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Minimizing Computational Data Requirements
for Multi-Element Airfoils Using Neural Networks

Roxana M. Greenman¤ and Karlin R. Roth†
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Arti� cial neural networks were used to � ll in a design space of computational data to optimize the � ap po-
sition for maximum lift for a multi-element airfoil. Multiple-input, single-output networks were trained using
NASA Ames Research Center’s variation of the Levenberg–Marquardt algorithm. The computational data set
was generated using an incompressible Navier–Stokes algorithm with the Spalart–Allmaras turbulence model.
An empirically-based criteria, designated the “pressure difference rule,” was applied to the training set because
numerical inaccuracies for the computational method were identi� ed near maximum lift. The neural networks
were trained with only three values of the inputs: � ap de� ection, gap, and overlap at various angles of attack. The
entire computational data set was thus sparse, and yet by using only 52–70% of the computed data, the trained
neural networks predicted the aerodynamic coef� cients within 1.7% of the maximum lift coef� cient. In addition,
a genetic algorithm and a gradient-based optimizer were integrated with the neural networks to optimize the
high-lift rigging. This new optimization process had a higher � delity and a reduction in CPU time when compared
with an optimization procedure that excluded the genetic algorithm.

Nomenclature
Cd = drag coef� cient, D/(q1 S)
Cl = lift coef� cient, L /(q1 S)
Cm = moment coef� cient, M /(q1 Sc)
C p = pressure coef� cient, p ¡ p1=q1
c = chord, 30 in.
D = drag force
L = lift force
L /D = lift-to-drag ratio
M = pitching moment
ol = overlap
q1 = freestream dynamic pressure, 1

2
½1 V 2

1
Rec = Reynolds number, ½1 V1c=¹1
S = wing area
V = freestream velocity
® = angle of attack
1C p = pressure difference,1C pdiff D Cppeak ¡ C pte

± = de� ection angle
½ = density

Subscripts

f = � ap
max = maximum
nn = neural network computation
s = slat
te = trailing edge
1 = freestream value

Introduction

T HE design of an aircraft’s high-lift system is a crucial part
of the design phase of commercial and military airplanes be-
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cause this system controls the takeoff and landing performance. A
well-designed high-lift system can lead to increased payloads and
increase the operational � exibility by extending ranges and by de-
creasing takeoff and landing distances. Traditionally, high-lift de-
signs have been accomplished through extensive wind-tunnel and
� ight-test programs that are expensive and dif� cult due to the ex-
tremely complex � ow interactions. Recently, computational � uid
dynamics (CFD) has been incorporated in high-lift design.1¡3 For
high-lift applications,CFD can also be expensivebecause the entire
design space is large, grids must be generatedaround geometrically
complex high-lift devices, and complex � ow phenomena must be
resolved. To achieve optimum rapid designs, new computational
tools for speedy and ef� cient analysisof high-lift con� gurationsare
required.

Arti� cial neural networks are a collection (or network) of simple
computationaldevicesused to calculatenonlineardata.4¡6 Recently,
neural networks have been applied to a wide range of problems in
the aerospace industry. One study demonstrated that application of
neural networks to rotor blade design reduced the time required to
optimize the blades.7 Faller and Schreck8 used neural networks to
predict real-time, three-dimensional, unsteady separated � ow� elds
and aerodynamic coef� cients of a pitching wing. It has also been
shown that neural networks trained with measured data predict with
suf� cient accuracy to enable identi� cation of instrumentation sys-
tem degradation.9 Steck andRokhsaz10 have trainedneuralnetworks
to predictaerodynamicforceswith suf� cientaccuracyfordesignand
modeling.As a � nal example, Rai and Madavan11 demonstrated the
feasibility of applying neural networks to aerodynamic design of
turbomachineryairfoils.

