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Abstract: Every aerodynamic optimization is proceeded by a parameterization of the studied aerial
object, and due to its influence on the final optimization process, careful attention should be made in
choosing the appropriate parameterization method. An aerodynamic optimization of a morphing
trailing edge is performed using a free-form deformation parameterization technique with the pur-
pose of examining the influence of the initial conditions of the parameterization on the optimization
results, namely on the number of control points. High-fidelity gradient-based optimization using the
discrete adjoint method is established by the coupling of OpenFOAM and Python within the DAFoam
optimization framework. The results indicate that the number of control points has a considerable
effect on the optimization process, in particular on the convergence, objective function value, and on
the deformation feasibility.

Keywords: deformative parametrization; gradient-based optimization; UAS-S45; morphing flap;
FFD control points; DAFoam optimization framework; OpenFOAM

1. Introduction

Aerodynamic shape optimization has recently been the focus of many studies in the
field of aeronautics, due to its significant contribution in the improvement of aircraft and
unmanned aerial vehicle (UAV) performance. In the aerodynamic shape optimization, the
choice of an adequate parameterization method to change the wing shape is of paramount
importance before the start of the optimization process, meaning that the more realistically
the wing shape can be parametrized, the more accurate and robust the optimization results
are. The overall optimization process, including its computation time, robustness, and
solution precision are strongly dependent upon the chosen parameterization technique [1].

The optimization process, whether it has one-objective or a multi-objective [2,3], is
always linked with how the optimizing model is defined or parametrized mathematically.
A successful parameterization method is characterized by its ability to cover a large design
space using a limited set of design variables [4]. Shape parameterization methodology is
divided into two categories: “constructive” and “deformative”. In constructive methods, a
wing is generated using a series of specified parameters, while in deformative methods,
such as free-form deformation, a wing is generated by changing its initial shape.

In a comparative study, Sripawadkul et al. [5] compared five constructive parame-
terization methods: the Ferguson method, B-Splines, Class-Shape Transformation (CST),
PARSEC, and Hicks–Henne bump functions. Several desired characteristics were applied
as criteria to find the best parameterization method. The comparative study showed
that these metrics could be applied as a basis for objective function comparison, and that
the best parameterization method is dependent upon the problem at hand. A survey
of shape parameterization techniques for multidisciplinary optimization was performed
by Samareh [6], which was focused on the stability of the available parameterization
techniques for the multidisciplinary optimization of aerospace applications of complex
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structures. Eight different parameterization techniques were reviewed: partial differen-
tial equations (PDEs), discrete, analytical, polynomial and spline, free-form deformation
(FFDs), basis vector, and CAD-based. It was concluded that the choice of the shape of the
parameterization technique depends on six criteria: the parameterization accuracy, the
disciplines involved, the automatic grid generation, the optimization algorithms, the cycle
time, and the CAD direct connection. In recent years, several aerodynamic optimization
with different optimization algorithms and parametrization methods have been performed
in the Active Control, Avionics, and AeroServoElasticity Research Laboratory (LARCASE).
Table 1 shows these studies in detail.

Table 1. List of research conducted on at LARCASE using different optimization algorithms and
parametrization methods.

Year Author Morphing Approach Optimization Process Parameterization
Method Objective Functions

2015 Gabor et al.
[7] Upper surface Artificial Bee Colony

(ABC) + BFGS NURBS Transition delay

2016 Gabor et al.
[8] Upper surface Artificial Bee (ABC) + BFGS NURBS Lift-to-drag ratio

maximization

2016 Gabor et al.
[9] Upper surface Artificial Bee Colony (ABC) NURBS Drag minimization

2017
Koreanschi

et al.
[10]

Upper surface and
aileron

Genetic Algorithm
(GA) Cubic spline Drag minimization

And transition delay

2021 Bashir et al.
[11] Leading and trailing edge Particle Swarm Optimization

(PSO) Bezier-PARSEC Drag minimization and
endurance maximization

2022 Bashir et al.
[12] Leading edge Black Widow Optimization

(BWO)
Class shape

transformation (CST)
Drag minimization and

endurance maximization

2022 Bashir et al.
[13] Trailing edge Black Widow Optimization

(BWO) Makima Lift-to-drag ratio
maximization

2023 Negahban et al.
[14]

Combined chord and
trailing edge morphing

Gradient-based optimization
with discrete adjoint method FFD Drag minimization

NURBS: Non-Uniform Rational B-Splines. FFD: Free-Form Deformation.

