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Hypersonic vehicle development, particularly for hypersonic airbreathers, will require robust-design

optimization to achieve performance targets. Vehicle shape optimization will play an important role. This paper

presents the first application to hypersonic vehicle shape optimization of a reduced parametric section shape

representation coupled with a surrogate-assisted evolutionary-algorithm optimization approach. The particular

case considered is the minimization of total drag of the nose cone of a hypersonic flight experiment. The

computational fluid dynamics solver used here is ANSYS CFX. Single-point optimization at Mach 3 and Mach 8 is

performed at altitudes relevant to those Mach numbers for a typical hypersonic flight experiment ascent trajectory.

Without surrogate assistance, the optimized shapes for each Mach number were both found to result in significant

drag-force reductions (1.39% at Mach 3 and 1.96% at Mach 8) when compared with the baseline blunted standard

ogive nose-cone shape.When the surrogate assistance (which is a radial-basis-function network approximation to the

drag dependence on the shape parameters) was introduced, the optimized shapes yielded nearly the same drag

reduction as without surrogate assistance, but also resulted in significant savings in the computational cost. Finally,

the performance of the optimum shape derived at Mach 3 is evaluated at Mach 8 and vice versa to illustrate the

robustness of the nose-cone shapes derived using such an approach.

Nomenclature

a = real coefficient
C = children population
CD = drag coefficient
I = individual population
L = length, m
M = individual population
M1 = Mach number
P = parent population
p = pressure, Pa
S = individual fromM population
U = uniform random number
x = initialized variable
y = offspring
� = angle of attack, deg
� = ratio of specific heats, Cp=Cv
�x = wall shear stress

Subscripts

i = variable number
j = constraints
k = objectives
n = coefficient numbers
1 = freestream conditions

I. Introduction

C ONSIDERABLE effort is being invested worldwide in the
development of hypersonic airbreathers. Several nations

throughout North America, Europe, and the Asia–Pacific region are
actively pursuing this technology by using complementary ground-
test (experimental and numerical) and flight-test programs. Most of
the work so far has necessarily focused on studies of fundamental
phenomena using simple configurations. Operational scramjet-
powered vehicles will, however, walk a fine line between efficient
thrust production and very high drag levels, and this will be achieved
only by combining the fundamental concepts in potentially complex
3D configurations. Optimal designs may fall within extremely
localized ranges of parameter/geometry variations, may thus easily
be missed in a manual top-down design process, and may represent
too great a risk if forced to operate off-design. Methods for using
fundamental knowledge to generate these optimal designs are
required. This is achievable by coupling the science of
multidisciplinary design optimization (MDO) to appropriately
validated computational fluid dynamics (CFD) simulations of the
vehicle flowfields. However, the road to such a capability is best trod
step by step, beginning with noncombusting axisymmetric laminar
flowfields and working toward 3D turbulent combusting scramjet
flowpaths. In this way, the coupling of the CFD and MDO
approaches can itself be studied and optimized for computationally
tractable cases before attempting themore complex cases. This paper
presents such a study for the example of the shape optimization of the
nose cone for a rocket-launched ballistic-trajectory hypersonic flight
experiment. In particular, it presents the first application to
hypersonic vehicle shape optimization of a reduced parametric
section (PARSEC) approach to shape definition [1], the use of
evolutionary algorithms (EAs) for the optimization process, and the
use of surrogate-assisted EAs to reduce the computational cost of the
optimization.

Rocket-launched hypersonic flight experiments are rapidly
becoming established as a proven cost-effective method for
conducting atmospheric flight tests. The HyShot series of flight
experiments are an important example of these tests [2,3]. These
experiments employ sounding rockets with near-vertical launch
angles to boost the experiment into a ballistic trajectory. The
trajectory is chosen so that the experiment takes place at the desired
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hypersonic Mach number over a range of altitudes (and hence
dynamic pressures and Reynolds numbers) on the descent part of the
flight. The experiment sits inside a nose cone to protect it from
structural and thermal loads during the ascent through the dense parts
of the atmosphere. The nose cone is ejected in the upper parts of the
atmosphere. The shape of the nose cone has a significant effect on the
drag of the vehicle, and hence its trajectory, and is typically a blunted
standard ogive. Figure 1 shows a photograph of the standard 3:1
ogive nose cone employed on the HyShot III launch. The overall
length of the nose cone is 1.118 m, and the base radius is 0.1785 m.
Of particular importance to the present work is the tip region of the
nose cone, shown in Fig. 2. It is spherically blunted, with a radius of
0.005 m.

The two nominal ascent-trajectory points considered here are
detailed in Table 1 andwere chosen somewhat arbitrarily to provide a
significant range in both Mach number and Reynolds number. The
Reynolds number is based on the length of the nose cone, 1.118 m.