Neural networks have been used at NASA Ames Research Cen-
ter to minimize the amount the data required to de� ne the aero-
dynamic performance characteristics of a wind-tunnel model.12;13

It was shown that when only 50% of the data acquired from the
wind-tunnel test was used to train neural nets, the results had the
same predictive accuracy as the experimental measurements. The
success of NASA Ames Research Center’s neural-network appli-
cation for wind-tunnel data prompted this current study 14;15 to use
neural networks to minimize the amount of CFD data required to
accurately train neural networks to predict high-lift aerodynamics
of a particular multi-element airfoil as a function of angle of attack
and a speci� c range of slat and � ap positions.

In this study, neural networks are used to minimize the number
of geometries needed to be computed to accurately de� ne the high-
lift performance of a multi-element airfoil within a given design
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Fig. 1 a) Three-element airfoil, b) de� nition of � ap rigging parame-
ters, and c) de� nition of slat rigging parameters.

space. The three-element airfoil is sketched in Fig. 1a. The compu-
tational training set for the neuralnetworks is generatedusinga two-
dimensional, incompressible Navier–Stokes solver. Brief descrip-
tions of the geometry, grid generation, and the numerical method
are provided in the next section. The neural networks are trained
by using the � ap riggings and angles of attack as the inputs and
the aerodynamic forces as the outputs; they are described in the
Results section. This paper examines the � delity of the computa-
tional database near maximum lift conditions, evaluates the impact
of selective reductionswithin the training data set on the neural-net
predictions, and tests an optimization process in which the neural
networks represent the design space.

Computational Training Set Generation
Geometry De� nition

Extensive wind-tunnel investigations‡ have been carried out for
the geometry shown in Fig. 1 in the 7- by 10-ft Wind Tunnel No. 1
at the NASA Ames Research Center. The model is a three-element
wing whose sections consist of a 12%c LB-546 slat,16 NACA
632-215 Mod B main element, and a 30%c Fowler � ap, where c is
the chord of the cruise wing. There are two different slat-de� ection
angles: 6 and 26 deg. This paper will only present the results for the
6-deg slat (see Ref. 14 for the 26-deg-de� ected slat results). Each
slat has a gaps D 2:0%c and an ols D ¡0:05%c. For the computa-
tional database,27 different � ap riggings were created for each slat
de� ection.The � ap riggingsare combinationsof the � ap de� ection,
gap, and overlap that are de� ned in Fig. 1b. The � ap de� ection an-
gles are ± f D 25:0; 29:0, and 38.5 deg. The three gap settings are
gap f D 1:50; 2:10, and 2:70%c; whereas the overlap settings are
ol f D 0:40, 1.00 and 1.50%c. All gap and overlap values in this pa-
per are expressed in terms of percent chord. In this study, the neural
networks are de� ned to be successfully trained to predict the aero-
dynamic coef� cients when given a set of inputs that are not in the
training set, the outputs are predicted within the experimental error
of the 7- by 10-ft Wind Tunnel results. The experimental error of
the total lift coef� cientCl is §0.02 for Cl < 0:95Clmax and §0.06 for
Cl ¸ 0:95Clmax , where Clmax is the maximum lift coef� cient. There
were no experimental tolerances reported for the drag and moment
coef� cients.

Grid Generation

The grids around the three-elementairfoil are generatedby using
the overset multiple airfoil grid generator (OVERMAGG17 ), which

‡Storms, B., private communication, NASA Ames Research Center,
Moffett Field, CA, July 1997.

is an automatedscript system used to performoversetmulti-element
airfoilgridgeneration.The rule-basedhigh-liftgrid-generationtech-
niques containedwithin OVERMAGG have evolved from the high-
lift CFD applications by Rogers.18 OVERMAGG takes as input
the surface de� nition of the individual elements of the airfoil. It
then creates a surface grid for each individual element by gener-
ating and redistributing points from the given surface de� nition. It
calls the hyperbolic generator (HYPGEN) code19 to generate vol-
ume grids about each element. OVERMAGG also automatically
calls the PEGSUS code20 to unite the individual meshes into an
overset grid system, which is the � nal output of OVERMAGG.