In recent decades, morphing wing technology [15–17] has proven to be the main
candidate to be applicable in the next generation of aircrafts; therefore, many studies, have
been performed on morphing wings, due to their unquestionable benefits in improving
aerodynamic efficiency. Numerous aerodynamic shape optimizations have been performed
using different morphing wing approaches, including trailing edge, leading edge, upper
surface, and overall wing shape morphing. Secanell et al. [18] investigated six flight
conditions: stall, takeoff run, climb gradient, rate of climb, cruise, and loiter, and for each
of these conditions, the morphing shape was studied through a high-fidelity aerodynamic
optimization. The results showed a significant reduction in the airfoil drag coefficient on
the morphing airfoil. Botez [19,20] presented recent studies conducted at the Laboratory in
Active Controls, Avionics, and AeroServoElasticity (LARCASE), in which morphing wing
optimization was performed with different parameterization methods and optimization
algorithms. Using constructive parameterization, Koreanschi et al. [10] applied three
different optimization algorithms, including a Genetic Algorithm (GA), an Artificial Bee
Colony (ABC) algorithm, and a Gradient Descent algorithm for the optimization of the
wings’ upper surface using the NURBS parameterization technique. Bashir et al. [11]
performed an aerodynamic shape optimization for the morphing leading edge (drooped
nose leading edge) using the Bezier-PARSEC parameterization method and an evolutionary
Particle Swarm Optimization (PSO) optimization algorithm. In another study [12], the
CST parameterization method was implemented on a morphing leading edge by adding
local shape changes. However, in the optimization of the whole wing section, the whole
aircraft or UAV constructive parameterization methods may lose their efficiency, since



Appl. Mech. 2023, 4 306

in these problems, the number of design variables, unlike in two-dimensional cases, are
of the order of one hundred or more. For this reason, deformative techniques, such as
CAD-based models or the free-form deformation (FFD) technique are recommended for the
optimization of 3D wings or whole aircraft, based on [21–23], as these techniques have been
proven to be efficient because of their flexibility in solving problems with a high number of
design variables of the order of 102.

Many optimization problems that use the FFD technique for the optimization of the
whole wing and aircraft are available. He et al. [24] applied the FFD parameterization
technique on UAV and Common Research Model (CRM) wings, using 127 and 201 design
variables, respectively. In a subsequent study [25], they applied the FFD parameterization
method in the optimization of an Ahmed body and of a full model car.

In [26], a CRM Wing–Body–Tail (whole aircraft), with a total of 227 design variables, a
blended tube, and a turbine blade, was also parametrized with the FFD technique. Based
on these studies, the FFD technique is the most feasible methodology for solving problems
with a high number of design variables.