This paper presents a novel approach for shape optimization,
applied here to nose cones. To summarize, a reduced PARSEC
shape-definition scheme is adopted for the nose-cone shape
representation, and an EA is coupled with CFD simulations to find
the nose-cone shape with minimal aerodynamic drag force. The
problem solved here is thus a single-objective problem, with the
objective function being the drag, but the method presented has the
flexibility to solve multiobjective problems with constraints more
easily than with commonly adopted gradient-based schemes. The
shape-representation scheme relies on the nose-cone radius, nose
length, gradient of the nose-cone contour at its base, and the base
radius as inputs. These parameters have an advantage over those
employed by other shape-representation schemes [for example,
bezier, B-spline, or nonuniform rational B-spline (NURBS) control
points], in that they can be understood to have direct physical
influence on the drag. The paper shows results for the reduction of

drag at flight Mach numbers 3 and 8 relative to the predicted drag of
the actual nose cone used for the HyShot flights [2]. Computation of
the drag for the optimum Mach 3 shape at Mach 8 and vice versa
highlights the robustness of the designs evolved using such an
approach. Furthermore, to reduce the computational time for the
process of shape optimization, a surrogate-assisted-optimization
approach is introduced. This involves training a radial-basis-function
(RBF) network with a collection of CFD-generated snapshots, in
which each snapshot is the total drag computed for an arbitrary shape
selected using a design-of-experiments approach. This surrogate
approximation for the behavior of the nose-cone drag with respect to
surface contour is then used in place of many of the required CFD
simulations in the EA optimization. The results achieved represent
good levels of drag reduction, compared with the fully coupled EA/
CFD approach, and are significantly less computationally expensive.
A more intense robust-design exercise would be a straightforward
extension of the present work, inwhich the drag of any given shape is
optimized at many points along its flight trajectory using the
surrogate-assisted model, with each point serving to alter the part of
the trajectory that occurs after it.

II. Optimization

Shape optimization requires a suitable mesh generator and CFD
code to predict the flowfield of interest for a given geometry; a
suitable shape-representation technique so that the key features of the
shape can be accurately represented by a minimal number of
parameters, thus minimizing the number of variables to be
considered in the optimization; and a suitable optimization algorithm
so that the optimized shape is achievedwithminimal calls to theCFD
code. The particular shape-representation and optimization methods
employed here to meet these requirements are discussed after a brief
review of previous approaches. They are outlined to a sufficient level
of detail to enable the high-speed-vehicle optimization practitioner to
implement the approach. The details of the CFD method and mesh
generation are provided in Sec. III.

A. Previous Optimization Approaches

The optimization of high-speed-vehicle geometries has had a very
long history that precedesmodern numerical approaches. Newton [4]
employed calculus to choose the axisymmetric nose-cone shape, of
specified aspect ratio and at given freestream conditions, that has
minimum wave drag. His approach made many simplifying
assumptions that, surprisingly, result in reasonably accurate drag
predictions at hypersonic speeds. In the late 1950s, this was
recognized (see [5]) and applied to minimum-drag supersonic and
hypersonic nose-cone design {for example, Gonor (1960) [6]}. The
results are typically of the same order of accuracy as solutions to the
Euler equations [5]. Around the same time, nose-cone optimization
for minimum drag using the Euler equations was performed [7].

The application of optimization techniques to aerospace vehicles
in general dates back a little earlier, with Lighthill (1945) [8]
employing conformal mapping for the optimal design of two-
dimensional airfoils. In recent times, many approaches haven been
investigated for computationally efficient shape optimization
techniques for aerospace applications. These are briefly discussed
next. The reader is referred to the literature for the relevant details. In
terms of shape representation, the common types include PARSEC
representation [9,10], B-splines [11,12], beziers [13], and NURBS
[14]. These shape-representation schemes are coupled with a variety
of optimization methods such as genetic algorithms (GAs), EAs,
simulated annealing, gradient-based methods, and adjoint
formulations (based on control theory). In the context of airfoil
shape optimization, EAs [11], GAs [10], and hybrids [15] were used
for single-objective optimization, whereas multiobjective formula-
tions were solved using nondominated sorting GAs [13] and
multiobjective GAs [12]. PARSEC shape representation is
particularly attractive because the design variables (the nose-cone
radius, nose length, slope at the base and the base radius) have a direct
influence on drag, unlike the control points of beziers, B-splines, or
NURBS.

Fig. 1 The 3:1 standard ogive for the HyShot III flight.

Fig. 2 HyShot’s nose-cone tip.

