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An aerodynamic shape optimization framework for unsteady flow is applied to a range
of two- and three-dimensional laminar flows. The shape optimization framework uses free-
form deformation for geometry control with an underlying B-spline surface parameterization
integrated with an efficient mesh deformation method. The mesh deformation is based on the
linear elasticity method applied to a B-spline control volume parameterization of the mesh.
A parallel implicit Newton-Krylov algorithm is used to solve the discretized flow equations
and the discrete adjoint methodology is applied to both the flow and the mesh-movement
algorithms to compute the gradient. For the two-dimensional studies, we consider three
objectives based on the mean aerodynamic quantities: lift-constrained drag minimization,
lift-to-drag ratio maximization, and lift maximization. For the drag minimization and lift-to-
drag ratio maximization problems, the optimizer improved the performance of the baseline
airfoil primarily by keeping the flow on the upper surface attached as long as possible and also
pushing the camber towards the trailing edge to increase or maintain the lift coefficient. The
optimizer improved the drag minimization objective by more than 20% and the lift-to-drag ratio
maximization objective by about 50% for roughly the same initial drag. We also investigate
the impact of design variable scaling on the convergence of the lift-maximization problem. For
the three-dimensional studies, we consider a minimization of mean drag at a fixed mean lift,
and we allow section shape, aerodynamic twist about the quarter-chord, and the chord length
to vary along the span of the wing. The optimizer exploits all of the geometric freedom given
to improve the design objective while satisfying the constraints imposed and produces some
non-intuitive geometric changes, especially with respect to the wing planform.

I. Nomenclature

B = mesh-deformation variables
𝐶𝑙 , 𝐶𝐿 = lift coefficient
𝐶𝑑 , 𝐶𝐷 = drag coefficient
𝑐 = chord
Δ𝑡 = time step
E, F, G = inviscid fluxes
Ev, Fv, Gv = viscous fluxes
F = mesh-deformation and flow residuals
J = objective function
L = Lagrangian function
𝑚 = number of mesh-deformation increments
M = mesh-deformation residual
𝑁 = number of time steps
Q = conserved flow variables
R = flow residual
R̃ = temporal component of flow residual
R̂ = spatial component of flow residual
V = mesh-deformation and conserved flow variables
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X = design variables
𝑥, 𝑦, 𝑧 = Cartesian coordinates
b, [, Z = curvilinear coordinates

II. Introduction

The field of computational fluid dynamics has matured over the last three decades due to the availability of powerfulcomputers and efficient algorithms. Despite this maturity, computing unsteady flows still remains a challenge due to
the long turnaround time for such problems. Driving an optimization algorithm with such unsteady flow simulations can
also be a very expensive exercise. Nevertheless, many aerospace phenomena such as transonic buffet, aero-elastic flutter,
vortex shedding associated with low Reynolds number flows, and aircraft noise all require unsteady flow simulations.
Design problems involving turbine blades, helicopter blades and active flow control devices also require unsteady flow
analysis. Although unsteady flow simulations remain expensive on current state-of-the-art computers, it is important to
advance the computational tools suitable for analyzing and designing aerodynamic shapes for such flow applications
since many aerospace problems depend on such advances.
The use of steady flow solutions to drive design optimization problems for aerodynamic applications is fairly well

established [1–4]. In contrast, unsteady flow design optimization has not been explored to the same extent due largely to
the high cost associated with simulating such flows. The earliest work in this area was undertaken by Yee et al. [5], who
performed aerodynamic shape optimization of rotor airfoils using unsteady viscous flow simulations. They constructed
a response surface model from unsteady viscous flow simulations and used the model to drive the optimization problem.
He et al. [6] used the two-dimensional Navier Stokes equations to drive an optimization problem for an unsteady flow
past a cylinder at a Reynolds number of 200 and 1000. They obtained the optimal frequency and amplitude required to
rotate the cylinder in order to reduce drag and no geometric changes were allowed. Beyond these initial studies, many
studies [7–17] have formulated the adjoint methodology [2, 18] for unsteady flows either in the time domain or the
frequency domain, and have applied these formulations to various aerodynamic design problems. Some of the problems
tackled include optimizing pitching airfoils, minimizing aircraft far-field noise, designing airfoils for low Reynolds
number applications, designing a tilt rotor, as well as optimizing the lift-to-drag ratio of a fighter jet in the presence of
aero-elastic effects. As computing power continue to improve, solving these expensive aerodynamic shape optimization
problems will become commonplace and there is the need to provide a suite of benchmark cases to allow researchers to
evaluate their algorithms. In our recent work [19], we presented and discussed some of our results towards achieving this
objective. We focused primarily on minimizing the mean drag coefficient at a fixed lift for two- and three-dimensional
geometries for laminar flow applications and also performed some convexity studies for the two-dimensional cases.
Our objective is to present a robust methodology for optimizing aerodynamic shapes under deterministic unsteady

flow conditions, to demonstrate and characterize its performance, and to provide some insights into the solution of such
unsteady optimization problems. To achieve this goal we investigate a number of example applications to allow us to study
the effectiveness of the algorithm and to examine the shape changes qualitatively. First, we consider two-dimensional
laminar flow optimization problems with different objective functions, starting from different initial geometries, and
study the impact of design variable scaling [20] on lift maximization. Finally, we perform a lift-constrained drag
minimization of a rectangular wing for laminar flow applications.

III. Optimization Problem and Methodology
In this section we cast the optimization problem in a general form and then discuss the individual components of

the methodology used to solve it. This general form allows one to formulate the design problem in a compact form
regardless of the underlying state equations that drive the optimization process.