Figure 2 shows the grid system.A total of 121,154grid points are
used, consisting of a 242 £ 81 C-grid around the slat, a 451 £ 131
C-grid around the main element, and a 351 £ 121 embedded grid
around the � ap, which is used to help resolve the merging wake in
this region. The normal wall spacing for all grids is 5 £ 10¡6 chords
and Rec D 3:7 £ 106 . Grid density studies, documented in Ref. 14,
show that this system adequately captures the � ow.

Numerical Method

To generatethe necessarycomputationaltrainingdata, each high-
lift con� gurationis analyzedat 10 different angles of attack. The in-
compressibleNavier–Stokesequationsin two-dimensional(INS2D)
generalizedcoordinatesare solved using the INS2D21;22 � ow solver.
This code has been used extensively to predict multi-elementairfoil
� ows.1;18 INS2D uses an arti� cial compressibilityapproach to cou-
ple the mass and momentum equations. The convective terms are
differenced using a third-order-accurate upwind-biased � ux split-
ting. The equations are solved using a generalized minimum resid-
ual (GMRES) implicit scheme. Because the � ow is turbulent, the
Spalart–Allmaras23 turbulencemodel is used.This turbulencemodel
has been successfully used to compute high-lift � ow� elds.18;24 The
� ow was treated as fully turbulent for all elements in the computa-
tions.

The maximum residual in the solution is reduced by seven or-
ders of magnitude, and the maximum divergence in the converged
solution is on the order of 10¡4 or less. A typical solution on a
Cray C90 computer converged in 200 iterations for a total of 268 s
(10.6 ¹s/iteration/point). As the angle of attack increases and ap-
proaches the angle for maximum lift, the � ow around the airfoil
tends to separate from the upper surface and creates a large wake
behind the airfoil. Inside this separated region, the � ow is recircu-
lating. The � ow� eld near maximum lift is more complex, and, thus,
more time is requiredfor convergence.The solutionsnear maximum
lift converged in 800 iterations for a total of 1072 s.

Neural Networks
The architecture of the neural networks in this study is a multi-

layer network with tangent hyperbolic activation functions in hid-
den layer units, and a linear transfer function in the output unit.
Individual four-input, one-output networks are used to model each
of the desired aerodynamic coef� cients. A NASA Ames Research
Center’s variationof the Levenberg–Marquardt trainingscheme12;25

is used because it provides better accuracy than all other schemes
tested, including the back-propagationtraining method. The single-
outputnetworks for each of the aerodynamiccoef� cientsyield more
precise modeling than multiple-outputnetworks.9;12 The neuralnet-
work contains15 nodes in the hidden layer and Fig. 3 shows a sketch
of the architecture.The neural networks are trained using 250 train-
ing iterations. Reference 14 outlines the process that was used to
determine the correct number of iterations used for training.

The four independent input variables are � ap de� ection, gap,
overlap, and angle of attack ®, as illustrated in Fig. 3. The outputs
are lift, drag, and moment coef� cients Cl , Cd , and Cm , respectively,
and the lift-to-drag ratio L/D. Thus, four different networks are
trained to completely de� ne the aerodynamics. (L/D)nn can also be
computed by the ratio of the lift and drag coef� cients, Clnn /Cdnn ;
however, because this is an important parameter in aerodynamics,
it is computed independently to see if there are any advantages in
accuracy.

The objectiveof this study is to determinethe leastamount of data
required to accurately train the networks. The approach is to create
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Fig. 2 Grid around three-element airfoil (every other point shown for clarity).