Table 1 Flowfield conditions for Mach 3.02 and Mach 8.02

Flow parameters Value (Mach 3.02) Value (Mach 8.04)

Altitude, km 2.49 82
Angle of attack �, deg 0 0
Freestream Mach number 3.02 8.04
Freestream static pressure, Pa 74789 4.558
Freestream static temperature, K 271.965 217.16
Freestream density, kgm�3 0.95748 7:31e � 05
Freestream Reynolds number 62:465 � 106 15346
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Population-based, zero-order, elitist optimizationmethods such as
GAs and EAs are quite attractive for such classes of problems,
because they do not rely on continuity of the objective and constraint
functions or their gradients and are known to be effective for
nonlinear problems. However, both genetic- and evolutionary-
algorithm methods require a significant number of evaluations of
candidate designs before convergence. Furthermore, they require a
number of user inputs on crossover and mutation probabilities, types
of crossover, population, and generation details.

To reduce the computational time for such shape optimization
problems, reduced-order models are usually embedded within GAs
or EAs. Furthermore, for multipoint and robust-design problems,
surrogate assistance is necessary, because for every candidate
design, its performance over a range of operating points needs to be
computed, which adds to the computational cost. To provide some
examples, a multipoint nose shape optimization for a space launcher
was performed [16] using a surrogate-assisted-optimization model;
the design of robust missile geometries has recently been reported
using Pareto-optimal genetic algorithms [17], and EAs were
embedded with artificial neural network models for the optimization
of a fixed-wing reusable launch vehicle [18]. However, GA and EAs
in their native form are not capable of handling constraint functions.
Furthermore, for multiobjective problems, such algorithms deliver a
set of nondominated solutions and consider diversity solely in the
objective space. This in turn eliminates the possibility of the
existence of solutions that are different in the variable space and yet
close in the objective space.

Gradient-based optimization methods have had limited success
for such problems, because they become computationally expensive,
due to gradient computations for problems with a large number of
variables. Furthermore, because they are point-improvement
algorithms, the entire set of Pareto-optimal solutions cannot be
generated, unlike population-based approaches such as GAs and
EAs. The presence of constraints is also known to influence the
performance, due to inherent problems with penalty-function
methods.

B. Overview of the Approach Employed Here

In this paper, we describe an evolutionary algorithm that has been
used elsewhere [19] but is applied to hypersonic problems for thefirst
time here. It is similar to the nondominated sorting genetic algorithm
NSGA-II [20] but has explicit means to maintain variable diversity.
The nose-cone shape is represented using a reduced PARSEC
formulation that was found to provide better control for shape
optimization of airfoils [1]. ANSYS CFX is used as the core CFD
solver, which was extensively validated for low- and high-speed
applications. As for the surrogate-assisted-optimization model, a
radial-basis-function model was created using the points from an
orthogonal array that was then used in lieu of CFD computations
within EAs. The test cases include a single-point optimum shape
design atMach 3 andMach 8 at the sameflight conditions asHyShot,
with constraints being a minimum nose-cone-tip radius and a fixed
nose-cone length and base radius identical to HyShot. These
constraints were imposed because the emphasis here is on drag
reduction via shape optimization, rather than by simply making the
cone longer and sharper. The robustness of the single-point designs
are established by computing the performance of the optimum
Mach 3 shape atMach 8 and vice versa. The study reports significant
savings in drag reduction when compared with the existing HyShot
design and also highlights the benefits of a surrogate-assisted-
optimization approach for a more elaborate robust-design exercise.

A variety of nose-cone shape-representation schemes exist today
that use a different number of variables and different mathematical
functions linking the variables; however, an ideal shape-
representation scheme should possess the following features:

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

2) It should require a minimum number of variables for shape
definition, because large numbers of variables result in enormous
optimization problems.

3) The shape-representation scheme should avoid the generation
of sharp discontinuities in surface gradients.

4) The variables should be related to the aerodynamic performance
that is being optimized.

Once a shape-representation scheme is adopted, the number of
variables for the optimization problem isfixed. To use these variables
effectively in any optimization problem, the upper and lower bounds
of the variablesmust be assigned. Inverse shape-fitting employing an
initial guess (for example, the actual HyShot nose cone) can be used
to get an initial estimate of the variables, and an approximate
percentage can be used to decide the variable bounds. In this study,
the PARSEC [10] representation scheme is used to define the nose-
cone geometries, because it requires only four variables and allows
the possibility of better control over the shape during the course of
optimization. The details of PARSEC representation and the bounds
for its variables used in this work are presented next.

C. Details on the Approach Employed Here

1. PARSEC Shape Representation

Unlike common engineering design optimization problems in
which the number and nature of the variables are fixed, the number of
variables of a shape optimization problem are influenced by the
choice of the shape-representation scheme. The PARSEC [1]
representation is particularly attractive because it uses a small
number of design variables, all of which are related to some
properties of the shape. The variables here are the length and base
diameter of the nose cone, the tip radius, and the gradient of the
surface at the trailing edge. Our reduced PARSEC representation
then parametrizes the nose-cone surface using polynomials in
coordinates X and Z, as shown in Eq. (1), in which an are real
coefficients.