A. Optimization Problem
The problem is defined as a constrained optimization problem of the form

min
X

J (X,V) subject to


F (X,V) = 0
𝑐𝑖 (X,V) = 0 𝑖 ∈ E
𝑐𝑖 (X,V) ≤ 0 𝑖 ∈ I

(1)
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where the independent variables X and V represent the design variables and state variables for the underlying physical
system, respectively, and J represents the objective function to be minimized. For unsteady flows, the objective function
can be a time-averaged functional such as lift, drag, lift-to-drag ratio, or the functional at some time step 𝑛. The variable,
F , is the discretized partial differential equation (PDE) that governs the state of the physical system that drives the
design problem. For the problems we consider this represents the discretized flow and mesh-movement equations. The
flow state variable, Q, and mesh-movement state variable, B, are lumped into a single state variable, V. The functions
𝑐𝑖 , 𝑖 ∈ E are equality constraints, while 𝑐𝑖 , 𝑖 ∈ I are inequality constraints (these constraints are smooth real-valued
linear/nonlinear functions). We use the SNOPT optimizer [21] to solve the optimization problem. Since SNOPT is a
gradient-based optimizer, we must provide the gradients for the objective and constraint functions.
To compute the gradients of the objective and constraints that depend on the state variable V we use the discrete

adjoint approach. Since the PDE equality constraint, F , is zero for any value of X, the optimization problem in
equation (1) can be reformulated as a Lagrangian problem of the form

min
X

L(X,V,𝚲) = J (X,V) + 𝚲𝑇 F (X,V) (2)

subject to

{
𝑐𝑖 (X,V) = 0 𝑖 ∈ E
𝑐𝑖 (X,V) ≤ 0 𝑖 ∈ I

where 𝚲 is the state adjoint vector (Lagrange multiplier). Since the state variables in V depend implicitly on the design
variables in X through the PDE constraint, for any valid X, there is a unique solution for V(X). Therefore, once the
discrete PDE constraint F = 0 is solved, the optimizer updates only the design variables, X, at each design iteration.
The gradient, G, of the Lagrangian in equation (2) with respect to the design variables is given as

G =

(
𝜕J
𝜕X

+ 𝚲𝑇 𝜕F
𝜕X

)
+

(
𝜕J
𝜕V

+ 𝚲𝑇 𝜕F
𝜕V

)
𝑑V
𝑑X

(3)

To derive a formulation consistent with obtaining the first-order (necessary) optimality conditions for the optimization
problem, the adjoint variables are chosen such that[

𝜕F
𝜕V

]𝑇
𝚲 +

[
𝜕J
𝜕V

]𝑇
= 0 (4)

and in the process we avoid computing the sensitivities of the state variables with respect to the design variables (i.e.
𝑑V/𝑑X). Equation (4) is referred to as the adjoint problem. Once the governing equations and adjoint equations have
been solved, the gradient of the optimization problem can be computed from equation (3) using

G =
𝜕J
𝜕X

+ 𝚲𝑇 𝜕F
𝜕X

(5)

We discuss the details of the gradient computation and adjoint problem in the subsequent subsections.

B. Geometry Control and Mesh-Movement
We use B-splines to parameterize all of the geometries in this work. This allows us to retain an analytical

representation of the geometries, thereby making it easier to compute sensitivities with respect to the surface. The
B-spline surface representation is embedded in a Free-Form (FFD) deformation volume to allow us to control the
geometry during optimization. The FFD control is combined with an axial deformation curve to allow for planform
changes (i.e. sweep, dihedral etc. ) [22]. The FFD geometry control gives us flexibility in the choice of the number of
geometric design variables since it is independent of the parameterization [23].
We have a coupled mesh-movement algorithm that allows us to update the grid when the geometry changes. This

algorithm formulates a state equation based on linear elasticity theory to move the grid after a geometry is updated [24].
The stiffness matrix for the linear elasticity problem is defined such that smaller mesh elements have higher stiffness and
vice-versa. An orthogonality measure is used to apply additional stiffness to skewed elements to help retain their quality
throughout the optimization. To ensure that the small-strain assumption used for the linear elasticity problem remains
valid, the mesh-movement is broken into increments when large geometric changes are expected. B-splines are used to
parameterize the grid for the purposes of moving the mesh. This leads to about an one order magnitude reduction in the
size of the mesh-movement linear problem compared to the flow problem. The state equation and variables for the
linear problem at each mesh-movement increment areM 𝑗 and B 𝑗 respectively.
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C. Flow Problem
The flow solver is based primarily on work in [25–27]. A short description of the flow solver and the solution

strategy for the unsteady flow problem is presented below.

1. Governing Equations
The Navier-Stokes equations in generalized curvilinear coordinates (i.e. (𝑥, 𝑦, 𝑧) → (b, [, Z)) are given by

𝜕𝑡Q̂ + 𝜕b Ê + 𝜕[F̂ + 𝜕Z Ĝ = 𝑅𝑒−1
(
𝜕b Êv + 𝜕[F̂v + 𝜕Z Ĝv

)
(6)

where
Q̂ = 𝐽−1Q

Ê = 𝐽−1
(
b𝑥E + b𝑦F + b𝑧G

)
, F̂ = 𝐽−1

(
[𝑥E + [𝑦F + [𝑧G

)
, Ĝ = 𝐽−1

(
Z𝑥E + Z𝑦F + Z𝑧G

)
,

Êv = 𝐽−1
(
b𝑥Ev + b𝑦Fv + b𝑧Gv

)
, F̂v = 𝐽−1

(
[𝑥Ev + [𝑦Fv + [𝑧Gv

)
, Ĝv = 𝐽−1

(
Z𝑥Ev + Z𝑦Fv + Z𝑧Gv

)
The vectorQ represents the conserved variables, and 𝐽 is the metric Jacobian resulting from the coordinate transformation
from Cartesian to curvilinear coordinates. The vectors E, F and G contain the inviscid fluxes, while the vectors Ev, Fv
and Gv contain the viscous fluxes. The term 𝜕𝑥 is a shorthand for 𝜕

𝜕𝑥
, b𝑥 is a shorthand for 𝜕b

𝜕𝑥
, and so on. The reader

can look up [28] for more details on how the coordinate transformation is applied to the governing equations.