Fig. 3 Neural network architecture with 15 nodes in the hidden layer.

different subsets of the computational data that include a portion
of the � ap riggings to train the neural networks. Once the neural
networks are trained with each subset, they are tested for all of the
different � ap riggings for the entire range of angles of attack. The
number of angles of attack in the training set and the testing set may
be different for each high-lift con� guration. The accuracy of the
neural networks are evaluated by computing the rms error for each
aerodynamic coef� cient. For the computational training data set,
the deviations from the neural-net predicted data and the INS2D-
computed value for each angle of attack and for each � ap rigging is
calculated.Then the rms error is calculated for each con� guration.

Results
Computational Training Set

The neural networks are trained with computationaldata consist-
ing of different � ap riggings as shown in Fig. 4. The large numbers
in the shaded boxes in Fig. 4 are the case numbers for particular
� ap riggings. There are three � ap-gap settings of gapf D 1:5; 2:1,
and 2.7%c, and three � ap-overlap settings of olf D 0:4; 1:0, and
1.5%c. The � ap de� ection angles are ±f D 25:0; 29:0, and 38.5 deg.
In this study, 10 angles of attack were computed for each case from
0:0 · ® · 22:0 deg.

Physics of Computational Training Sets

The � ow� eld about a high-lift multi-element airfoil is very com-
plex and dif� cult to compute by any available method.26;27 Some

Fig. 4 Computational cases used to train neural networks.

of the dif� cult features to capture are trailing viscous wakes, whose
strength and location vary with angle of attack, merging wakes and
boundary layers, different transition locations on each of the air-
foils elements, boundary-layerseparation,and reversed � ows in the
main element wake. In addition, the airfoil performancevaries with
Reynolds and Mach number.28;29

Pressure distributions are plotted and compared for two cases
with different slat and � ap de� ections in Fig. 5. The high-lift set-
ting for the � rst case is ±s D 6:0 deg, gaps D 2:0%c, ols D ¡0:05%c,
± f D 38:5 deg, gap f D 2.1%c, ol f D 1:0%c; the second case is ±s D
26:0 deg, gaps D 2:0%c, ols D ¡0:05%c, ± f D 53:0 deg, gap f D
2:1%c, ol f D 1:0%c. Figure 5a shows the slat, main, and � ap el-
ements for both con� gurations.

The 6-deg-de� ected slat con� guration has attached � ow on all
three elements, as seen in Fig. 5b. High-suction pressures are ob-
served on the slat for this case. Sharp spikes are evident in the
pressures near the element trailing edges, particularly the � ap. This
is caused by the numerical grid that comes to a sharp point at the
trailing edge. There are multiple spikes in the pressure distribution
near the leading edge of the � ap that are attributed to the geometry
of the � ap. The � ap geometry at this region is faceted in the origi-
nal model. The pressure spikes indicate that the � ow is accelerating
around the corners of these facets. In contrast, the ±s D 26.0-deg
con� guration has a very different pressure distribution.Examining
the pressuredistributionand particle traces (not shown)of the airfoil
show that the slat and the � ap have separated� ow. Numerical meth-
ods, including the one used to generate the computational training
set, have dif� culty predicting severely separated � ows and can re-
sult in extraneous nonlinearities. These nonlinearities will lead to
higher errors in the neural-net characterizationof the data.
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Fig. 5 Comparison of slat-de� ection aerodynamics: ±s = 6.0 deg, gaps
= 2.0%c, ols = ¡ 0.05%c, ±f = 38.5 deg, gapf = 2.1%c, olf = 1.0%c,
® = 10 deg; and ±s = 26.0 deg, gaps = 2.0%c, ols = ¡ 0.05%c, ±f =
53.0 deg, gapf = 2.1%c, olf = 1.0%c, ® = 10 deg: a) high-lift riggingsand
b) pressure distribution.

Fig. 6 Computational lift coef� cient vs angle of attack for ±s = 6.0 deg,
gaps = 2.0%c, ols = ¡ 0.05%c, ±f = 38.5 deg, gapf = 2.7%c, olf = 0.4%c.