Z�
X4
n�1

anX
n�12 (1)

In the present work, we constrained all four variables to a length of
1.118 m, a base diameter of 357 mm, a tip radius of 5 mm, and a
trailing-edge gradient of 0. The optimization problem is then truly a
drag minimization due to shape optimization, rather than by, for
example, making the body longer and more slender. The
optimization process thus seeks the set of coefficients a1 to a4 that
specify the optimal shape. Constraints were placed on their bounds to
avoid complex (for example, wavy) shapes being produced. The
initial set was obtained using an inverse fit to the standard blunted
ogive used for the nose cone in the HyShot II flight test.

2. Evolutionary Algorithm

The particular evolutionary algorithm described here is
summarized in pseudocode in Algorithm 1 and follows the broad
steps of initialize, selection, crossover and mutation, ranking, and
reduction. These steps are detailed next.

Algorithm 1 Top level of the evolutionary algorithm

Require NG > 1 (number of generations)
RequireM> 0 (population size)
1) P1 � initialize� �
2) Evaluate (P1)
3) for i� 2 to N do
4) Rank (Pi�1)
5) repeat
6) p1; p2� select�Pi�1�
7) c1; c2� crossover�p1; p2�
8) Mutate (c1)
9) Mutate (c2)
10) Add c1, c2 to Ci�1
11) until Ci�1 hasM children
12) Evaluate �Ci�1;S�
13) Pi � reduce�Pi�1 � Ci�1�
14) end for
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A. Initialize. All the solutions to the nose-cone shape in the
population are initialized by individual variables (that is, individual
coefficients a1 and so on), as given in Eq. (2).

xi � xi � U �0; 1��xi � xi� 1 	 i 	 n (2)

where xi denotes the initialized coefficient, and U �0; 1� is a uniform
random number between 0 and 1.

B. Selection. The procedure for selection of parents is the same
as that of NSGA-II [20]. Two shuffled lists of individuals (1 toM) are
created. From each list, four individuals are chosen sequentially.
Two parents are chosen from these four individuals using the process
of binary tournament. Binary tournament between two individuals
x1 and x2 is performed as follows:

1) If x1 is feasible (satisfies all the constraints) and x2 is infeasible
(violates one or more constraints), x1 is selected.

2) If bothx1 andx2 are not feasible, the one having the least degree
of violation of the constraint that is violated to the greatest degree is
selected.

3) If bothx1 andx2 are feasible andx1 dominatesx2,x1 is selected
and vice versa.

4) If both x1 and x2 are feasible and none dominated the other, a
random selection is made between x1 and x2.

C. Crossover and Mutation. We used simulated binary
crossover for the real variables, as adapted in NSGA-II, to create two
children from a pair of parents. The offsprings y1 and y2 are created
from parents x1 and x2, as shown in Eq. (3) [21].

y1i � 0:5��1� �qi�x1i � �1 � �qi �x2i �
y2i � 0:5��1 � �qi�x1i � �1� �qi�x2i �

(3)

where �qi is calculated as

�qi �

8<
:
�2ui�1=�c�1 if ui 	 0:5�

1
2�1�ui�

�
1=�c�1

if ui > 0:5
(4)

where ui is the uniform random number in the range �0; 1�, and �c is
the user-defined parameter called distribution index for crossover.
The mutation operator used is the polynomial mutation operator
defined byDeb andAgrawal [21]. Each variable of y is obtained from
a corresponding variable of x, as given in Eq. (5) [21].

yi � xi � �xi � xi� ��i (5)

where ��i is calculated as

��i �
�
�2ri�1=��m�1� � 1 if ri < 0:5
1 � �2�1 � ri��1=��m�1� if ri 
 0:5

(6)

where ri is the uniform random number in the range �0; 1�, and �m is
the user-defined parameter called distribution index for mutation.

D. Ranking. Ranking of the solution involves ranking feasible
and infeasible solutions separately. Feasible solutions are first sorted
using the method of nondominated sorting to generate fronts of
nondominated solutions. Solutions within each front are ranked
based on the decreasing crowding distance. Infeasible solutions are
ranked based on increasing value of the maximum violated
constraint.

E. Reduction. The reduction procedure for retaining M
solutions for the next generation from a set of 2M solutions (parent
and offspring population) uses the ranks obtained from the ranking
procedure. This process, unlike NSGA-II, explicitly considers the
diversity of solutions in both the objective and the variable space, as
follows:

1) If the feasible solutions are more than M, M solutions are
selected in the order of nondominated fronts and decreasing
crowding distance in each front.

2) If the feasible solutions are less than or equal toM,
a) All the feasible solutions are selected in the order of

nondominated fronts and decreasing crowding distance in each
front.

b) Remaining solutions are selected from infeasible solutions in
the order of minimum value of maximum constraint violation.