In the present study, an aerodynamic shape optimization is performed on the mor-
phing trailing edge. Among the morphing configurations, the trailing edge morphing
is the most commonly studied, due to its conspicuous influence on flight performance,
especially in cruise flight. Numerous studies from aerodynamic [27,28], structural [29,30],
and aeroelastic [31] aspects of this morphing configuration have been studied in recent
years. In this study, we optimize the morphing trailing edge of the UAS-S45 wing using the
FFD parameterization technique. The UAS-S45 is a surveillance unmanned aerial system
designed and manufactured by Hydra Technologies in Mexico. A complete aerodynamic
model of this UAS-S45 is presented in [32,33]. Figure 1 shows the UAS-S45 with different
morphing configurations obtained from studies conducted at the LARCASE.
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This study is performed using a high-fidelity optimization framework. To the best of
the authors’ knowledge, most of the optimization problems in the literature on morphing
wings have been conducted using low-fidelity aerodynamic optimization tools, such as
XFoil. This study utilizes a high-fidelity optimization tool, the DAFoam optimization
framework [26]; however, the main focus of this study is on the parameterization using
the FFD technique, with the objective of obtaining optimization results by enhancing the
accuracy of parameterization before the optimization process. In the FFD parameterization,
the number of control points has a direct impact on the design of the optimization problem,
meaning that it affects the fidelity of the final design. Therefore, in this paper, the FFD
parameterization flexibility in terms of the number of control points is considered. Too few
control points (depending on the case studied) will cause some parameters of the design
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space, such as displacement magnitude, to be neglected and will also cause premature
local convergence and inaccurate mesh deformation, while too many design points will
cause mesh overlap and a longer optimization process, and thus, higher computation cost.
Therefore, it is important to find the correct number of control points before starting the
optimization problem. Basically, in FFD parametrization, the number of control points is
determined by trial-and-error since there is no direct method to find the exact number of
control points. This study is conducted to show the FFD control points flexibility and to
compare the results obtained for different number of control points and their influences
on the results obtained following the optimization process of a morphing airfoil. This
study ensures the validation of the optimization results before starting the optimization;
this process could be extended to any optimization problem conducted with the FFD
parameterization technique.

2. Methodology
2.1. FFD Parameterization Technique

The FFD parameterization technique was first proposed by Sederberg and Parry [34].
They introduced a new way to modify a solid model, so that its volume remains the same.
Their mapping scheme was based on tri-variate Bernstein polynomials with control points
being their coefficients. Since then, the mapping scheme has since evolved to use tri-variate
Bezier, B-spline, or NURBS polynomials. In this mapping technique, the geometry of any
size is embedded inside a lattice, called FFD block, with its corresponding control points.
The lattice consists of B-spline control points, which, when altered, deform the shape of
embedded body. The number of control points and their displacements are dependent
upon the geometry and the deformation zone. In Equation (1), the Newton’s method is
used to map the parameter space into physical space, while the embedded object, which is
inside a cartesian space, is mapped into the initial tri-variate B-spline volume [35]:

→
P(u, v, w) =

nu

∑
i=0

Ni,mu(u), Nj,mv(v), Nk,mw(w)Qi,j,k (1)

where
→
P is the vertices of the initial embedded object Ni,mu , Nj,mv , and Nk,mw , which is the B-

spline basis functions of degree mu, mv, and mw, and Qi,j,k is the initial deformation lattice.
The basic functions are calculated in Equation (2):

Ni,lu =

{
0, ui ≤ u ≤ ui+1

1, otherwise

and
Ni,mu(u) =

u− ui
ui+mu−1 − ui

Ni,mu−1(u) +
ui+mu − u

ui+mu−ui+1 − ui
Ni+1,mu−1(u) (2)

After the deformation, the B-spline volume, calculated in Equation (1) is substituted
by a new B-spline volume with control points Qnew

i,j,k , which leads to Equation (3):

→
P

new
(u0, v0, w0) =

nu

∑
i=0

Ni,mu(u0), Nj,mv(v0), Nk,mw(w0)Qnew
i,j,k (3)

where
→
P

new
represents the object’s vertices after deformation.

Since FFD blocks parameterize the geometry variations rather than the geometry itself,
it is therefore only necessary to use a set of design variables that span the desired geometry
modification [36].
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As the FFD blocks are represented by tri-variate B-spline volumes, the sensitivity of
any point inside the volumes can be calculated according to Equation (4).