Maximum Lift Criteria

Figure 6 shows a plot for the computed lift curve for the con� g-
uration ±s D 6:0 deg, gaps D 2:0%c, ols D ¡0:05%c, ± f D 38:5 deg,
gap f D 2:7%c, ol f D 0:4%c. It is shown that the computational
curve (solid line) continues to increase and thus does not accurately
predict the maximum lift. Previous studies27 have also shown that
state-of-the-art two-dimensional computations cannot accurately
predict maximum lift. Further, Rogers has demonstrated that a two-

dimensional CFD prediction using INS2D of a NACA 4412 airfoil
predicts Clmax to be too high and at too high an angle of attack.30

No current computational method has been shown to resolve all of
these features for high lift and accurately predict maximum lift.

Valarezo and Chin27 reported a hybrid method that couples cost-
effective CFD technology with empirically observed phenomenon
to predict maximum lift for complex multi-element wing geome-
tries. Their semi-empirical Clmax criteria for multi-element airfoils
orwings,designatedthe“pressuredifferencerule” (PDR), states that
for a given Reynolds and Mach number combination, there exists
a certain difference between the peak suction pressure coef� cient
and the trailing-edgepressurecoef� cient, 1Cpdiff D C ppeak ¡ C pte , at
the maximum lift condition. For the � ow conditions of this study,
the pressure difference value is ¡13:0. The rule is applied to each
element of the airfoil. The slat is the element that has pressure dif-
ferences greater than the acceptable value, thus, it is the critical
element in determining the maximum lift.

To see if the neural networks would predict the aerodynamicdata
better once the pressure difference rule is applied, the neural net-
works are trained with the entire data set for the 6-deg-de� ected slat
and then also with the data set that satis� es the pressure difference
rule. As Fig. 6 illustrates,the PDR predicts that maximumlift occurs
at an angle of attack of ® D 12:0 deg; thus, only the data up to and
including ® D 12:0 deg (dashed line) is used in the training set for
this particular high-lift rigging.

The comparison of the rms error for each training set is shown
in Fig. 7 for cases 1–27. For all four outputs, Cl , Cd , Cm , and L/D,
the rms error is much lower when the PDR is applied. As expected,
the training data are better behaved and the neural network is able
to predict the aerodynamic characteristicsmore accurately.

Minimizing Training Data Samples

Even though the computationaldatabase that is used for training
is sparse,a studywas conductedto see how much furtherthe training
set could be reduced and still allow the neural networks to predict
within the acceptableaccuracy.By reducingthe trainingdata set fur-
ther, the requiredcomputationalresourcescan be decreased.Several
subsets of the computationaldata are created to train the neural net-
works and to test the accuracyof the prediction.Each con� guration
that is generated has its � ow� eld computed at several angles of at-
tack, but not necessarily at the same angles. The number of angles
of attack also varies for each con� guration. In general,once the grid
is generated, it does not acquire extra engineering effort to com-
pute solutions at different angles of attack. The neural networks are
therefore trainedusing data sets (denotedby methodnumbers in this
paper), which contain various numbers of con� gurations but all of
the angles of attack for each con� guration. Nine methods of train-
ing were manually selected and evaluated for both the ±s D 6:0- and
26.0-degcon� gurations,as discussedin Ref.14.Similar resultswere
reported for each slat con� guration.14 Only a representative subset
of the trainingmethods is reported here becauseof space limitation.

Method 1 designates the training set that includes all of the con-
� gurations in the training set. As expected, this has the lowest rms
error for all of the training methods tested because all of the con-
� gurations tested are included in the training set. The rms errors
for Cl , Cd , and Cm are shown in Fig. 8. Method 1 represents the
training data in a nonlinear fashion for all four inputs (±f , gapf , ol f ,
and ®). Method 1 predicts Cl , Cd , and Cm with almost no error for
all 27 cases. Case 27, which has a � ap setting of ±f D 38:5 deg,
gapf D 2:7%c, and olf D 1:5%c, has the highest prediction error.
This case is at the boundary of the design space, and, hence, is not
as well de� ned as the points on the interior of the design space.