3. Surrogate-Assisted Optimization

For realistic CFD/optimization problems, the most primitive
forms of EAs are often prohibitive because of the need to perform
CFD calculations for each shape generated in the process. To reduce
computational time for such an exercise, surrogate approximation
functions are generated from a selection ofCFD solutions and used to
replace many of the calls to the CFD solver. In the present work, the
surrogate approximation function is a representation of the nose-
cone drag as a function of the variables used to define the surface
shape. It was generated by considering a selection of CFD snapshots
(for example, 164 in the Mach 3 case), which were chosen with a
design-of-experiments approach. The surrogate model is then a one-
shot RBF neural network trained from these snapshots.

The surrogate-assisted optimization used here is a population-
based approach that starts with an initial set of population of
candidate solutions and evolves them over a number of generations
to finally arrive at a set of desired solutions. The algorithm performs
actual evaluations of objectives and constraints for all the members
of the initial population and periodically evaluates all themembers of

Fig. 3 Mesh around a) nose-cone tip and b) nose cone.

Table 2 Grid sensitivity statistics atM1 � 8:04

Grid x y Nodes Drag force, N

Grid 1 75 225 16875 6.156
Grid 2 150 450 67500 6.120
Grid 3 300 900 270000 6.118
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the population after every S generations. An external archive of the
unique solutions evaluated using actual analysis is maintained to
train the RBF model, which is then used in lieu of actual analysis for
the next S generations. To ensure the prediction accuracy of the RBF
surrogate model, a candidate solution is only approximated if at least
one candidate solution in the archive exists in the vicinity (based on a
user-defined distance threshold).

III. Computational Fluid Dynamics

A. Flowfield Simulations

The purpose of this paper is to demonstrate the reduction in drag
that is achievable through shape optimization employing the EA
already described and to demonstrate the savings in computational
time achieved by employing a surrogate-assisted approach. To this
end, the choice of CFD code is not critical; however, the code should
at least be suitable for the class of flows considered, which are
supersonic and hypersonic in this case. We have elected to use the
commercial CFD code ANSYS CFX [22], with which validation
work was performed for supersonic and hypersonic flow conditions
[23–25]. CFX is a fully implicit, conservative, finite volume,
Reynolds-averaged Navier–Stokes CFD code. Turbulence was
modeled using a k-!-based shear stress transport model, with an
assumption of 1% turbulent intensity in the inflow conditions. This
model was selected because it has demonstrated superior
performance for various validation cases [26,27]. The shear stress
transport model, like other eddy-viscosity models, exhibits laminar-
to-turbulent transition behavior: on a configuration such as aflat plate
or the nose cone investigated here, the eddy viscosity production is
initially small, and thus the boundary layer is initially laminar. As the
boundary layer develops, the eddy viscosity increases. If it exceeds
the viscosity, turbulence effectively starts and transition has
effectively occurred. This depends on the inflow conditions and for
low Reynolds numbers will require large flow lengths to occur. As
will be seen in the results presented in this paper, transition to
turbulence occurs just downstream of the tip region of the nose cone
for the low-altitude high Reynolds number M1 � 3:02 case,
whereas for the high-altitude low Reynolds number M1 � 8:04
case, transition does not occur at all. The complete set of partial
differential equations was solved using the additive-correction [28]
algebraic-multigrid accelerated incomplete-lower/upper factoriza-
tion technique.

The thermodynamics of the fluid were modeled by representing
the air as a thermally perfect single species. For all cases, the
adiabatic wall condition was employed. Temporal convergence was
assumed once the global rms values of the residuals of all the
equations have reduced by four orders of magnitude.

B. Grid Generation and Sensitivity

For grid generation, the commercial mesh generator ICEM-CFD
was used to automatically generate meshes for each shape variation.
A structured C-grid topology was used around the nose cone,
comprising 450 � 150 nodes in the chordwise and normal-to-surface
directions, respectively. The quality of the 2 � 2 � 2 determinant of
the mesh is assured to be more than 0.9 in every case. To adequately
resolve boundary layers and thus the contribution from viscous drag,
the first node distance is maintained at 1E � 6m from the wall. The
M1 � 3:02 and 8.04 cases have similar grids to those shown in
Fig. 3. The grid spacing is the same in both cases. ForM1 � 3:02,
the y� value for the first node from the wall varied from
approximately 2 at the nose to 16 at the trailing edge, whereas for
M1 � 8:04, the y� value varied from approximately 0.004 at the
nose to 0.011 at the trailing edge. In the latter case, the y� value is so
low because, as will be seen later, the boundary layer is so thick that it
merges with the bow shock. In both cases, the resolution of the
boundary layer is very good.

