
improve the population. Improved populations can then cause NN to
produce individuals more closely fitted to the target. This interactive
process between GA and NN provides rapid improvements in the
population. On the other hand, if NN produces a less well-fitted
individual, the GA process can eliminate it through the selection
phase (Table 3).

Table 3 summarizes some statistical data obtained from
implementation of the GA strategies to test case-III. The individual
source indicates which kind of process produced the individual in the
population. For example, when the GA strategy of AGANN2 was
used, there were three types of individuals in the population:

1) Individuals from conventional GA operations such as
recombination (crossover) or mutation (marked as GA in Table 3).

2) An individual from the distribution of elitism (Sec. II.C,marked
as DSE in Table 3).

3) Two individuals from NN (Fig. 3); one from NN operations for
the entire airfoil, and the other from the application of DS to the NN
process (marked as NN1 and NN-DS in Table 3).

Additionally, the best individual in the previous population is
always transferred to the next population as a result of classical
elitism. REPEAT indicates how many times the previous best
individual repeated during the design process. In other words,
REPEAT indicates how many times the process failed to improve
population.

For AGANN2, 19 generations (not including the initial
population) were allowed for each experiment. Consequently, by
usingAGANN2, a total of 190 generations were produced during the
10 replications of test case-III.Within those 190 generations, the best
individual was produced 42 times byNN1. That is, the number of the
best individual produced (BIP) by NN1 is 42 (see NN1 column in
Table 3). Its share is 22.11%. However, the average fitness value
increasing ratio (AFVIR) of NN1 is 192.8%. That is, when the best
individual was found by NN1, its fitness value increased 192.8% on
average, with respect to the previous best individual. AFVIR
represents the rate of fitness value of the best individual to the
previous one and shows the improvement in fitness value.

The total number of BIP by NN (both for NN1 and NN-DS) for
AGANN2 is 85 (42 from NN1 and 43 from NN-DS) within 190
generations (Table 3). That is, NN succeeds in predicting a more
well-fitted individual 44.7% of the time, or NN is unsuccessful
55.3% of the time due to the disadvantages of BPNN. However, the
AFVIR values of NN1 (192.8%) and NN-DS (199.3%) indicate
rapid improvement in the fitness value and show that the interactive
process between GA and NN works (Table 3). For that reason,
BOFVs of AGANN1 and AGANN2 decreased quickly (Fig. 5).
Moreover, the data of VGA-DS (Table 3) show that the AFVIR of
DSE and GA are 5.4 and 9.0%, respectively, whereas they are 68.9
and 62.9% for AGANN2. That is, the exploration power of GA
increased when NN was used. This also reflects the interactive
process between GA and NN. Additionally, it should be noted that
REPEAT’s share increased from28.42% (inAGANN2) to 49.6% (in
VGA-DS) when NN was not used.

VII. Conclusions

In this paper, the AGANN method, which hybridizes genetic
algorithms and neural networks, was applied to inverse airfoil design
problems. Additionally, the effectiveness of AGANNwas improved
by applying the distribution strategies methodology to its NN phase.
Using NN for augmenting the population, which causes an
interactive process between GA and NN, was the main idea of the
AGANN strategy. The interactive process develops the exploration
ability of the algorithm beyond what is possible with conventional
approaches and provides rapid improvement in the population. The
numerical experiments indicate that AGANN has a remarkable
impact on the number of CFD calculations required for the inverse
airfoil design. Consequently, the main disadvantage of EAs for
aerodynamic design problems is greatly reduced. Furthermore,

Table 2 Comparison of time consumption (case-III)

AGANN2 VGA-DS

Cycles 9 140
Average time consumption per cycle 14.35 s 6.5 s
Total time consumption (9 	 14:35) 129.15 s (140 	 6:5) 910 s
Total time reduction wrt VGA-DS 86% ——

Solver calls reduction wrt VGA-DS 93.6% ——

Table 3 Analysis of generation history of case-III

Individual source of population

NN1 NN-DS DSE GA REPEAT

BIP (total 190) 42 43 15 36 54
AGANN2 Share, % 22.11 22.63 7.89 18.95 28.42

AFVIR, % 192.8 199.3 68.9 62.9 0

BIP (Total 190) —— 57 26 64 53
AGANN1 Share, % —— 30 13.68 28.42 32

AFVIR, % —— 216 37.4 57.22 0

BIP (Total 1990) —— —— 263 743 987
VGA-DS Share, % —— —— 13.22 37.19 49.6

AFVIR, % —— —— 5.4 9.0 0
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because AGANN is a GA-based technique, the method is also as
robust as pureGAs andmay have applications in other inverse design
problems.
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