The next method that is used to train the neural networks is
method 2, which has a nonlinear representation (three values used
to represent data) of the � ap de� ection and angle of attack. The
other two inputs, � ap gap and overlap, are represented in a linear
(two values used to represent data) manner. This method contains
56% of the con� gurations in the entire training set. In Fig. 9, the
boxes that are shaded represent the cases that are in the training
set, whereas the numbers in the white boxes and in the parentheses
are the cases that are omitted from the training set. The rms errors
are low for the cases that are in the training set and high for the
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Fig. 7 Comparison of rms error for maximum lift criteria: a) Cl, b)
Cd , c) Cm , and d) L/D rms errors.

cases that are not included in the training set. The Cl rms error is
greater than the acceptable limit. This method was expected to do
poorly because it represents the aerodynamic data as linear when it
is known to be nonlinear.

Training method 5 is a checkerboardmethod alternatingbetween
� ap con� gurations as shown in Fig. 10. For ±f D 25 and 38.5 deg,
the corner and middle high-lift riggings are used in the training
set. In contrast, the interior ones are kept in the training set for
±f D 29:0 deg. Thus, there is representation in the training set for

Fig. 8 Summaryof rms error from neural-network prediction of aero-
dynamic coef� cients for method 1.

Fig. 9 Summaryof rms error from neural-network prediction of aero-
dynamic coef� cients for method 2.

everyhigh-liftriggingcombination,even thoughtheyare forvarious
� ap de� ections. The rms errors (Fig. 10) show that the prediction
for Cl , Cd , and Cm are very good for the cases that are in the training
set. Even though there are a few cases that were not included in the
training where the Cl rms error is high, the prediction for most of
the cases is quite good. The Cd prediction for most of the cases
(includedor not in the training set) is good. The moment coef� cient
prediction is accurate for most of the con� gurations in the training
set. Also, the Cm prediction is good for more than half of the cases
omitted in the training set.

To further improve the accuracy of the prediction while still re-
ducing the number of con� gurations relative to the full training set,
careful selectionsof the con� gurations contained in the training set
were created. An example of a subset that was very successful in
training the neuralnetworks to predict the aerodynamicsof the � ap-
edge geometry is method 8. Method 8 contains 70% of the data of
the full training set. As is apparent by the error bars in Fig. 11, the
error is low for most cases and is well within the acceptable error,
even for cases that are not in the training set. The Cl rms errors
are exceptionally high for cases 6, 9, and 22, but the drag and mo-
ment coef� cient predictions are very good. Overall, the prediction
characteristicsare good for this method.

Several other approaches of choosing subsets for the training
set were used. These methods range from 48 to 74% of the entire
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Fig. 10 Summary of rms error from neural-network prediction of
aerodynamic coef� cients for method 5.

Fig. 11 Summary of rms error from neural-network prediction of
aerodynamic coef� cients for method 8.

training set. The various methods are shown in Fig. 12. The mean
and standard deviation of each method’s rms error of the lift, drag,
and moment coef� cients were calculated to evaluate the accuracy
of the predictions obtained using the various training sets. As ex-
pected, method 1 (refer to Fig. 8) has the lowest mean and standard
deviations of rms errors for all three aerodynamic coef� cients be-
cause the training set contains100% of the data, as shown in Fig. 13
for the 6-deg-de� ection slat. The highest rms error is obtained by
method4, which contains55% of the data.This method is generated
by choosing the corners and the center of each de� ection matrix as
shown in Fig. 12. By examining this method, one sees that there is
not enough representationof the olf D 1:0%c or gapf D 2:1%c data
to train the neural networks. This led to the more carefully chosen
methods of 5, 8, and 9.