Grid sensitivity studies of the influence of the grid on the dragwere
performed on a particular nose cone that was obtained from an
inverse fit to the HyShot geometry, at both the Mach 3 and 8 flow
conditions. A grid-refinement factor of 2 was maintained for each
successive refinement, and a comparison for Mach 8 is presented in
Table 2. Here, x and y represent the number of grid points on the
normal-to-surface and chordwise directions, respectively. The
change in drag-force value between grid 2 and grid 3 was 0.03%. To
estimate the level of uncertainty in the simulated drag due to mesh
dependence, the grid convergence index (GCI) was computed for
changes in the drag between grids 1 and 2 and 2 and 3, following the
method recommended in [29]. For Mach 3, the analysis yields
GCI� 0:028% for the former and 0.007% for the latter. ForMach 8,
the analysis yieldsGCI� 0:042% for the former and 0.002% for the

Fig. 4 Optimized nose-cone shape representation for Mach 3: a) tip and b) entire body.

Fig. 5 Progress plot of Mach 3 optimization.

Table 3 Comparative drag results with HyShot for Mach 3

Nose Cone Inviscid drag, kN Viscous drag, kN Total drag, kN Total CD

HyShot 11.56 0.80 12.36 0.2601
Optimized shape 11.43 0.76 12.19 0.2565
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latter. In other words, the level of uncertainty due to mesh
dependence in the simulated drag by using grid 2 is less than 0.01%,
and therefore grid 2 was chosen for all the simulations in the
optimization studies.

IV. Results and Discussion

In the preceding manner, three collections of CFD simulations
were performed for eachflight condition: a simulation for the original
HyShot standard ogive/cylinder, to provide baseline data; a shape
optimization series of simulations in which the CFD code was called
to calculate the drag for every generation; and a surrogate-assisted

shape optimization series. The results of these are presented for each
Mach number. The performance of the optimized shapes at each
Mach number is computed and presented, to assess the off-design
performance (robustness) of the shapes.

A. M1 � 3:02

As described earlier, the original HyShot ascent geometry
consisted of a spherical 5-mm-radius nose followed by a standard
ogive/cylinder combination. This results in a particular flowfield that
is described next and that is fundamentally different from that of the
optimized shape. To assist the discussion that follows, Fig. 4

Fig. 7 Pressure contours of HyShot (lower) and optimized (upper) shapes at M1 � 3:02: a) nose-cone tip and b) nose cone.

Fig. 6 Mach Contours of HyShot (lower) and optimized (upper) shapes atM1 � 3:02: a) nose-cone tip and b) nose cone.

Fig. 8 Surface distribution on nose cone for Mach 3: a) pressure distribution and b) wall shear stress.
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compares the original shape (upper part of the figure) with the
optimized shape (non-surrogate-assisted). The comparison is
striking. The original shape has a discontinuous curvature of the
contour at the end of the spherical cap. In comparison, for a lower
drag and for the same overall length and base radius, the optimized
shape has continuous curvature throughout and is less slender than
the original shape near the nose.

The EA optimization process employed here was taken to eight
generations, involving 200 individual CFD simulations, and the
progress of this process with regard to absolute drag force is plotted
in Fig. 5. The figure indicates that the first generation of shapes has
produced the most reduction in drag. By taking the process to eight
generations, more reduction is achieved, and the figure suggests that
further reduction is possible with further iterations of the process
(with increased computational expense, of course). Table 3 provides
the quantitative drag-reduction results. At this Mach number, the
standard shape has a drag coefficient (with respect to the base area) of
0.2601, of which 6.5% is composed of viscous drag. The shape
optimization process generated a surface contour with a drag
coefficient of 0.2565 (a reduction of 1.39%).

To understand how this drag reduction was achieved and why the
optimized shape that achieves this reduction is less slender, consider
theMach number and static pressure comparisons for the two shapes
that are presented in Figs. 6 and 7 and the surface pressure and surface
shear stress distribution comparisons in Fig. 8. The key to the drag
reduction is the nose region. In the standard shape, with the
discontinuous change from a spherical tip to the ogive, that change in
surface gradient initially expands the flow further than the optimized
shape, but overexpands it. A relatively strong compression then
corrects this situation, with the result that the local surface pressure is
higher for the standard shape than the optimized shape downstream
of the discontinuity, over a considerable distance. The effect of this
away from the surface is evident in Figs. 6 and 7. Thewall shear stress
for the standard shape shows an initial rapid decrease along the body,
followed quickly by a rise due to transition to turbulence. This was
observed to occur at the streamwise location (x=L of approximately
0.06), for which the turbulent kinetic energy rises suddenly. The
optimized shape is contoured such that the flow does not expand too
quickly, and the pressure field both on and off the surface is better-
behaved, with lower overall pressure and lower integrated inviscid

Table 4 Comparative study between CFD and surrogate-assisted optimization for Mach 3

Model Inviscid drag,
kN

Viscous drag,
kN

Total drag,
kN

Total
CD

Inviscid drag
reduction, %

Viscous drag
reduction, %

Total drag
reduction, %

HyShot 11.56 0.80 12.36 0.2601 —— —— ——

CFD optimization 11.43 0.76 12.19 0.2565 1.13 5.26 1.39
Surrogate-assisted
optimization

11.45 0.76 12.21 0.2569 0.87 5.26 1.21

Fig. 10 Pressure contours of HyShot at M1 � 8:04: a) tip and b) entire body.