2. Discretization
We discretize the Navier-Stokes equations on structured multi-block grids using second-order summation-by-parts

(SBP) operators. At block interfaces and boundaries, simultaneous approximation terms (SATs) are used to enforce
continuity and boundary conditions in an accurate and stable manner. Further details on this discretization strategy can
be found in [25, 26, 29]
The semi-discrete form of the governing equations is given as

𝑑Q̂
𝑑𝑡

+ R̂ (Q̂) = 0 (7)

where the vector R̂ contains the discretized spatial terms. The semi-discrete equation (7) is recast into a fully-discrete
equation of the form

R̃ (Q̂) + R̂ (Q̂) = 0 (8)

where R̃ represents the contribution to the discrete residual associated with the time-marching method.
For time integration, the second-order backward formula (BDF2) and the explicit singly-diagonal implicit Runge-

Kutta (ESDIRK) schemes are considered. At each time step 𝑛, the flow residual R𝑛 for a linear multi-step method such
as BDF2 can be expressed as

R𝑛 = R̃𝑛 + R̂𝑛 for 𝑛 = 1, . . . , 𝑁 (9)

where 𝑁 is the number of time steps and

R̃𝑛 =
3Q̂𝑛 − 4Q̂𝑛−1 + Q̂

𝑛−2
2Δ𝑡

If we consider a multi-stage time marching method like ESDIRK4, the discrete residual is given as

R (𝑛)
𝑗

=
1
𝑎 𝑗 𝑗

R̃ (𝑛)
𝑗

+ R̂ (𝑛)
𝑗

+
𝑗−1∑︁
𝑘=1

𝑎 𝑗𝑘

𝑎 𝑗 𝑗

R̂ (𝑛)
𝑘

for 𝑛 = 1, . . . , 𝑁 𝑗 = 2, . . . , 6 (10)

where

R̃ (𝑛)
𝑗

=
Q̂(𝑛)

𝑗
− Q̂(𝑛−1)

Δ𝑡

and 𝑎 𝑗 𝑗 and 𝑎 𝑗𝑘 are the coefficients associated with the ESDIRK scheme. The explicit first stage is specified as
Q̂(𝑛)
1 = Q̂(𝑛−1) , and the solution at time step 𝑛 is given as Q̂(𝑛) = Q̂(𝑛)

6 . The BDF2 time-marching method is used for all
the results presented in this paper.
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3. Solution to the Discrete Problem
The resulting system of nonlinear equations R𝑛 (Q̂1, . . . , Q̂𝑛−1, Q̂𝑛) = 0 at each time step 𝑛 or stage 𝑗 is solved using

an inexact-Newton method. The linear problem from the linearized Newton problem at each time step or stage is solved
using a Krylov subspace method. A distributed Schur-complement technique [30] is used to precondition the distributed
linear system, and the preconditioner is obtained from an incomplete Lower-Upper (ILU) factorization with some fill.
Since the Schur-complement preconditioning changes from iteration to iteration, a flexible variant of the generalized
minimal residual algorithm (FMGRES) [31, 32] is used to solve the distributed linear system.

D. Gradient Computation
Let the state vector, F , which contains the mesh-movement and flow equations be

F = [M1,M2, · · · ,M𝑚,R0,R1,R2, · · · ,R𝑁 ]𝑇 (11)

and the state variable vector, V, which contains the mesh-movement control points and flow conserved variables be

V = [B1,B2, · · · ,B𝑚,Q0,Q1,Q2, · · · ,Q𝑁 ]𝑇 (12)

The adjoint variable vector, 𝚲, which contains the mesh-movement and flow adjoints is also given as

𝚲 =
[
𝝀1, 𝝀2, · · · , 𝝀𝑚,𝝍0,𝝍1,𝝍2, · · · ,𝝍𝑁

]𝑇 (13)

The mesh-movement equations, state variables and adjoint variables are M, B and 𝝀, respectively, and the flow
equations, state variables and adjoint variables are defined as R, Q and 𝝍, respectively. Here, 𝑚 is the number of mesh
movement increments and the 𝑁 is the number of flow time steps. For a linear multi-step method such as BDF2 we can
rewrite equation (2) with its constituent state equations as

L =

𝑁∑︁
𝑛=1

[
𝜔𝑛J𝑛 + 𝝍𝑇

𝑛R𝑛

]
+

𝑚∑︁
𝑗=1

𝝀𝑇𝑗 M 𝑗 (14)

where 𝜔𝑛 is the integration weight assigned to the objective function contribution (i.e. J𝑛 ) from time step 𝑛. Further,
we can write the gradient equation (5) as

G =

𝑁∑︁
𝑛=1

[
𝜔𝑛

𝜕J𝑛

𝜕X
+ 𝝍𝑇

𝑛

𝜕R𝑛

𝜕X

]
+

𝑚∑︁
𝑗=1

𝝀𝑇𝑗
𝜕M 𝑗

𝜕X
(15)

If one considers a multi-stage method such as ESDIRK4, equation (2) can be reformulated as

L =

𝑁∑︁
𝑛=1

[
𝜔𝑛J𝑛 +

6∑︁
𝑘=2

(
𝝍 (𝑛)
𝑘

)𝑇
R (𝑛)

𝑘

]
+

𝑚∑︁
𝑗=1

𝝀𝑇𝑗 M 𝑗 (16)

and the gradient equation (5) as

G =

𝑁∑︁
𝑛=1

[
𝜔𝑛

𝜕J𝑛

𝜕X
+
6∑︁

𝑘=2

(
𝝍 (𝑛)
𝑘

)𝑇 𝜕R (𝑛)
𝑘

𝜕X

]
+

𝑚∑︁
𝑗=1

𝝀𝑇𝑗
𝜕M 𝑗

𝜕X
(17)