∂Xpt

∂xdv
=

∂Xcoe f

∂xdv

∂Xpt

∂Xcoe f
(4)

where Xpt is the spatial coordinates of the embedded points, xdv is the design variables, and

Xcoe f is the spatial coordinates of the FFD block control points. In Equation (4),
∂Xcoe f
∂xdv

shows
the derivatives of control points’ motion with respect to the actual design variables, and

∂Xpt
∂Xcoe f

is the shape function. In this study, to examine the FFD parameterization in terms of
number of control points, five sets of FFD blocks with different numbers of control points
for the same block topology and the same morphing configuration are examined. Figure 2
shows the S-45 airfoil embedded inside the FFD block. Two FFD blocks are used, one for the
undeformed part (white block: 70% of the chord length) and one for its morphing trailing
edge (red block: 30% of the chord length). As depicted in Figure 2, the control points shown
in green are the ones that are free to move in a vertical downward direction, while the rest
of them (the ones without color) are constrained to zero movement in every direction.
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2.2. DAFoam Optimization Framework

For large-scale optimization problems on an aircraft’s wing or a whole aircraft, gradient-
based optimization is an efficient tool, as it is capable of locally finding a set of design
variables to maximize the aircraft’s performance. By using this optimization tool, DAFoam
is capable of handling large-scale optimization problems in aerodynamics. Thus, its high-
fidelity optimization framework ensures the reliability of the optimization results. In the
field of aerodynamic optimization, most previous studies have used low-fidelity optimiza-
tion approaches [7–13], in particular XFoil or XFLTR solvers, which solve the potential flow
equations rather than the Reynolds-averaged Navier–Stokes (RANS) equations. However,
the DAFoam optimization framework, developed in 2019 by the Multidisciplinary Design
Optimization (MDO) laboratory team at Michigan University [26], is capable of handling
optimization problems with many design variables by using a high-fidelity solver, namely
OpenFOAM. DAFoam uses an adjoint method to compute the derivatives of design vari-
ables, thereby making the computation cost independent on the number of design variables
but dependent on the number of functions of interest, which are the functions of design
variables and the state variables [24]. In this optimization framework, OpenFOAM uses
the RANS equations for calculating the aerodynamic parameters, and the object-oriented
discrete adjoint-based optimization process in Python is coupled with OpenFOAMs steady-
state solvers. For the computation of the adjoint equation, which contains the residual
equations and function of interest, graph coloring is used to accelerate its calculus by
dividing the Jacobian matrix into subgroups (of various colors), where the objective and
residual computation routines are called only once instead of multiple times (see [37,38] for
details regarding graph coloring).

Several benchmark studies have been performed using the DAFoam optimization
framework in [24–26] to solve different aerodynamic problems, all of which confirm its
validity and efficiency.

2.3. Optimization Numerical Setup

This study was performed for the UAS-S45 cruise flight condition, in which the speed
was taken from its operation manual. Therefore, the corresponding cruise speed for the
UAS-S45 is 70 knots (28.29 m/s) and the corresponding altitude is 15,000 ft. The turbulence
model is Spalart–Allmaras, where the turbulence intensity is equal to 1%. To verify that
the optimization results are independent to the mesh density, three different number of
elements (31,598, 117,068, and 198,758) were chosen for numerical model studies, and it
was found that the error between the lowest and highest number of element results in
terms of CL/CD was as low as 1.9%; therefore, the lowest number of elements was chosen
for the optimization studies of all five cases. Figure 3 shows the density of elements around
the airfoil with the chosen number of elements (equal to 31,598). The surfaces to which
the airfoil is attached are defined as the symmetry boundary, while the rest of the domain
(inlet, outlet, upper, and lower surfaces) have the InletOutlet boundary condition, a specific
boundary condition in OpenFOAM. In this boundary condition, the boundary switches
between “zero gradient” and “fixed value” condition, when the fluid flows out the domain
and into the domain, respectively.