Fig. 9 Mach contours of HyShot atM1 � 8:04: a) tip and b) entire body.
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drag, as a result. The effect on the wall shear stress is even more
pronounced, as shown in Fig. 8b. The rise in turbulent kinetic energy
at transition for the optimized case is delayed until further
downstream (x=L of approximately 0.15), and the wall shear stress
no longer rises at transition, but rather slows its rate of decay. As a
result, the optimization process had a greater effect on the viscous
drag than on the inviscid drag. This is summarized in Table 4: the
shape optimization has decreased the inviscid drag (the dominant
drag component) by 1.13%, and the viscous drag was reduced by
5.26%.

The shape generated by the surrogate-assisted-optimization
process is very similar to the preceding result and is not shown here.
However, Table 4 shows that the surrogate-assisted shape represents
an overall drag reduction from the standard shape of 1.21%, with the
greatest effect again for the viscous drag. This is almost as good
(87%) as the non-surrogate-assisted reduction andwas achievedwith
only 164 CFD calls (an 18% saving in computational expense). This
illustrates the power of the approach described here: the drag savings
for the case considered here are modest (but still significant), but the
potential for achieving these reductions with significant reduction in
computational expense via the surrogate-assisted approach is large.
This opens up the possibility for the optimization of more complex
configurations that would otherwise be too expensive to consider
attempting.

B. M1 � 8:04

Following an identical procedure, the Mach 8 trajectory point has
also been considered here. The results are qualitatively similar to the
Mach 3 results, as will be seen next. However, the nature of the
flowfields involved are fundamentally different. Figure 9 compares
Mach number contours for the standard and optimized shapes, and
Fig. 10 gives the pressure-contour comparison. The optimized shape
is shown in Fig. 11 and is similar to the Mach 3 case, avoiding
discontinuous changes in curvature. Figure 12 plots the optimization
progress and suggests that the shape arrived at would not be
significantly improved with further generation iterations. The actual
flow-parameter-contour distributions are not typical of those usually
encountered for supersonic/hypersonic flow; for example, there is no
distinct subsonic region completely filling the space between the
nose and the normal part of the bow shock, followed by expansion to
supersonic flow. Instead, a large subsonic layer follows the nose-
cone contour from tip to tail.

The reason for this large subsonic layer is the very low density at
the altitude considered for this case. Viscous effects dominate the
flow to the extent that over much of the region simulated, the bow
shock and boundary layer are fully merged. Furthermore, inspection
of the distribution of turbulent kinetic energy along the body (not
shown here) indicates that transition has not occurred for this low
Reynolds number case. This was confirmed with a separate fully
laminar (that is, with no turbulence model employed) calculation,
and the two results agreed extremely well: the difference in viscous
drag between the turbulent and fully laminar calculationswas 0.03%.
As a result, the distribution of wall shear stress shown in Figure 13b
does not display the structure associated with transition that was the
case for the Mach 3 results. Figure 14 gives Knudsen number
contours for the standard shape case and suggests that because much
of the flowfield has values of the order of 1, that molecular collision
mean free paths are not small relative to the scale of the nose cone and
that rarefaction effects are likely to be important. CFX is a continuum
code, and so the actual quantitative data presented here should be
treated with some caution. To provide an independent check on the
results without resorting to direct simulation Monte Carlo methods,
we repeated this calculation with a completely different code, the
density-based continuum code CFD�� [30]. The results from that

Fig. 11 Optimized nose-cone shape representation for Mach 8: a) tip and b) entire body.

Fig. 12 Progress plot of Mach 8 optimization.

Fig. 13 Surface distribution on nose cone at Mach 8: a) pressure distribution and b) wall shear.
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calculation were in good agreement with the CFX simulation here
and yielded a drag within 1.7% of the CFX value. This gives some
confidence in the presentMach 8 results. However, even if they are in
error due to low-density effects, the error is systematic and the
phenomena present in this case provide an opportunity to further test
the optimization procedure and to assess the robustness of the
optimized shape.