E. Adjoint Problem
The adjoint variables present in the gradient computation are computed as follows for the BDF2 time marching

method [
𝜕R𝑛

𝜕Q𝑛

]𝑇
𝝍𝑛 = −

[
𝜔𝑛

𝜕J𝑛

𝜕Q𝑛

]𝑇
for 𝑛 = 𝑁 (18)[

𝜕R𝑛

𝜕Q𝑛

]𝑇
𝝍𝑛 = −

[
𝜔𝑛

𝜕J𝑛

𝜕Q𝑛

+
𝑝∑︁

𝑘=1
𝝍𝑇
𝑛+𝑘

𝜕R
𝑛+𝑘

𝜕Q𝑛

]𝑇
for 𝑛 = 𝑁 − 1, . . . , 1 , 𝑝 = min [𝑁 − 𝑛, 𝑟] (19)

5



[
𝜕M

𝑗

𝜕B
𝑗

]𝑇
𝝀 𝑗 = −

[
𝑁∑︁
𝑛=1

(
𝜔𝑛

𝜕J𝑛

𝜕B
𝑗

+ 𝝍𝑇
𝑛

𝜕R𝑛

𝜕B
𝑗

)]𝑇
︸                                ︷︷                                ︸
last mesh-deformation increment RHS

for 𝑗 = 𝑚 (20)

[
𝜕M

𝑗

𝜕B
𝑗

]𝑇
𝝀 𝑗 = −

[
𝝀𝑇𝑗+1

𝜕M 𝑗+1

𝜕B 𝑗

]𝑇
for 𝑗 = 𝑚 − 1, . . . , 1 (21)

where 𝑟 is the number of time levels of previous solutions required for the time marching method. For BDF2, 𝑟 is equal
to 2 (𝑟 can be varied to generalize the above expressions for any linear multi-step time marching method).
For a multi-stage time marching method such as the ESDIRK4, the adjoint variables are computed by solving the

following equations[
𝜕R (𝑛)

𝑘

𝜕Q(𝑛)
𝑘

]𝑇
𝝍 (𝑛)
𝑘

= −
[
𝜔𝑛

𝜕J𝑛

𝜕Q(𝑛)
𝑘

]𝑇
for 𝑛 = 𝑁 , 𝑘 = 6 (22)[

𝜕R (𝑛)
𝑘

𝜕Q(𝑛)
𝑘

]𝑇
𝝍 (𝑛)
𝑘

= −
[
6∑︁

𝑖=𝑘+1

(
𝝍 (𝑛)
𝑖

)𝑇 𝜕R (𝑛)
𝑖

𝜕Q(𝑛)
𝑘

]𝑇
for 𝑛 = 𝑁 , 𝑘 = 5, . . . , 2 (23)[

𝜕R (𝑛)
𝑘

𝜕Q(𝑛)
𝑘

]𝑇
𝝍 (𝑛)
𝑘

= −
[
𝜔𝑛

𝜕J𝑛

𝜕Q(𝑛)
𝑘

+
6∑︁
𝑖=2

(
𝝍 (𝑛+1)
𝑖

)𝑇 𝜕R (𝑛+1)
𝑖

𝜕Q(𝑛)
𝑘

− 𝝍 (𝑛+1)
1

]𝑇
for 𝑛 = 𝑁 − 1, . . . , 1 , 𝑘 = 6 (24)[

𝜕R (𝑛)
𝑘

𝜕Q(𝑛)
𝑘

]𝑇
𝝍 (𝑛)
𝑘

= −
[
6∑︁

𝑖=𝑘+1

(
𝝍 (𝑛)
𝑖

)𝑇 𝜕R (𝑛)
𝑖

𝜕Q(𝑛)
𝑘

]𝑇
for 𝑛 = 𝑁 − 1, . . . , 1 , 𝑘 = 5, . . . , 2 (25)

𝝍 (𝑛)
1 = −

[
6∑︁
𝑖=2

(
𝝍 (𝑛)
𝑖

)𝑇 𝜕R (𝑛)
𝑖

𝜕Q(𝑛)
1

]𝑇
(26)[

𝜕M
𝑗

𝜕B
𝑗

]𝑇
𝝀 𝑗 = −

[
𝑁∑︁
𝑛=1

(
𝜔𝑛

𝜕J𝑛

𝜕B
𝑗

+
6∑︁

𝑘=2

(
𝝍 (𝑛)
𝑘

)𝑇 𝜕R (𝑛)
𝑘

𝜕B
𝑗

)]𝑇
︸                                               ︷︷                                               ︸

last mesh-deformation increment RHS

for 𝑗 = 𝑚 (27)

[
𝜕M

𝑗

𝜕B
𝑗

]𝑇
𝝀 𝑗 = −

[
𝜕M 𝑗+1

𝜕B 𝑗

𝝀 𝑗+1

]𝑇
for 𝑗 = 𝑚 − 1, . . . , 1 (28)

We refer the reader to [19] for the full derivation of the unsteady flow adjoint and mesh-movement adjoint equations.

IV. Two-Dimensional Optimization Problems
In this section we investigate two-dimensional geometry optimization for laminar flow applications. For all of

the cases, we consider a flow at Mach 0.2 and a Reynolds number of 800. We use the Chuch Hollinger 10 smoothed
(CH10SM) airfoil as the baseline geometry and the NACA0012 airfoil as an initial geometry for convexity studies.
We also enforce a minimum area constraint of 0.08 and constrain the thickness to decrease by not more than 25% of
the initial value for all of the cases. The control window for the optimization problems is set to a nondimensional
time interval of 𝑡 = [46, 76] with a time step of Δ𝑡 = 0.01. The time step intervals [1, 1000], [1001 − 2000], and
[2001− 4000] where computed with a time step of Δ𝑡 = 0.014, Δ𝑡 = 0.012, and Δ𝑡 = 0.01 respectively. These time-step
windows where considered to be part of the adjusting phase of the flow. The computational mesh is divided into 120
blocks, and each block has 15 grid points in the both the streamwise and normal directions. Sixty mesh nodes are placed
on both the upper and lower surfaces of the mesh, and 120 mesh points are placed in the wake region. The off-wall
spacing was set to 1.94 × 10−4 chord lengths and the far-field boundary is placed 4 chord lengths in the normal direction
and 8 chord lengths in the streamwise direction. The size of the grid and the far-field distance introduce significant
errors, hence, we under-predict the aerodynamic coefficients by about 10% compared to the grid converged values. Our
goal is to study the effectiveness of our methodology and examine the shape changes qualitatively; therefore, these
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(a) Parameterized Airfoil (b) CFD Grid