The optimization is performed based on the above CFD setup, where the objective
function is lift-to-drag maximization and where the lift coefficient is defined as an inequal-
ity constraint function (Cl min ≤ Cl ). The minimum lift coefficient is found before the
optimization process, and is used in the constraint function to prevent the lift coefficient
from being lower than the minimum lift coefficient during the optimization. To have a
linear deflection in the spanwise direction, a linear constraint is applied to have the same
magnitude of deformation in the spanwise direction for each control point. The deflection
is then constrained in a downward direction with a maximum value of 15 mm, while the
deflection in the upward direction is confined to zero; therefore, the flap is only deflected
in a downward direction.
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To compare the results obtained from different FFD parameterization setups, four
criteria are considered: optimality error, convergence time, objective function, and defor-
mation feasibility (realistic deformation in practice). Optimality error is a criterion for the
evaluation of the optimization accuracy; it shows how well the objective function could be
minimized or maximized, meaning that as its value approaches to zero, it shows that the
objective function is optimized to the greatest or least value possible, which gives an idea
of how well the solution is converged.

2.4. Optimization Process for a Morphing Trailing Edge Flap

The optimization is performed in this research using a gradient-based optimization
that uses a discrete-adjoint method. OpenFOAM is used as the flow solver, while the
generation of the FFD block and the optimization algorithm are conducted in Python. In
this study, the optimization is performed to solve a non-linear problem with continuous
constraints. An Interior Point Optimizer (IPOPT) is used, as it is suitable for solving non-
linear programming problems with continuous constraints by minimizing or maximizing
the objective function that is subjected to several constrained functions, as follows:

min f (x)

subjected to : LB ≤ g(x) ≤ UB (5)

LB ≤ x ≤ UB

where f (x) is the objective function, g(x) is the constrained function, x is the design
variables, and LB and UB represent the lower and upper bounds, respectively.

IPOPT uses filter methods with line search, and the first and second derivatives of
the functions of interest, Jacobians, and Hessians, respectively, are obtained using the
Automatic Differentiation (AD) method; however, the Hessian matrix does not need to
be calculated, since in cases when the second derivatives are not available, the quasi-
Newton methods are used, such as Broyden–Fletcher–Goldfarb–Shanno algorithm (BFGS).
The approach used in this study is the trailing edge morphing for the UAS-S45 with the
objective function of lift-to-drag maximization. FFD parameterization is applied to this
morphing wing configuration, and different criteria, as mentioned in the first section, are
analyzed based on the results obtained from the optimization results. Figure 3 shows
the overall optimization process needed to solve this problem, while Table 2 shows the
optimization setup for the UAS-S45 airfoil with morphing trailing edge (MTE). In this
study, five cases were optimized, which were distinct in terms of the number of control
points on the trailing edge. The minimum number of control points belongs to case 1,
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with 8 control points, and the maximum number belongs to case 5 with 24 control points
(Table 2). Figure 4 shows the overall optimization process in this study.

Table 2. Optimization setup for the morphing trailing edge of the UAS-S45.

Function/Variable Description Case

Objective function 1 2 3 4 5
max. Cl/Cd Lift-to-drag ratio

With respect to:
y TE FFD control points 8 12 16 20 24
α Angle of attack 1 1 1 1 1

Total design variables 9 13 17 21 25
Subject to:

Cl = 0.38514 Constraint function
0 ≤ ∆y ≤ 15 mm Design variable bounds

∆yupper
z=0 = ∆yupper

z=1 Linear constraint
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The optimization is performed based on the above CFD setup, where the objective
function is lift-to-drag maximization and where the lift coefficient is defined as an inequal-
ity constraint function (Cl min ≤ Cl ). The minimum lift coefficient is found before the
optimization process and is used in the constraint function to prevent the lift coefficient
from being lower than the minimum lift coefficient during the optimization. To have a
linear deflection in the spanwise direction, a linear constraint is applied to have the same
magnitude of deformation in the spanwise direction for each control point. The deflection
is then constrained in a downward direction with a maximum value of 15 mm, while the
deflection in the upward direction is confined to zero; therefore, the flap is only deflected
in a downward direction.