Tables 5 and 6 summarize theMach 8 results.More than half of the
drag is due to viscous effects, and the overall drag coefficient is 20%
higher than in the Mach 3 case. The viscous effects have had a
damping effect on the overexpansion/compression effect of the
standard geometry, so that the surface pressure and shear stress
distribution comparisons (Fig. 13) for each shape are more similar
than for the higher-density Mach 3 case. The levels of reduction in
inviscid and viscous drag are similar for the Mach 8 case.

For this case, the surrogate-assisted process has also resulted in
drag reduction, but not as successfully as the non-surrogate-assisted
approach. However, the reduction in computational expense is again

significant, with the number of calls to the CFD solver reduced from
200 to 178 (a reduction of 11%).

C. Off-Design Performance (Robustness) of the Optimized Shapes

In the preceding results, nose-cone shapes were independently
optimized for theMach 3 andMach 8 conditions. Although requiring
considerably greater computational expense, it is a simple matter to
extend that process to arrive at a robust shape that achieves the
optimum drag-coefficient reduction over the entire Mach number
range considered. The absolute drag force, on the other hand, is
dominated for a HyShot-like ascent trajectory by the lower altitudes,
despite their lower Mach numbers, and so the best design for the
entire ascent is likely to be the low-altitude design.On the other hand,
acceleration in a flatter trajectory would elevate the importance of a
robust-design optimization. Again, this is a simple extension of the
current approach.

To assess the robustness achieved here with regard to the drag
coefficient, CFD simulations were produced for the Mach 3
optimized shape at the Mach 8 condition and vice versa. The results
are presented in Table 7 and show that the off-design shape performs
nearly as well as the on-design shape at the relevant flight condition.
In other words, irrespective of the Mach number and irrespective of
the importance of viscous effects, by improving the surface contour
so that curvature discontinuities are removed, significant drag
reduction can be achieved. The case considered here is relatively
simple: more significant improvements in aerodynamic efficiency,
accompanied by reduced computational expense due to the
implementation of surrogate assistance, would be expected for more
complex configurations.

V. Conclusions

The major conclusions from the study can be summarized as
follows. First, a PARSEC shape-representation scheme was
introduced in the context of hypersonic vehicles (specifically,
hypersonic nose cones). This provided adequate flexibility when
compared with other shape representations commonly adopted for
nose-cone shape representation. This shape representation required
the use of only four geometric variables: the overall length, overall
base radius, nose-tip radius, and trailing-edge gradient. The

Table 6 Comparative study between CFD and surrogate-assisted optimization (SAO) for Mach 8

Model Inviscid drag,
N

Viscous drag,
N

Total drag,
N

Total
CD

Inviscid drag reduction,
%

Viscous drag
reduction, %

Total drag
reduction, %

HyShot 2.579 3.582 6.161 0.3001 —— —— ——

CFD optimization 2.524 3.516 6.040 0.2942 2.17 1.87 1.96
Surrogate-assisted
optimization

2.570 3.542 6.112 0.2977 0.35 1.12 0.80

Table 5 Comparative study with HyShot for Mach 8

Nose Cone Inviscid drag, N Viscous drag, N Total drag, N Total CD

HyShot 2.579 3.582 6.161 0.3001
Optimized shape 2.524 3.516 6.040 0.2942

Fig. 14 Knudsen number for Mach 8 flow conditions.

Table 7 Comparative study between the HyShot and optimized shape design variables

for Mach 8 and Mach 3

Nose cone Freestream Mach number CD Drag reduction, %

HyShot 3.02 0:2601 ——

Best shape (M1 � 3:02) 3.02 0.2565 1.39
Best shape (M1 � 8:04) 3.02 0.2571 1.13
Hyshot 8.04 0:3001 ——

Best shape (M1 � 8:04) 8.04 0.2942 1.96
Best shape (M1 � 3:02) 8.04 0.2945 1.86
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particular shape of the surface was then specified with a polynomial
expansion, and the optimization sought the values of the coefficients
in the expansion. In this study, the length and radius were fixed, so
that the drag reduction was performed on the basis of shape only.
Second, using our EA implementation, drag reductions of 1.39 and
1.96%due to shape optimization atMach 3 (low altitude) andMach 8
(high altitude), respectively, were achieved relative to the original
HyShot nose cone. The Mach 3 flowfield was inviscid-dominated,
whereas the high-altitude Mach 8 flowfield was viscous-dominated.
Third, our surrogate-assisted method, using a one-shot radial-basis-
function network trained from design-of-experiments-selected CFD
snapshots of the flow, achieved nearly the same drag reduction as the
non-surrogate-assisted approach, particularly at Mach 3, with the
advantage of significant savings in computational expense. This is
expected to yield improvements in design efficiencies (aerodynamic
performance compared with computational expense) for complex
geometries. Finally, for the present case, the improvement in shape
by removing curvature discontinuities leads to a robust design with
respect to both altitude and Mach number. Extension of the present
algorithm to full robust-design optimization is a trivial process.
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