Fig. 1 CH10SM airfoil

choices are sufficient and enable suitable turnaround times for our study. Figure 1 shows the CH10SM airfoil and the
flow grid. The red-circles in Figure 1a represent the B-spline control points, and the gray circles and connecting lines
show the FFD box for controlling the geometry. The geometry is parameterized with 5 B-spline control points along the
streamwise direction of each of the 8 blocks wrapped around the geometry. To control the geometry, the parameterized
geometry is embedded in a FFD box with 18 control points, leading to 18 geometric design variables in addition to the
angle of attack design variable.

A. Mean Drag Coefficient Minimization with a Mean Lift Constraint
Here the objective is to minimize the mean drag coefficient at a fixed mean lift coefficient of 0.75. For the initial

CH10SM airfoil, the lift target is achieved at an angle of attack of 8.6◦. The flow separates around the mid-chord of the
CH10SM airfoil and vortices are shed in the wake region, leading to a periodic flow behaviour. For the NACA0012
airfoil the lift target is achieved at an angle of attack of 18.07◦ and the flow behaviour is periodic as well due to vortex
shedding. Both the CH10SM and NACA0012 optimization problems were started at an initial angle of attack of 8◦.
Figure 2 shows the optimization histories for the CH10SM and NACA0012 cases. Throughout this paper, merit

function is defined as a composite function of the objective function and the nonlinear constraints, and optimality
is a measure of the norm of the gradient of the merit function. Feasibility is used to measure the violation in the
non-linear constraint, which is the mean-lift for this study. For the CH10SM airfoil case, we obtained about 99% of all
the improvement in the objective after 30 function evaluations and optimality was reduced by over 6 orders of magnitude.
Feasibility was also reduced to machine zero. For the NACA0012 case, optimality was reduced by about 4 orders of
magnitude and feasibility was reduced by about 7 orders of magnitude. Almost all of the objective improvement was
realized after about 70 function evaluations. The NACA0012 initial problem had a higher violation in the lift constraint
so the optimizer required more function evaluations to converge. Further, the area constraint is active and is the same
value (i.e. 0.080) for both cases.
We show the optimized geometries and the history of the aerodynamic coefficients in Figures 3 and 4 respectively.

The optimizer primarily moves the camber towards the trailing edge to achieve the lift target and flattens the upper
surface of the airfoil to delay flow separation (see Figure 5). This reduces the size of the separated wake, thereby
reducing drag. The two different initial geometries produce nearly identical airfoils. The resulting geometries also
compare well to the benchmark case (i.e. referred to as the B-spline case throughout the paper) in [19] where the
B-spline surface control points were used to control the geometry rather than the FFD control points. The differences
in the flap-like feature at the trailing edge arise because the B-spline case has more geometric freedom in that region.
The B-spline case has 4 control points between 80% and 100% of the chord compared to 1 control point for the FFD
geometry control. This difference in design variables can be seen in Figure 1a, where the red circles represent the

7



(a) CH10SM airfoil (b) NACA0012 airfoil

Fig. 2 Mean coefficient of drag minimization - optimization history

CH10SM CH10SM OPT(B-spline) CH10SM OPT NACA0012 OPT

𝛼 8.6◦ 7.68◦ 8.67◦ 9.38◦

𝐶𝐿 0.7500 0.7500 0.7500 0.7500
𝐶𝐷 0.2288 0.1845 0.1794 0.1786
Δ𝐶𝐷 - 19.36% 21.59% 21.94%
𝐶𝐿/𝐶𝐷 3.278 4.006 4.181 4.199

Table 1 Mean coefficient of drag minimization summary

B-spline control points and the grey circles represent the the FFD control points. We also observed that the FFD offset at
the trailing edge tends to influence the constraint that fixes the trailing edge during optimizations. When large geometric
changes occur relative to the initial geometry, the trailing edge tends to move slightly. As a result, the symmetric
NACA0012 case ends up with a slight negative twist and the optimizer increases the angle of attack slightly compared
to the CH10SM airfoil (see Table 1). Further investigation into the sizing and the location of the FFD sections relative
to the initial geometry may be required to understand how these parameters impact the optimization results. In terms
of convexity, our view is that this optimization problem is likely to be convex and the differences we observe can be
attributed mainly to the geometry control and how the fixed trailing edge is handled. In Figures 4a and 4b we observe a
significant drop in the amplitude of the oscillating aerodynamic quantities. We attribute this reduction to a combination
of factors. First, the wake of the optimized airfoil is narrower and the vortices shed are weaker compared to the initial
CH10SM airfoil (see Figure 6). In addition, the flap-like feature also seems to delay the interaction between the lower
and upper surface wakes. The delayed interaction pushes the shedding vortices further downstream, thereby minimizing
the induced force on the geometry. As shown in Table 1, a drag reduction (Δ𝐶𝐷) of more than 20% was observed for
both initial geometries, which is comparable to the B-spline case investigated in [19].