Method 5 (Fig. 10) is the most accuratemethodof training if only
»50% of the data is available.Method 5 consists of 52% of the data.
If more computer resource are available, methods 8 and 9 can be
used to train, because they have the lowest mean rms errors besides
method1. Methods8 and 9 contain70 and 74% of the entire training
set, respectively, and their mean rms error is within the acceptable
error. Thus, with only 70% of the sparse training set, the neural
networks can accuratelypredict the computationaldatabase for this
multi-element airfoil.

Fig. 12 Additional methods to create training sets. Methods: a) 3, b)
4, c) 6, d) 7, and e) 9.

Example of Neural Network Prediction

The neural network’s ability to predict the aerodynamics of a
high-lift rigging that is not included in the training set is tested by
training the neural network with method 8, which contains 70% of
the full training set and comparing the predicted values denoted by
an open square with the INS2D calculatedvaluesdenotedby a � lled
diamond in Fig. 14. The speci� c con� guration studied consisted of
a � ap high-liftsetting of ± f D 27:0 deg, gapf D 2:4%c, olf D 1.1%c,
which is not used to train the neural networks as shown in Fig. 14.
The lift coef� cient vs angle of attack for both the INS2D and neural
network calculationsare shown in Fig. 14a. The neural network ac-
curately predicts Cl for all angles of attack tested. In this case, the
pressure difference rule predicted ® D 10:0 deg to be the location
of maximum lift. Thus, the neural network was only tested from
® D 0:0 to 10.0 deg. The neural network did not predict the drag co-
ef� cient exactlyas seen in Fig. 14b; however, the neuralnetwork did
predict the same trend as the INS2D results.The neuralnetwork un-
derpredicteddrag for all angles of attack except ® D 2:0 deg, where
it predicted the value very close to the numerical value. The pitch-
ing moment, except for a small Cm0 shift, was accurately predicted
by the neural network, as illustrated in Fig. 14c. The lift-to-drag
ratio prediction shows the same trends as the INS2D calculatedval-
ues, except for the value at Cl D 2:46. (L/D)nn is also calculated
from Clnn /Cdnn ) and is also shown in Fig. 14d (denotedwith an open
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Fig. 13 a)Meanand b)standarddeviationsof the rms error for various
subsets of the training data for slat de� ection of 6 deg.

circle) to test if the neural network to predict L /D is necessary.
These predictedvalues are inaccurate.This occurs because the drag
coef� cient was predicted inaccurately and the errors are ampli� ed
in calculating Clnn /Cdnn . Overall, however, the neural networks ac-
curatelypredicted the aerodynamicsof a high-lift rigging that is not
included in the training set that contains only 70% of the data.

The neural networks can also be used to � nd the angle of at-
tack where Clmax occurs by � nding the angle of attack where
1C p D ¡13:0 with nearly no additional computer resources. An
additional neural network is trained to predict 1Cp . For this
high-lift con� guration, the neural networks predict Clmax D 3:61
at ® D 10:56 deg. To check the accuracy of the neural networks,
INS2D calculations are performed. The INS2D results show that
Clmax D 3:57 and occurs at ® D 11:04 deg. The neural networks pre-
dict Clmax within the acceptable error of §0.06 for Cl ¸ 0:95Clmax ,
but underpredicted the angle of attack for Clmax .

Optimization with Neural Networks

Neural networks are also used in this study to develop an op-
timization process that will reduce the amount of computational
data required to � nd the highest value of the objective function.14;15

The neural networks are used to represent the design space and
then a gradient-based optimizer, non-linear programming solver
(NPSOL)31 and/or a simple genetic algorithm§ is deployedto search
the design space for an optimal solution.For these optimizers to de-
termine the optimal solution, many function evaluationsneed to be
calculated. This can be expensive when using CFD because a new
grid needs to be generated and the � ow solution must be solved for
each evaluation. However, by integrating a trained neural network

§Cheung, S., private communication, Oct. 1998.