3. Results and Discussion

The optimization results are compared for five cases, in which different number of
control points are considered. Various criteria, including convergence time, number of
iterations, optimality error, and objective function values are compared for different number
of control points. Figure 5A,B shows the optimality error of the optimization process for
each case. In Figure 4A, it can be seen that for the cases 1 to 3, where the number of control
points are lower than for cases 4 and 5, the convergence is reached with a low number of
iterations and is of the order of 10−6. However, for cases 4 and 5 (Figure 5B), a satisfactory
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convergence is not achieved even after 50 iterations and is of order of 10−2 and 10−3 for
cases 4 and 5, respectively. Table 3 shows the comparison of five cases in terms of the
convergence time, number of iterations, optimality, and Cl/Cd.
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Table 3. Comparison of the optimization results for five cases.

Case Nr. Control
Points

Run Time
(Sec.) Itr. Nr. Optimality

Error Initial Cl/Cd Opt.
Cl/Cd

Gain
%

1 8 218.732 6 9.63 × 10−7 34.548 38.522 10.3
2 12 258.512 6 4.55 × 10−6 34.532 39.547 12.7
3 16 504.096 7 2.67 × 10−6 34.524 40.058 13.8
4 20 10,925.43 50 1.60 × 10−2 34.523 39.002 11.5
5 24 12,203.12 50 6.20 × 10−3 34.521 38.663 10.7

As shown in Table 3, as the number of control points increases, the number of iterations,
computation time, and optimality error increase, thus leading to inaccurate results. By
considering the objective function, the maximum value of the lift-to-drag ratio is obtained
in case 3, which corresponds to a 13.8% improvement. If all criteria are considered, it is
obvious that case 3 with eight control points gives the best results in terms of optimality
error, convergence time, and Cl/Cd maximization (objective function).
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Figure 6 shows the UAS-S45 airfoil after the morphing trailing edge optimization for
all five cases. In case 1, the one with the least number of control points (six), there is a
sharp bending of the trailing edge, similar to that of a hinged flap, but, as the number of
control points increases, the deformation becomes smoother. However, when the control
points’ number exceeds eight (cases 4 and 5), the trailing edge smooth deformation turns
into a wavy-type deformation (Figure 6). Therefore, case 3 is the best case in terms of
deformation feasibility.
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4. Conclusions

A high-fidelity aerodynamic optimization of a morphing trailing edge was performed
in this study using a free-form deformation parameterization. The study was conducted
for five different cases, which were each distinct in terms of the FFD number of control
points. The main purpose of this study was to show the influence of the FFD parameteri-
zation flexibility in terms of control points and how it would affect the final optimization
results. The study of five cases showed that the ultimate optimization results were directly
influenced by the choice of the number of control points, where too few control points
(less than six) led to unsmooth deformation and less objective function improvement. This
observation means that a low number of control points restricts the morphing capability,
and the geometry becomes confined. On the other hand, a higher number of control points
(higher than eight) led to undesirable, wavy deformations, which are impractical from
the mechanism and manufacturing perspectives; moreover, a higher number of control
points did not show a very good optimization accuracy, and a satisfactory convergence was
not accomplished. We have shown that the influence of the number of control points was
substantial and that it had a direct impact on the optimization results. There should be a
trade-off to find the optimal number of control points prior to the start of the optimization
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by analyzing three parameters, including the computation time, solution optimality, and
the improvement rate of the objective function.

Therefore, the optimal solution was chosen based on the predefined criteria, including
the objective function value, deformation feasibility, convergence time, and optimality.
According to these criteria, case 3, which had a moderate number of control points, showed
the best results out of five cases, with a 13.8% improvement obtained in terms of both
a higher optimization accuracy and feasible deformation. Finally, it was concluded that
obtaining the optimal number of control points in the FFD parameterization is of paramount
importance and that careful considerations should be made before starting the optimization
process, as the number of control points directly influences the optimization results. So
far, no direct mathematical formulation has been proposed for the choice of the number of
control points in FFD parameterization, as it is case-dependent; therefore, a trial-and-error
procedure was used to find the most appropriate number of control points.

The influence of FFD lattice topology will be studied for a three-dimensional wing to
analyze the impact of lattice topology on the computation of the embedded body gradients.
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