B. Mean Lift-to-Drag Ratio Maximization
For this case we maximize the mean lift-to-drag ratio. Here as well we consider the CH10SM and the NACA0012

airfoils as the initial geometries. We start both problems at an initial angle of attack of 8◦. Figure 7 shows the
optimization histories for the CH10SM and the NACA0012 airfoils. Similar to the drag minimization problem, the
optimizer flattens the upper surface (see Figure 8a) which keeps the flow attached to compensate for the drag penalty it
incurs by increasing the lift. The flap-like feature at the trailing edge essentially controls the camber required to increase
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Fig. 3 Mean coefficient of lift-constrained drag minimization optimized geometries

(a) Coefficient of lift (b) Coefficient of drag

Fig. 4 Time history of aerodynamic coefficients
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(a) Coefficient of friction for a half-cycle - baseline (b) Coefficient of friction for a half-cycle - optimized

Fig. 5 Coefficient of friction and separation points for a half cycle

(a) CH10SM baseline at 𝐶𝐿 = 0.75 (b) CH10SM optimized

Fig. 6 Y-vorticity contours at the final step
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(a) CH10SM airfoil (b) NACA0012 airfoil

Fig. 7 Mean lift-to-drag ratio maximization results - optimization history

(a) Optimized geometries (b) Lift-to-drag ratio time history

Fig. 8 Mean lift-to-drag ratio maximization results

the lift. Compared to the initial CH10SM airfoil, the optimizer achieves an increase in lift of over 40% with roughly the
same drag for an increase in lift-to-drag ratio of about 49% as seen in Figure 8b and Table 2. While the final result for
the CH10SM baseline is similar to that of the NACA0012 baseline, the optimizer stalled for the CH10SM case and
could not reduce the norm of the gradient by more than an order of magnitude. The asterisk by the CH10SM label in 8a
indicates that the case is not fully converged. Nevertheless, the geometry and its performance is similar to that resulting
from the optimization with the NACA0012 as the initial airfoil. Similar to the NACA0012 drag minimization case, the
trailing edge for the NACA0012 moves up slightly for the same reasons as discussed earlier. This leads to an increase in
the angle of attack for the final geometry. In terms of convexity, our observations indicate this problem is likely to
be convex or uni-modal, but we believe further investigation is needed to confirm this with a high degree of certainty.
Finally, the area constraint is also active for all of the results.
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Case CH10SM - Baseline NACA0012 - Baseline CH10SM NACA 0012

𝛼 8◦ 8◦ 10.79◦ 12.05◦

𝐶𝐿 0.7150 0.4650 1.063 1.057
𝐶𝐷 0.2309 0.1640 0.230 0.228
𝐶𝐿/𝐶𝐷 3.097 2.814 4.618 4.631

Table 2 Mean lift-to-drag ratio maximization summary

C. Mean Lift Coefficient Maximization
Here we consider maximizing the mean lift of the two initial airfoils again at a Reynolds number of 800 and Mach

0.2. The thickness and area constraints are the same as the values used for the previous cases (i.e. 𝑡 ≥ 0.75𝑡0 and
𝐴 ≥ 0.08). For both initial airfoils, we consider a base case with an initial angle of attack of 8◦. We also consider the
case where the angle of attack design variable is scaled by a constant factor. We show the final geometries for these
cases in Figure 9, with convergence histories displayed in Figure 10 and details provided in Table 3. The optimizer
increases the camber of the initial geometries significantly in order to maximize the mean lift. The camber is also
pushed towards the trailing edge region, leading to a flap-like feature similar to the previous cases.
Initially, the CH10SM base cases stalled and the optimizer was unable to increase the lift as expected. The

mesh-movement algorithm failed at times due to large geometric changes. In addition, the optimizer did not increase
the angle of attack (see Table 3) as expected, so we reran the case at an initial angle of attack of 25◦. By increasing
the initial angle of attack, the optimizer was able to increase the lift to the levels seen in the NACA0012 case. For the
NACA0012 base case, the optimizer reduced the norm of the gradient by 3 orders of magnitude (i.e. from O−3 to O−6),
which is sufficient to indicate that a local minimum has been found.
To investigate why the optimizer struggled to improve the lift-maximization problems, we looked at how the norm

of the gradient with respect to the geometric design variables compares to the gradient with respect to the angle of
attack in the course of an optimization. From Figure 10, the initial gradient of the objective to the geometric design
variables (G𝑔) is much larger than the objective sensitivity to angle of attack (G𝑎) for the CH10SM case. Therefore,
the optimizer applies large geometric changes in the initial iterations which leads to mesh-movement problems for
the CH10SM cases. Eventually, the failed mesh movements lead to convergence issues. Typically, one would expect
the optimizer to prioritize increasing angle of attack in the initial stages to maximize lift, so we scaled the angle of
attack inversely by a constant factor (i.e. 𝑓 ). Table 4 shows the improvement we get from scaling the angle of attack
design variable. We include a case where angle of attack is scaled inversely by a factor 0.1 to reinforce the idea that
when the initial problem is less sensitive to the angle of attack design variable, the optimizer relies primarily on large
geometric changes to maximize lift. In Figure 11 we show that scaling the angle of attack design variable inversely
by a factor of 10 makes the initial problem more sensitive to changes in angle of attack. This allows the optimizer to
prioritize increasing the the angle of attack design variable over the geometric design variables in the initial stages.
When the constant scaling ceases to be effective, the optimizer resorts to large geometric changes to maximize the lift
which leads to convergence issues later on due to mesh-movement failures. Further investigation into design variable
scaling and an automated approach for backtracking and modifying the number of mesh-movement increments and
other parameters such as the Poisson ratio used for the linear elasticity problem could help reduce mesh-movement
failures during optimizations where large geometric changes are expected. Comparing the results obtained for the
two different initial airfoils shown in Table 4 and in Figure 11, it appears that two different local minima are being
found. The airfoils are very different as are the angles of attack, with the optimization initiated with the NACA0012
airfoil producing a higher lift coefficient and much higher drag. In addition, the optimization problem initiated with the
NACA0012 airfoil without scaling the angle of attack design variable also produces a different local minimum. These
different local minima suggest that this optimization problem is multi-modal, or non-convex. The different local minima
do not result solely from the different initial geometry. For example, the results initiated with the NACA0012 shown in
Tables 3 and 4 converge to two different local minima as a result of the different design variable scaling.
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(a) Results without design variable scaling (b) Results with scaling of the angle of attack design variable