Fig. 14 Comparison of aerodynamic characteristics computed using
INS2D and neural nets for a con� guration not included in the train-
ing set, ±s = 6.0 deg, gaps = 2.0%c, ols = ¡ 0.05%c, ±f = 25.0 deg,
gapf = 2.1%c, olf = 1.0%c: a) Lift vs angle of attack, b) drag vs an-
gle of attack, c) pitching moment vs angle of attack, and d) lift-to-drag
ratio.
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to the optimizers, the information required can now be quickly de-
termined from the neural network.

This current study integrates the genetic algorithm to the neural
networks and then NPSOL is used. The genetic algorithm is used
to approximate the global maximum. The solution obtained from
the genetic algorithm is then used as a starting point for NPSOL.
NPSOL is then expected to � nd a more accurate maximum. The
gradient-basedoptimizers do not guarantee a global maximum, but
only an improvement; whereas simple genetic algorithms � nd an
approximationof theglobal.Executingthegradient-basedoptimizer
after the genetic algorithm is a relatively quick and ef� cient way to
� nd a more accurate maximum.

The current results are compared with a previous optimization
study that integratedonly a gradient-basedoptimizerwith the neural
networks.14;15 In both studies the design variables are the � ap de-
� ection, gap, overlap, and angle of attack. The objective function is
to maximize the lift coef� cient with a constrainton the pressuredif-
ference,1C p ¸ ¡13:0. Method9 was used as the training set for the
neural networks. The genetic algorithm determined that the modi-
� ed con� gurationwas ±f D 35:8 deg, gapf D 2:10%c, ol f D 1:14%c,
® D 9:73, and Cl D 3:96. These were used as the starting values for
NPSOL and only one optimization run was executed. The modi-
� ed con� guration was found to be ±f D 36:0 deg, gapf D 2:14%c,
olf D 1:20%c, ® D 9:82, and Cl D 3:97. The previous study (with-
out genetic algorithms) performed � ve NPSOL iterationsand deter-
mined that the best improvementwas ±f D 37:5 deg, gapf D 2:08%c,
olf D 0:40%c, ® D 9:00, and Cl D 3:94. By including the genetic al-
gorithminto theoptimizationprocedure,themodi� ed lift coef� cient
was increased by 0.76%.

In addition,thenew optimizationprocessthat includesthe genetic
algorithms is higher in � delity and is also more ef� cient. The total
CPU time to execute the optimizationprocedure with only NPSOL
integrated to the neural networks is 377.6 s,14;15 and the time to
execute the optimizationprocess that includedthe geneticalgorithm
is only 115.2 s, which is a 69.5% decrease in CPU time.

Conclusions
Neural networks were used to � ll in a design space of computa-

tional data to optimize the � ap position for Clmax for a multi-element
airfoil.Because numerical inaccuracieswere identi� ed for the com-
putational method near maximum lift, a semi-empirical maximum
lift criteria, designatedPDR, was applied to the computationaldata.
Although the PDR was applied to all three elements, the slat was
found to be the critical element in locating maximum lift for this
airfoil. The neural networks were initially trained with only three
values for the � ap de� ection, gap, and overlap at 10 angles of at-
tack. These trained networks predicted the aerodynamic lift, drag,
and moment coef� cients to within the experimental error (roughly
1.7% of Clmax / for the three-element airfoil. Moreover, through se-
lective reductions of the database, accurate neural-net predictions
were obtained when using only 52–70% of the computed data in
the basic con� guration matrix. Finally, the neural networks were
integrated with a genetic algorithm and a gradient-basedoptimizer
to � nd the optimal high-lift rigging. In comparison with a previous
optimization process that did not include the genetic algorithm, the
optimization produced a con� guration with a 0.76% increase in lift
while decreasing the CPU time for the optimization by 69.5%.
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