Fig. 9 Mean lift maximization results

(a) Objective function (b) Gradient

Fig. 10 Base cases with no design variable scaling - gradients comparison G𝑟 =
| |G𝑔 | |2
|G𝑎 |

Case CH10SM (𝛼 = 8◦) NACA 0012 (𝛼 = 8◦) CH10SM(𝛼 = 25◦)

𝛼 9.98◦ 30.35◦ 27.161◦

𝐶𝐿 1.1270 2.2502 2.2337
𝐶𝐷 0.3110 1.0718 0.8474
𝐶𝐿/𝐶𝐷 3.624 2.099 2.525
Area, 𝐴 0.09608 0.1453 0.1146
iterations, 𝑘 72 75 37

Table 3 Mean lift maximization summary - no design variable scaling
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(a) Objective function (b) Gradient

Fig. 11 Cases with scaling the angle of attack design variable - gradients comparison G𝑟 =
| |G𝑔 | |2
|G𝑎 |

Case CH10SM (𝛼 = 8◦, 𝑓 = 10) NACA 0012 (𝛼 = 8◦, 𝑓 = 10) CH10SM (𝛼 = 25◦, 𝑓 = 0.1)

𝛼 26.54◦ 50◦ 24.9606◦

𝐶𝐿 2.1944 2.3825 2.2075
𝐶𝐷 0.9338 2.7409 0.9375
𝐶𝐿/𝐶𝐷 2.350 0.869 2.355
Area, 𝐴 0.1289 0.08126 0.1359
iterations, 𝑘 61 21 131

Table 4 Mean lift maximization summary - scaled cases
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(a) Parameterized wing with FFD volume
(b) CFD grid

Fig. 12 NACA 0012 rectangular wing optimization

V. Three-Dimensional Optimization Problems
We use a NACA0012 rectangular wing with an aspect ratio of 8 as the baseline geometry. The objective is to

minimize the mean drag at a mean lift (i.e. computed as 𝐶𝐿𝑆, where 𝑆 is the area of the half-wing) of 1.65 in chord
lengths squared. We use the same flow conditions as the airfoil design studies (i.e. Re = 800, M = 0.2). Figure 12
shows the parameterized baseline geometry and the CFD grid. The CFD grid has approximately 7.1 million nodes
divided over 1152 blocks with 11× 11× 51 nodes in each block. The off-wall spacing is 2.77× 10−5 based on the initial
chord length. The grid wraps a hemisphere around the geometry and the far-field boundary is placed 40 chord lengths
radially from the geometry. The flow problem was time-marched for 7000 time steps with the last 3000 time steps
used as the control window. The first 4000 time steps are computed using a time step of Δ𝑡 = 0.004, and a time step of
Δ𝑡 = 0.002 is used for the control window (i.e. 𝑡 = [16, 22]). Varying the time step at the adjusting phase of the flow
allows us to improve the turnaround time for these problems.
In the first study, the optimizer is allowed to modify the section chord to introduce taper in addition to the freedom

to modify the section shape and aerodynamic twist about the quarter-chord line. This case is similar to the study in [19],
where only section shape and aerodynamic twist were allowed to vary. The current study will be referred to as the
tapered case throughout the paper and the study in [19] will be referred to as the simple case. In a second study, we
extended the tapered case further by imposing a projected area constraint equal to the projected area of the initial wing
(i.e. 𝐴prj = 4.0). We refer to this study as the projected area case throughout the paper.
In terms of constraints, the section thickness, 𝑡𝑐 , is constrained to not decrease by more than 25% of the initial value,

𝑡𝑐0. The chord is allowed to vary between 0.5𝑐0 and 2𝑐0, where 𝑐0 is the initial chord length of the section. At the wing
tip, the chord is allowed to vary between 0.5𝑐0 and 𝑐0. The aerodynamic twist about the quarter chord is allowed to
vary between ±15◦. The geometry is controlled with 6 FFD sections along the span, leading to 144 and 143 geometric
design variables for the first and second study respectively in addition to the angle of attack. For the second study the
twist freedom at the root of the wing is removed hence the difference in the geometric design variables.
We show the optimization histories of the two cases in Figure 13. For the tapered case, the optimizer was terminated

after 31 function evaluations (i.e. 25 optimization iterations). Despite the partial convergence, the optimality and
feasibility were reduced by an order of magnitude, and the objective was reduced by more than 32%. In Figure 14a, we
show the evolution of the planform of the wing indicating the changes in taper as the optimizer proceeds. Figure 15a
also shows the thickness and twist variations at selected sections of the final geometry. We observed that the sections
are similar to the two-dimensional cases, in that, the optimizer introduces a flap-like feature to allow it to achieve the lift
requirement, while a reduction in the wetted area in combination with the small wing tip allows it to reduce the drag.
In Figure 13b we show the optimization history of the projected area case. At the time of writing the optimizer had

completed 28 function evaluations (i.e. 23 optimization iterations) and had not been terminated yet. The reduction in
the optimality is close to an order of magnitude and feasibility has dropped by an order of magnitude. The objective has
been reduced by more 30% and the projected area constraint is active. The evolution of the planform (see Figure 14a)
shows the optimizer exploits the taper freedom given and increases the chord from the root to the mid section in order to
satisfy the projected area constraint. Here as well, the optimizer adds a flap-like feature throughout the sections, as
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(a) Tapered case (b) Projected area case

Fig. 13 Optimization convergence history

(a) Tapered case (b) Projected area case

Fig. 14 Planform view versus function evaluation

shown in Figure 15b, to help maintain the required lift. Compared to the simple case, the projected area case has a lower
drag at the current optimization iteration. The tapered case will be restarted to see if we can obtain a deeper convergence
and further improvement in the objective. For both the tapered and projected area optimization cases, we see a reduction
in the amplitude of the oscillations of the objective function in the control window (see Figure 16), similar to the simple
case and the two-dimensional lift-constrained drag minimization problem. Although the control window should be
increased to reflect the modified behaviour of the optimized geometry with the projected area constraint, the present
problem formulation is sufficient to illustrate the performance of the algorithm and the trends in the geometric changes
that lead to drag reduction for these flow conditions.

VI. Discussions and Conclusions
We have presented a methodology for solving aerodynamic shape optimization problems for unsteady flows and

applied it to a range of design problems for two- and three-dimensional laminar flows. For the two-dimensional
lift-constrained drag minimization and lift-to-drag ratio maximization problems, the optimizer flattens the upper surface
of the airfoil to keep the flow attached as long as possible which helps reduce the drag associated with flow separation.
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(a) Tapered case (b) Projected area case

Fig. 15 Optimized wing sections

(a) Drag history (objective) (b) Lift history

Fig. 16 Aerodynamic quantities for optimized geometries

Case Baseline Simple Tapered Projected Area

𝛼 12◦ 9.19◦ 8.70◦ 3.08◦

𝐶𝐿𝑆 1.65 1.6495 1.6489 1.6463
𝐶𝐷𝑆 0.770 0.5761 0.5184 0.5330
Δ𝐶𝐷𝑆 - 25.18% 32.68% 30.78%
𝐶𝐿/𝐶𝐷 2.143 2.863 3.181 3.089
𝐴prj 4.0 4.0 2.56 3.999

Table 5 NACA 0012 rectangular wing optimization summary
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To increase lift or meet the lift target the optimizer pushes the airfoil camber towards the trailing edge, which leads to the
formation of a flap-like feature. The flap-like feature also plays a minor role in reducing the amplitude of the oscillations
in the aerodynamic quantities for the lift-constrained drag minimization problem. The optimized airfoils obtained in the
lift-constrained drag minimization study are nearly identical to the results in [19], although there are differences in the
geometry control system, the number of design variables, and the bounds on the geometric constraints. Qualitatively, the
lift-constrained drag minimization case compares well with results obtained in [14] with the NACA0012 at a Reynolds
number 1000. The study showed a drag reduction of about 18%, and the amplitude of the oscillations in the aerodynamic
quantities was reduced compared to the baseline. The are some key differences in the problem definition, in particular
the lift-constraint, the angle of attack design variable, the thickness constraints and their use of Non-Uniform B-spline
(NURBS) curves to parameterize the airfoil.
For the lift-maximization problem, applying some form of scaling to the design variables and having a robust

mesh-movement algorithm is necessary for improving convergence and minimizing mesh movement failures. We also
observed that for the lift-constrained drag minimization and the lift-to-drag ratio maximization problems, the optimized
geometries are nearly identical when the optimization was started with two different initial airfoils. Therefore, these two
optimization problems are likely to be convex or uni-modal. For the lift-maximization problem we observed multiple
optimized airfoils based on the initial airfoil, initial angle of attack, and the design variable scaling; therefore, this
optimization problem is likely to be non-convex or multi-modal.
For the three-dimensional problems, the optimizer exploits all of the geometric freedom given to reduce the drag

while satisfying the constraints imposed. Similar to the two-dimensional problems, we observed a flap-like feature
throughout the sections, which helps to maintain the lift target with the optimizer loading the wing highly towards the
root to minimize the induced drag. The oscillations in the amplitude of the aerodynamic quantities are also reduced for
the three-dimensional cases and we observed a drag reduction of more than 32% and 30% for the tapered and projected
area cases respectively. Further, adding geometric freedom and constraints incrementally has allowed us to test that the
various components of our methodology behave as expected. For the three-dimensional problems, a flow solve costs
on the average ∼ 13.5s per time step and the flow adjoint costs on the average ∼ 4.5s per time step using 1152 Intel
Skylake processors. The processors are distributed over 29 compute nodes, and they are clocked at a speed of 2.4GHz.
Each compute node has 40 cores with 202GB of RAM and an EDR InfiniBand interconnect, which can transfer data at
speeds ranging from 100Gb/s to 300Gb/s. For 7000 time steps, the cost per function evaluation is about ∼ 44 hours, this
includes one complete flow solve and two flow adjoint evaluations (i.e. one for the objective function and another for the
lift constraint). For each function evaluation, the cost of the mesh-movement problem is about 40s, and the mesh adjoint
costs about 80s using PETSc[33–35]. Using 30 function evaluations as the baseline, an optimization can be completed
in about 60 to 120 days when the time between restarts due to waiting in the HPC queue is accounted for. Further, the
hard drive requirement is in the order of 2TB for each three-dimensional optimization study. Although these studies
are computationally expensive, we hope that our work will encourage other researchers to study similar unsteady flow
optimization problems as computing power increases and becomes cheaper. As part of our future work, we hope to
investigate some practical problems such as optimizing wings in the presence of transonic buffet to improve off-design
performance.
We conclude by making the following key observations;
• the optimization problems and results we have presented can be used to test and characterize other aerodynamic
shape optimization methodologies for unsteady flows

• the geometry control and the efficient mesh-movement approach, which has been previously validated for steady
flows, is also effective for unsteady flows with substantial geometric changes

• the cost of the unsteady flow adjoint problem is about a third of the cost of the unsteady flow problem for the cases
we considered

• for fixed wing applications, the cost of the mesh movement and mesh adjoint problems are insignificant compared
to the flow and flow adjoint problems since the geometry is updated once per function evaluation

• some interesting geometric features have been identified that improve various objective functions and reduce
unsteadiness, which may have applications where Reynolds numbers are very low
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